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 A B S T R A C T

The control of semi-batch reactors is a challenging task due to the fact that these systems are non-stationary 
and often non-linear. Thermal runaway may also occur without strict operator supervision and rigorous control 
systems, which can lead to critical safety incidents. Reinforcement learning (RL) can offer a solution to the 
mentioned issues for autonomous process control by handling non-linearities and learning the uncertainties 
of the process. We applied Twin Delayed Deep Deterministic Policy Gradient (TD3) agents with different 
penalty weight factors in the reward function and compared their control performance on a reactor case study. 
Assessment of a thermal runaway criterion was included in the training of the agents to make them aware of 
potential future operating conditions and to ensure safe and stable process behavior. The proposed approach 
shows that applying RL for non-continuous systems is promising due to the observed flexibility and ease of 
setting up the system.
1. Introduction

In the case of highly exothermic reactions, the increase of the 
reaction rate can become large enough that the control structure cannot 
compensate the temperature change. It can lead to thermal runaway of 
the reactor that can result the loss of raw materials, process equipment, 
or in extreme cases, personal life (Dakkoune et al., 2019). In semi-batch 
reactors (SBRs), thermal runaway can be prevented by controlling the 
reagent feeding rate (Westerterp and Molga, 2006) or by changing 
the flow rate of the reactor jacket during the entirety of the reactor 
operation (Kummer and Varga, 2021). In our work, we designed a 
reinforcement learning based control agent that is tasked with the tem-
perature control of a semi-batch reactor. During training, the agent was 
made aware of a runaway criterion metric, and we have investigated 
the effect of the dominance of this metric in the reward function.

When designing a controller for a semi-batch reactor, the task is 
to create a control system that maintains a high production efficiency 
while also operating the reactor system safely (Yang et al., 2024). The 
approaches to solving this can range from modified PID algorithms 
to model predictive controllers and data-based solutions based on 
machine learning algorithms.

Reactor runaway is one of the major risks associated with highly 
exothermic reactions, therefore, the design of protection systems is crit-
ical, particularly for handling emergency situations caused by sudden 
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technical failures. In reducing the risks related to runaway reactions, 
a layered protection strategy is required. The first priority is to imple-
ment measures that prevent the runaway. If a runaway occurs despite 
these measures, preventive actions should be available to stop or limit 
its development. As a final layer of protection, emergency measures 
should mitigate the consequences of a runaway that can no longer be 
avoided. In the process industries, safety has traditionally been ensured 
through dedicated protection layers, most notably safety instrumented 
systems (SIS), which are designed according to standards such as IEC 
61511. These systems are intended to achieve or maintain a safe state of 
the process, but they typically operate as independent protection layers 
rather than as performance-oriented control systems (Stoessel, 2021).

The first layer of protection is the process itself, meaning that the 
reactor and operating conditions should be designed in such a way 
that runaway is inherently unlikely to occur. In practice, this includes 
measures such as limiting reactant accumulation, reducing the energy 
release potential of the reaction, and applying inherently safer design 
principles such as substitution, attenuation, and process intensification. 
Thus, before introducing additional protective or emergency layers, 
the process design and control strategy should already contribute to 
reducing runaway risk at its source (Stoessel, 2021).

To bridge the gap between safety and control, increasing attention 
has been devoted to integrating safety-related information directly into 
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the control layer. In particular, process operational safety has been 
addressed through model predictive control (MPC) formulations that 
incorporate safety metrics, or safety indices into the control design, for 
example, a Safeness-Index-based MPC defines a safe operating region 
explicitly within the controller (Zhang et al., 2019). These approaches 
are closely related to safety-constrained control strategies, where unsafe 
operating regions are avoided by design through explicit constraints 
or safety-oriented optimization criteria. In the context of chemical 
reactors, this has included MPC formulations that integrate runaway 
criteria to prevent thermal runaway while maintaining acceptable per-
formance. Semi-batch reactor case studies demonstrated that thermal 
runaway criteria can be incorporated directly into NMPC formulations 
for safe operation (Kummer et al., 2020).

Intelligent control represents the use of artificial intelligence and 
machine learning methods (Kavitha, 2019), where systems are capable 
of learning from signals received from their environments, so they are 
able to upgrade themselves to perform better in control tasks. The 
control agent then uses the signals to make more informed control 
decisions compared to standard control methods (Hangos et al., 2001).

One method of creating a machine learning based controller is to 
use reinforcement learning (RL), which is a modern research direction. 
The basis of the RL algorithm is a rewarding system. It requires an 
agent that learns to map states to actions and an environment with 
which it interacts through actions. The learning process is determined 
by the states of the environment, the actions taken by the agent, and 
a reward that is based on the action of the agent and its effect on 
the environment. This control method needs a plan to follow when 
assigning an action to a given state, which is generally called a policy, 
and the objective of model training is to generate the best possible 
policy for the task (Barto, 2021). In the case of process control, both the 
state and action spaces are often continuous, which requires additional 
considerations compared to discrete RL methods.

The basis of most modern RL applications is Deep Q-Networks 
(DQNs). These by themselves are neural nets with discrete outputs, 
however, they have found use in process control. A DQN with Long 
Short-Term Memory (LSTM) net was applied to the control of a divided 
wall column. The net was trained offline and was compared to a con-
tinuous method, where DQN showed better control capabilities (Park 
et al., 2025). However, the performance of a continuous method was 
found to be better compared to DQN when the model of a bioreactor 
was available in Rajasekhar et al. (2024). These show that it is not 
always clear whether a process control task requires discrete or contin-
uous action space, yet since we had a model of the process available, 
we choose to use a continuous method. As such, our research reviewed 
and applied a modern training method, namely the Twin Delayed Deep 
Deterministic Policy Gradient (TD3) algorithm.

TD3 is an improved algorithm based on the Deep Deterministic 
Policy Gradient (DDPG) algorithm, containing small albeit significant 
changes. Despite the existence of TD3, both algorithms have been 
applied independently in many different case studies. DDPG was ap-
plied to control a continuously stirred tank reactor (Panjapornpon 
et al., 2022) and a polymerization reactor (Ma et al., 2019; Yoo 
et al., 2021), and compared to a tuned PI controller, where the set-
points are reached faster with the RL algorithm. A model predictive 
controller was also compared to DDPG for an anaerobic digestion 
reactor (Mendiola-Rodriguez and Ricardez-Sandoval, 2022), in an elec-
trowinning process (Shi et al., 2020), and in a reactor and a simulation 
of an industrial heat recovery system (Lin et al., 2023), and in each 
case the DDPG provided better results. A cascade control structure was 
designed using PID and DDPG based RL controllers for temperature 
control in a polyethylene producing fluidized bed reactor, where the 
use of RL improved the speed of setpoint change (Hong et al., 2024).

Multiple PID configurations along with DDPG and unmodified TD3 
were compared to an improved TD3 for the control of an electrolysis 
reactor, where the proposed algorithm outperformed the other tested 
methods to maintain temperatures at setpoints (Ma et al., 2024). TD3 
2 
algorithm with two actors was tested in two batch processes, where 
the proposed algorithm was compared with other RL algorithms (DQN, 
DDPG, TD3) and was shown to be better at precise control of reactor 
temperature (Joshi et al., 2021). A TD3 based controller was utilized 
for the control of a polymerization reactor (Ballard et al., 2024), and 
a modified TD3 algorithm was used as a voltage controller in a solid 
oxide fuel cell and compared with multiple RL algorithms (Li et al., 
2021). Two TD3 based control agents were used for the control of a 
distillation column model with strong loop interaction. Two different 
control strategies were tested and compared, and the two agents that 
had a common reward function provided better control than when each 
had its own reward function (Yifei and Lakshminarayanan, 2023).

The motivation for our work is to investigate the capabilities of 
RL-based control to operate SBRs when combined with safety consid-
erations. The proposed control method uses an RL agent on an SBR 
that carries out exothermic reactions, for the feeding phase of the 
operation. The reactor model includes the selected runaway criterion, 
and the trained agent is only aware of this criterion through its reward 
structure. We trained multiple RL agents with different penalty weight 
factors in the reward function and tested and compared them in their 
ability to reach and maintain the temperature setpoint while avoiding 
a potential runaway. The weight of the quantified runaway criterion 
was varied over a wide magnitude range to analyze the sensitivity of 
the agent to its dominance in the reward function. We carried out 
additional controller tests to check what would happen in case of a 
coolant failure when the agent was trained using different criterion 
weighting parameters. The novelty of our work is the following.

• Developing a reinforcement learning-based controller for safe 
semi-batch reactor operation, where the RL agent can prevent the 
reactor runaway.

• Integrating a modern thermal runaway criterion, namely Modi-
fied Dynamic Condition with RL-based controller to enhance the 
safe operation of SBRs.

• Comparing the impact of different penalty factors in the re-
ward function of a reinforcement learning algorithm for process 
control.

• Handling and quantifying the impact of uncertain and non
-observable states for RL-based semi-batch reactor operation.

2. Methodology

Reinforcement learning is a suitable approach for decision making 
in chemical process control, where control actions must be continuously 
selected under dynamic conditions. Classic controllers, such as PID 
or MPC may have difficulties with non-linearities, uncertainties, or 
time-varying dynamics, making reinforcement learning a promising 
alternative control method (Yoo et al., 2021). In particular, although 
MPC is a well-established method for reactor temperature regulation, 
its performance depends on the availability of an accurate process 
model and on the proper selection of tuning parameters, such as the 
prediction horizon. In highly nonlinear and time-varying semi-batch re-
actors, model-plant mismatch and horizon selection may influence the 
controller’s ability to anticipate unsafe operating conditions (Kummer 
et al., 2020).

Reinforcement learning provides an alternative framework in which 
the control policy is learned directly from system interactions, thereby 
reducing the dependence on an accurate process model. Moreover, 
unlike MPC, which requires repeated online optimization, RL performs 
most of the computational effort offline during training. As a result, the 
learned policy can be evaluated rapidly online, which is advantageous 
when fast control actions are required (Nian et al., 2020). In addition, 
thermal runaway criteria can be incorporated directly into the reward 
function. Therefore, the use of RL in this work is motivated not only by 
its reduced reliance on accurate process models and its ability to handle 
nonlinear, time-varying, and partially observable reactor dynamics, but 
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Fig. 1. Reinforcement learning for chemical process control to prevent reactor runaway.
also by its capability to embed the runaway criterion directly into 
the learning objective. This enables the controller to learn an explicit 
performance-safety trade-off from interaction, rather than addressing 
safety solely through model-based online optimization.

Fig.  1 shows the methodology of our work in a reinforcement learn-
ing framework, where the agent observes the state, selects an action, 
receives a reward, and transitions to a new state. The environment is 
the chemical process, in our case a semi-batch reactor. The state is 
defined by key process and control system variables, including reactor 
and jacket temperatures (𝑇𝑅, 𝑇𝐽 ), setpoint (𝑆𝑃 ), concentrations (𝑐𝑖), 
manipulated variable (𝑂𝑃 ), and control errors (𝑒𝑡, 𝑒𝑡−𝑠). Based on these 
states, the agent selects an action by adjusting the valve position. 
The reward provides a positive term when the reactor temperature 
is close to the setpoint, and includes a continuous penalty based on 
the Modified Dynamic Condition (MDC) runaway criterion. When the 
criterion becomes positive, the agent operates above the critical curve, 
and the thermal runaway is possible. In this case, the reward contains 
a penalty weight factor that motivates the agent to learn to avoid the 
runaway zone and maintain safe operation.

In this work, we tested the TD3 algorithm as the RL agent that 
controls the reagent feed valve, and compared its performance with 
DDPG, and NMPC. TD3 is considered an appropriate algorithm between 
robustness, continuous control capability, and implementation simplic-
ity for investigating the effect of the MDC-based reward formulation 
on runaway-aware reactor control. The manipulated variable is con-
tinuous, which makes actor–critic algorithms designed for continuous 
control particularly suitable. Compared to DDPG, TD3 improves train-
ing stability and reduces overestimation bias through clipped double 
critics (Fujimoto et al., 2018). PPO (Proximal Policy Optimization) 
is typically less sample-efficient than TD3 because it is an on-policy 
method and requires more training data (Yu et al., 2022), which is 
disadvantageous given the simulation time available in this work. SAC 
is effective in stochastic environments and long-term planning tasks, 
but it encourages stronger exploration through entropy maximization, 
which introduces additional variability in the control actions (Haarnoja 
et al., 2018). In a safety reactor control problem, where stable and pre-
dictable actuator behavior is preferred, this stronger exploration may 
3 
be less desirable. Model-based reinforcement learning is also a relevant 
alternative, since it can improve sample efficiency, but its application 
requires learning or specifying an environment model, which increases 
modeling and implementation complexity (Moerland et al., 2023).

2.1. Description of the training algorithm

In our work, we applied the DDPG algorithm, and its improvement, 
the TD3 algorithm. The following section aims to provide a brief 
mathematical description of DDPG first in Section 2.1.1 and by building 
on these basics show the improvements of TD3 in Section 2.1.2.

2.1.1. DDPG algorithm
DDPG is a deterministic method that uses an actor–critic structure, 

the actor learning the policy while the critic learns the reward function. 
Both actor and the critic are updated in each episode, but are also 
assigned a copy of themselves called target networks. The actor target 
network provides the action approximations (𝜇′) for the calculation of 
the critic target Q-values (𝑄′). The critic target network provides the 
approximated baseline to which the critic Q-network (𝑄) is optimized, 
as shown in Eq. (1): 

𝐿 = 1
𝑁

∑

𝑖

(

𝑟𝑖 + 𝛾𝑄′(𝑠𝑖+1, 𝜇′(𝑠𝑖+1|𝜃𝜇
′
)|𝜃𝑄

′
) −𝑄

(

𝑠𝑖, 𝑎𝑖|𝜃
𝑄)

)2
(1)

where 𝑁 is the number of samples used for optimization and 𝑟𝑖 is the 
reward received for taking action 𝑎𝑖 at state 𝑠𝑖 at time 𝑖. 𝜃𝜇

′ , 𝜃𝑄′  and 
𝜃𝑄 are the collections of weight parameters of the action target, the 
critic target and critic networks, and 𝛾 is the discount factor. Following 
the optimization of the Q-network, the critic provides the gradients 
(∇𝐽 (𝜃𝜇)) for the optimization of the actor network in Eq. (2): 

∇𝐽 (𝜃𝜇) ≈ 1
𝑁

∑

𝑖
∇𝜃𝜇𝑄(𝑠𝑖, 𝜇(𝑠𝑖|𝜃𝜇)|𝜃𝑄) (2)

After the optimizations of the actor and critic networks, the target 
networks are ‘‘soft updated’’, meaning only fractions of the optimized 
network values are used to change the weights of the neural network. 
In this way a stable target is provided for the training while also 
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Fig. 2. Structure of the TD3 training algorithm. The actor network selects actions based on the current state. The resulting transitions (state, action, reward, 
new state) are stored in the replay buffer, from which minibatches are randomly sampled to train the networks. The critic networks estimate the Q-values of the 
state–action pairs and are updated by minimizing the loss defined in Eq. (5). The actor network is updated using the deterministic policy gradient described in 
Eq. (2). The target actor and critic networks are softly updated according to Eq. (3), such that their weights are gradually shifted toward the updated actor and 
critic weights, thereby improving training stability.
converging to the optimum solution. The method in Eq. (3) describes 
how the ‘‘soft update’’ happens in practice. 

𝜃′ ← 𝜏𝜃 + (1 − 𝜏)𝜃′ (3)

where 𝜃′ are the weight parameters of the target networks and 𝜏 is the 
weight parameter. As a deterministic policy would always choose the 
greedy action in any given state, exploration happens by adding a noise 
( ) to the action of the actor network, shown in Eq. (4): 

𝜇′(𝑠𝑡) = 𝜇(𝑠𝑡|𝜃
𝜇
𝑡 ) + (4)

where   can be an Ornstein–Uhlenbeck process, for example.
Many modern RL methods also make use of a memory buffer, which 

is a fixed size storage for previously done actions. It contains the 
(𝑠𝑡, 𝑎𝑡, 𝑠𝑡+1, 𝑟𝑡) tuples, and when the agent is trained, these tuples are 
randomly sampled and used in the network improvement equations 
described above. This is done, so the agent learns from discrete samples 
that have no temporal correlations, making learning more stable. The 
memory buffer is sampled in batches, and both the memory size and 
batch size being potential hyperparameters during training.

2.1.2. TD3 algorithm
It has been shown that DDPG can overestimate the Q values (Fuji-

moto et al., 2018), which can lead to the training of the actor to use 
overestimated actions, thus propagating the estimation bias. Another 
issue that can arise is that for every estimation made by the value 
function, it uses the subsequent state estimate, which leads to an error 
accumulating. This accumulation leads to the value function estimat-
ing the expected return minus the accumulated and discounted error 
instead of the estimated return, and this leads to overestimation.

Several modifications have been made to solve the mentioned is-
sues, the first being the use of a pair of critic networks and clipping of 
the value function. This leads to underestimation, but that is preferred 
to overestimation as it cannot propagate with policy updates, as the 
low value estimates can be avoided by the policy. The second addition 
is the delay of the actor updates until the value network is stabilized, 
preventing the overestimation of a non-optimal policy and then prop-
agating the error. Another issue solved by TD3 is that deterministic 
policy methods are sensitive to errors of the function approximation 
because these increase the variance of the target. The used solution was 
to smooth out the value of the target policy by using an area around 
the target action for value estimation, which means similar state–action 
4 
values are used, thus preventing the algorithm from fitting to narrow 
peaks in value (Fujimoto et al., 2018).

As this algorithm uses two critic networks in parallel (𝑄1, 𝑄2 and 
𝑄′

1, 𝑄
′
2 respectively), each of them provides a separate target estimate. 

One of the two estimates will always be greater than the other and 
using the larger value would induce overestimation. To prevent this, 
Eq. (5) was modified to use the minimum of the two target estimates, 
so only creating underestimation (Fujimoto et al., 2018). Fig.  2 shows 
the makeup of the training algorithm and the connections between each 
element and the pseudocode of the training is provided in Alg. 1. 

𝐿 = 1
𝑁

∑

𝑖

(

𝑟𝑖 + 𝛾 min
𝑗=1,2

𝑄′
𝑗 (𝑠𝑖+1, 𝜇

′(𝑠𝑖+1|𝜃𝜇
′
)|𝜃𝑄

′
) −𝑄

(

𝑠𝑖, 𝑎𝑖|𝜃
𝑄)

)2
(5)

Algorithm 1 TD3 training algorithm
Randomly initialize critics 𝑄1(𝑠, 𝑎|𝜃𝑄,1), 𝑄2(𝑠, 𝑎|𝜃𝑄,2) and actor network 
𝜇(𝑠|𝜃𝜇) with weights 𝜃𝑄,1, 𝜃𝑄,2 and 𝜃𝜇
Initialize target network 𝑄′

1, 𝑄′
2 and 𝜇′ with weights 𝜃𝑄′ ,1 ←← 𝜃𝑄,1, 𝜃𝑄′ ,2 ←← 𝜃𝑄,2

and 𝜃𝜇′
←← 𝜃𝜇

Initialize replay buffer 𝑅
for 𝑒𝑝𝑖𝑠𝑜𝑑𝑒 = 1 𝑡𝑜 𝑀 do
 Initialize reactor model with fixed reactor temperature (𝑇𝑅) and reagent 
moles (𝑛𝑖,0)
 Receive initial observation state 𝑠1
 while 𝑡 < 𝑇  do
 Select action 𝑎𝑡 = 𝜇(𝑠𝑡|𝜃𝜇) +𝑡
 Execute action 𝑎𝑡 and observe reward 𝑟𝑡 and observe new state
 𝑠𝑡+𝑡𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 Store transition(𝑠𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+𝑡𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 ) in 𝑅 Sample a random minibatch of N transitions (𝑠𝑖, 𝑎𝑖, 𝑟𝑖, 𝑠𝑖+1) from 𝑅
 𝑎̂ = 𝜇(𝑠𝑡|𝜃𝜇

′ ) + 𝜖, 𝜖 ∼ 𝑐𝑙𝑖𝑝(𝑡,−𝑐, 𝑐)
 Set 𝑦𝑖 = 𝑟𝑖 + 𝛾 min𝑗=1,2 𝑄′

𝑗 (𝑠𝑖+1, 𝑎̂)
 Update critic by minimizing the loss:
 𝐿 = 1

𝑁

∑

𝑖

(

𝑦𝑖 −𝑄
(

𝑠𝑖, 𝑎𝑖|𝜃𝑄
))2

 if t mod d then
 Update the actor policy using the sampled policy gradient:
 ∇𝜃𝜇𝐽 ≈ 1

𝑁

∑

𝑖 ∇𝜇𝑄
(

𝑠, 𝑎|𝜃𝑄
)

|𝑠=𝑠𝑖 ,𝑎=𝜇(𝑠𝑡 |𝜃𝜇 ) Update target networks:
 𝜃𝑄′ ,𝑖 ←← 𝜏𝜃𝑄,𝑖 + (1 − 𝜏)𝜃𝑄′ ,𝑖

 𝜃𝜇′
←← 𝜏𝜃𝜇 + (1 − 𝜏)𝜃𝜇′

 end if
 end while
end for
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Fig. 3. Structure of the reactor.
Source: The image was taken 
from Sass et al. (2022).
2.2. Definition of the control objective

The structure of the control system is illustrated in Fig.  3, where two 
separate operating phases are required for the operation of the reactor. 
In the first phase, labeled as ‘‘feeding’’ phase, the reagent is continu-
ously fed into the reactor until the pre-defined batch volume or weight 
has been added to the reactor. In the second phase, labeled as ‘‘mixing’’ 
phase, the reactor is maintained at the setpoint reactor temperature 
and stirred to maintain homogeneity. Due to the sequential operation 
requiring different manipulated variables and being separated in time, 
two different control loops need to be designed. The objective in both 
defined operation phases is to maintain the temperature of the reactor 
at the provided setpoint, thus maximizing the conversion. In the feeding 
phase, it is achieved by keeping the jacket flow at a pre-defined setpoint 
while modifying the opening percentage of the reagent feed valve (V1). 
In the mixing phase, the reagent feed valve is shut off and the jacket 
coolant flow rate (V2) is manipulated. However, in the mixing phase 
the reaction is already slowly slowing down, hence thermal runaway 
is a far less likely to be an issue. Due to this, we have elected to only 
focus on the design of the feeding phase controller, which manipulates 
V1.

Because of the increasing liquid volume in the reactor and the 
varying concentration of the accumulated reagent, the system can 
present high levels of non-linearity. Based on this, the use of non-linear 
control methods is advised, as such we propose an RL-based controller 
to effectively handle the reactor non-linearities. The RL-controller is 
made up of a neural network with trainable edge weights. The agent 
receives information from the environment (the reactor) in the form 
of a state tuple: 𝑠, and takes an action (𝑎) to change the manipulated 
variable. The optimization of such a controller is done by letting the 
agent interact with the environment and training it to learn from the 
received reward values.

In the feeding phase, the RL controller adjusts the feed rate to 
achieve the operating temperature setpoint starting from an initial 
temperature. The controller receives the state tuple shown in Eq. (6) as 
input (with min–max normalized states) to define the necessary actions. 
The agent takes action at 50 s intervals. The action in this case is the 
change in actuator position of V1 inlet valve, which was bounded in 
the [−5%; 5%] range to prevent drastic changes in the valve that could 
damage the equipment. 
𝑠 = {𝑇𝑅, 𝑇𝐽 , 𝑂𝑃 , 𝑐𝑖,… , 𝑐𝑁𝑅, 𝑒𝑡, 𝑒𝑡−𝑠, (𝑇𝑅 − 𝑇𝐽 )} (6)
5 
In the reward function, a thermal runaway criterion is applied, 
namely the Modified Dynamic Condition (MDC) presented by Kum-
mer and Varga (2019). The criterion in Eq. (7) was evaluated across 
multiple case studies, and demonstrated that it does not produce false 
negatives—cases where runaway occurs but no indication is given. 
The reactor temperature is determined by the balance between the 
generated heat flow (𝑞𝑔𝑒𝑛) and the removed heat flow (𝑞𝑟𝑒𝑚). So, the 
reactor temperature increases when the generated heat flow is higher 
than the removed heat flow, and decreases otherwise. The MDC does 
not only consider the temperature sensitivity of heat generation and 
heat removal, but also the effect of concentrations changes (Kummer 
and Varga, 2019). 
𝜕𝑞𝑔𝑒𝑛
𝜕𝑇𝑅

|

|

|𝑐
+ 𝜕𝑚

𝜕𝑐
|

|

|𝑇𝑅
≤

𝑞𝑔𝑒𝑛
𝑞𝑟𝑒𝑚

𝑑𝑞𝑟𝑒𝑚
𝑑𝑇𝑅

(7)

For the applied reaction system, which is described in Appendix  A, 
the derivatives of the variables are given as follows. The generated heat 
flow can be described in Eqs.  (8) and (9), where 𝛽 = − 𝛥𝐻𝑟

𝜌𝑐𝑝
 (Kummer 

and Varga, 2019). 

𝑞𝑔𝑒𝑛 = 𝛽𝑟𝑅 (8)

𝑞𝑔𝑒𝑛 = 𝛽𝑘0 exp
(

−𝐸𝐴
𝑅𝑔𝑇𝑅

)

𝑐𝐴𝑐𝐵 (9)

The partial derivative of the generated heat flow with respect to the 
reactor temperature is described in Eq. (10). 
𝜕𝑞𝑔𝑒𝑛
𝜕𝑇𝑅

|

|

|𝑐
= 𝛽𝑘0 exp

( −𝐸𝐴
𝑅𝑔𝑇𝑅

)

𝑐𝐴𝑐𝐵
( 𝐸𝐴

𝑅𝑔𝑇 2
𝑅

)

(10)

The removed heat flow is described in Eq. (11), and its derivative 
with respect to the reactor temperature is shown in Eq. (12). 

𝑞𝑟𝑒𝑚 =
𝑈𝐴(𝑇𝑅 − 𝑇𝐽 )

𝑉 𝜌𝑐𝑝
, (11)

𝑑𝑞𝑟𝑒𝑚
𝑑𝑇𝑅

= 𝑈𝐴
𝑉 𝜌𝑐𝑝

(12)

The derivatives of the mass balance function with respect to the 
concentrations are given in Eq. (13). 
𝜕𝑚
𝜕𝑐

|

|

|𝑇𝑅
= −

(

𝜕𝑟𝑅
𝜕𝑐𝐴

+
𝜕𝑟𝑅
𝜕𝑐𝐵

)

|

|

|

|

|𝑇𝑅

= −𝑘0 exp
( −𝐸𝐴
𝑅𝑔𝑇𝑅

)

(𝑐𝐴 + 𝑐𝐵) (13)
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Substituting into Eq. (7), dividing by 𝑘0 ⋅exp(− 𝐸𝐴
𝑅𝑔𝑇𝑅

) and simplifying 
and reorganizing gives: 

𝛽𝑐𝐴𝑐𝐵
( 𝐸𝐴

𝑅𝑔𝑇 2
𝑅

)

− (𝑐𝐴 + 𝑐𝐵) −
𝛽𝑐𝐴𝑐𝐵

(𝑇𝑅 − 𝑇𝐽 )
≤ 0 (14)

The left side of Eq. (14) can be used as the definition of the MDC 
value: 

𝑀𝐷𝐶 = 𝑐𝐴𝑐𝐵
𝐸𝐴

𝑅𝑔𝑇 2
𝑅

−
𝑐𝐴 + 𝑐𝐵

𝛽
−

𝑐𝐴𝑐𝐵
𝑇𝑅 − 𝑇𝐽

(15)

This MDC value can be used as an indicator for thermal runaway. 
When MDC values are greater than 0, the system has a potential for 
thermal runaway. When MDC is below 0, the system is stable, as heat 
dissipation exceeds heat generation. This MDC value can augment the 
reward function that is used for the training for the reagent feeding 
agent. A general reward function presented in Eq. (16) does not contain 
the thermal runaway penalty in its original state, only a reward for 
maintaining the reactor temperature within an 𝛿 boundary of the 
setpoint. Additionally, there is also a penalty for the temperature not 
being within the previously described boundary, which is the negative 
absolute value of the error between the reactor temperature and the 
setpoint. 

𝑟𝑡 =
{

+10 if |𝑇𝑅,𝑡 − 𝑆𝑃 | ≤ 𝛿
−|𝑇𝑅,𝑡 − 𝑆𝑃 | otherwise (16)

In our work, this reward function is augmented by the MDC aware-
ness component described in Eq. (17) as: 

𝑟∗𝑡 =
{

𝑟𝑡 −MDC ⋅ 𝜆 if MDC > 0
𝑟𝑡 otherwise (17)

where 𝜆 is a penalty weight factor that is used to influence the strength 
of the MDC penalty. One of our tasks in our research was to investigate 
the influence of this factor on the learned agent behavior, and through 
that the temperature profiles and safe operation.

3. Results and discussion

To test the usefulness of the proposed reward function and the ca-
pabilities of the trained networks, we have used the semi-batch reactor 
structure shown in Section 2.2. This study is based on a dynamic reactor 
representation that has been used in the literature as a benchmark 
system for reactor control and safety studies. The applied formula-
tion captures the main reaction kinetics and thermal dynamics of the 
process and has been validated previously in both experimental and 
simulation studies reported in the literature (Kummer et al., 2020; Sass 
et al., 2022). The system was modeled and parameterized according to 
Appendix  A.

The reactor dynamics were simulated using a first-principles dy-
namic model discretized with an explicit Euler integration scheme, 
where we investigated the effect of the numerical step size on the 
solution accuracy. Simulations were repeated with time steps of 1.0, 
0.5, 0.1, 0.05, and 0.01 s. The state trajectories showed only negligi-
ble differences between 0.1, 0.05, and 0.01 s, the selected time step 
of 0.1 s was considered sufficiently accurate, while also keeping the 
computational cost acceptable for the performed calculations. The RL 
agent selected a new action every 50 s, and the reward was evaluated 
on the same timescale. To provide enough time for the agent to take 
actions and learn the optimal policy, an episode is 4 h long and it is 
terminated early if the agent finishes feeding in the required amount 
of reactant (𝑛𝐴,𝑓𝑒𝑒𝑑).

We have previously investigated the same semi-batch reactor using 
advanced model-based control methods, including nonlinear model 
predictive control (NMPC), where safe operation and thermal runaway 
avoidance were addressed within a model-based optimization frame-
work (Kummer et al., 2020). Reinforcement learning-based operation 
of the same reactor with DDPG has also been explored previously, 
including a comparison of RL and NMPC (Sass et al., 2022).
6 
Table 1
Parameters of the trained neural network.
 Learning rate 10−4 Hidden layers 2  
 𝜏 10−3 Neurons per layer 256 
 𝛾 0.99 Batch size 512 
 Memory size 105 Number of episodes 104  

Compared to these earlier studies, the present work investigates 
how the agent learns when the Modified Dynamic Condition (MDC) is 
applied directly into the reward function. By incorporating the MDC 
term into the reward function, the learned control policy results in 
a more gradual temperature increase, thereby reducing the risk of 
thermal runaway while maintaining setpoint tracking with minimal or 
no overshoot.

In this study, the reinforcement learning controller was imple-
mented using the TD3 algorithm. To assess the effectiveness of the 
proposed reward formulation, in Section 3.1 the TD3-based controller 
was compared with a DDPG controller and with an NMPC-based bench-
mark. This comparison enables the evaluation of the proposed MDC-
augmented reward function not only against another actor–critic rein-
forcement learning method, but also against a model-based predictive 
control strategy.

The neural network structure of the TD3 RL agent was first opti-
mized by trial-and-error testing, followed by the training of the control 
task with varying MDC factors. The parameters of the used networks 
are presented in Table  1.

The agent was trained for 10000 episodes, which started with a 750 
episode long pretraining section. During this training period, an episode 
started with the opening of the feed valve at 50%. This was done 
because the agent takes random and incorrect actions at the beginning 
of the training, thus if the valve opening starts at 0%, the agent will not 
be able to see and store experiences of the effects of closing the valve, 
i.e. to see the effects of negative actuator position changes. This allowed 
us to partially fill the memory buffer with useful experiences before the 
training was switched over to the 0% valve opening case, which is the 
standard mode of operation the agent was designed to learn.

3.1. Penalty weight factor tests

We have conducted tests at 𝜆 = 0, 1, 10, 100, 750, 1000, 1250, 2000,
3000, 10 000 factor values in the reward function as a sensitivity analysis 
to learn when the MDC values start to influence the rewards, and 
through that the operation of the agent.

We used the MDC value directly without normalization, so the 
parameter 𝜆 does not have a direct physical meaning. Instead, it acts 
as a weighting factor that determines how strongly runaway avoidance 
influences the reward compared to temperature setpoint tracking. Ac-
cordingly, 𝜆 is not interpreted as a physical process parameter, but as 
a tunable reward-scaling coefficient.

A continuous MDC-based penalty over the entire operating region 
was not used, because we also want the agent to remain primarily 
motivated to reach and maintain the temperature setpoint. The applied 
penalty is therefore continuous only in the unsafe region, where larger 
positive MDC values produce a larger penalty. Since positive MDC 
values indicate a potential runaway region, the penalty is applied 
only when the MDC becomes positive, while negative MDC values are 
treated as thermally stable operation.

3.1.1. Investigation of TD3 controller performance
The results can be separated into the [0, 1, 10, 100] part, where the 

effect of the MDC and its factor is negligible, which is shown in Fig. 
4. Each of the trained agents follows closely the same trajectory, with 
the received rewards changing minimally. As the trained agents follow 
the same temperature trajectories, the MDC values are closely the same. 
Any visible slight deviations are from the small variations of the trained 
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Fig. 4. Temperature, reward, MDC value, and control action plots for different factor values using TD3.
weights, as training samples were selected stochastically. Each version 
is a robust controller, with only minimal errors. The second factor 
subsection we have created is the [100−10 000] range. It was selected 
because from 750 onward there is a visible change in the temperature 
trajectories. This can be explained by the fact that, at 𝜆 = 750, the 
MDC-based negative reward becomes stronger than the positive reward 
for setpoint tracking. As a result, when the agent enters a region with 
positive MDC, the penalty has a larger effect on the total reward than 
the benefit of remaining close to the setpoint. Consequently, the MDC 
term starts to influence learning more strongly, and the agent changes 
its behavior to avoid positive MDC regions more clearly.

In Fig.  5 it can be seen that at 750 there is a visible change in the 
reward plot, showing a large dip in the reward received by the agent. 
Paired with the MDC plot, it shows that even lower positive MDC can 
influence agent behavior at this factor magnitude. At 1000 and 1250, 
the agent starts to deviate significantly from the baseline where the 
agent is unguided by the potential for thermal runaway. These cases 
show a slower temperature increase because the reactant A is fed into 
the reactor at a lower rate, slowing down the exothermic reaction and 
thus the change in temperature. This slower change in concentrations 
and temperature results in lower positive MDC values, however, it also 
extends the time period where the system is in a potential runaway 
situation.

The corresponding control actions further confirm the observed 
changes in temperature and MDC trajectories. For higher 𝜆 values, the 
agent applies smoother and less aggressive actuation, avoiding rapid 
increases in feed rate. This leads to a more gradual temperature rise and 
reduced peak MDC values, indicating a lower instantaneous runaway 
risk. At the same time, the reduced aggressiveness of the control input 
results in slower process dynamics.

In each case in Fig.  5 when the MDC value never crosses 0 the 
agent is incapable of heating up the reactor. This is a logical outcome 
from the fact that for this kind of semi-batch reactor the heatup comes 
7 
from a tightly-controller and moderated reactor runaway. If the MDC 
value is overvalued, this runaway cannot take place. However, the 
unmoderated and over-moderated system are two edge cases, selecting 
proper 𝜆 values can help balance between moderation and cycle-time 
of the processing of the reactor batch.

This behavior reflects a trade-off between safety and productivity. 
Increasing 𝜆 improves safety by reducing peak MDC values and enforc-
ing more stable and predictable control actions, but it also decreases 
productivity, as the slower heating rate delays reaching the desired op-
erating temperature and extends the batch time. In addition, unsuitable 
𝜆 values can lead to poor learning. If 𝜆 is too small, the safety penalty is 
too weak, so the agent does not pay enough attention to runaway risk. If 
𝜆 is too large, the penalty dominates the reward, making the agent too 
conservative and, in extreme cases, unable to control the temperature 
effectively.

The plot in Fig.  6 shows the 10-element moving average of the 
episodic rewards for the 𝜆 = 100, 1000, 2000, 10 000 scenarios. The 
averaging was performed to filter out the small variations in the 
reward values, which could hinder the readability of the plot. It is 
visible that as the multiplier increases, the training of the agent is 
slower to stabilize due to the unobserved MDC value. The relationship 
between the reward and the agent actions becomes less straightforward, 
inducing cases where the agent training diverges, but all of these cases 
are observed to be recoverable. For every tested 𝜆 value, learning 
stabilizes again and resumes its trajectory toward the optimal policy. 
The numerical values of the episodic reward are not relevant in this 
case study because the 𝜆 values heavily influence the rewards, and the 
goal of our investigation was to observe the underlying trends in the 
agent training.

Quantitative measures are provided in Table  2, including the max-
imum MDC value, the integral of absolute error (IAE), the time spent 
in the runaway-indicated region, and the time required to reach the 
setpoint for each tested 𝜆 value. The results show that the penalty 
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Fig. 5. Temperature, reward, MDC value, and control action plots for different factor values using TD3.
Fig. 6. Moving average of the episodic reward for selected penalty factor cases using TD3.
factor has a clear effect on the learned policy. For smaller 𝜆 values, 
the controller reaches the setpoint faster, and achieves lower IAE 
values, but the maximum MDC values are higher. As 𝜆 increases, the 
controller becomes increasingly conservative, the maximum MDC value 
decreases, while both the IAE and the time required to reach the 
setpoint increase significantly, while the time to reach the setpoint 
becomes significantly longer. For very large 𝜆 values, the agent is no 
longer able to reach the setpoint within the simulation horizon. This 
8 
also shows that stronger penalization can reduce unsafe operation, but 
at the cost of reduced control performance.

3.1.2. Investigation of DDPG controller performance
The same tests were also performed using the DDPG algorithm 

to investigate the effect of the MDC-based reward. For consistency 
with the TD3 experiments, the neural network architecture, number of 
training episodes, replay buffer size, batch size, discount factor, and 
learning rates were kept identical.
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Fig. 7. Temperature, reward, MDC value, and control action plots for different penalty factor values using DDPG.
Table 2
Quantitative performance measures for different penalty weight factors using 
TD3.
 𝜆 Max MDC IAE Runaway 

indicated time [s]
Time to 
reach SP [s]

 

 0 0.0725 40066 71.08 1393.82  
 1 0.0743 40555 70.50 1366.52  
 10 0.0718 41608 71.87 1399.06  
 100 0.0733 41333 71.07 1392.52  
 750 0.0508 44919 84.58 1610.32  
 1000 0.0489 48796 88.47 1734.85  
 1250 0.0349 60164 124.14 2201.04  
 2000 0.0288 82022 189.04 3646.81  
 3000 0.00004 363544 29.02 –  
 10000 0.00004 492747 43.09 –  

Similarly to the TD3 case, the DDPG results for 𝜆 = 0, 1, 10, and 100 
show nearly overlapping temperature trajectories, as presented in Fig. 
7. The reward and MDC profiles remain very close, indicating that the 
MDC-based penalty has only a minor influence in this range.

For larger penalty factors, the effect of the MDC term becomes 
more visible, as shown in Fig.  8. As 𝜆 increases, the DDPG controller 
becomes more conservative. For moderate penalty weights, the con-
troller can still reach the setpoint, although the temperature response 
becomes slower. For larger values, the heat-up is strongly delayed, 
and in some cases the temperature remains far below the setpoint 
during the investigated time horizon. The MDC trajectories show the 
same trend. At lower and intermediate penalty weights, the MDC still 
becomes positive, but the positive peaks decrease as the penalty weight 
increases. This shows that a larger MDC penalty helps the controller 
reduce runaway-indicated operation.

The valve profiles also support this observation. For smaller penalty 
weights, the valve opening increases quickly at the beginning and later 
approaches the upper bound. This gives faster heating, but it also leads 
9 
to higher positive MDC peaks. For 𝜆 = 10 000, the controller keeps the 
valve opening much lower for most of the simulation and increases it 
only slowly. As a result, the MDC values are reduced, but the controller 
cannot reach the setpoint.

The 10-element moving average of the episodic rewards for selected 
DDPG cases is shown in Fig.  9, and the curves are used to evaluate the 
learning trend and stability. The DDPG results indicate that larger 𝜆 val-
ues make the learning process more challenging, as the corresponding 
reward curves stabilize at lower values and show more frequent drops.

Quantitative measures for the DDPG controller are provided in 
Table  3, including the maximum MDC value, the integral of absolute 
error, the time spent in the runaway-indicated region, and the time 
required to reach the setpoint for each tested 𝜆 value. The results show 
that the penalty factor has a clear effect on the learned DDPG policy. 
For smaller 𝜆 values, up to 𝜆 = 750, the controller reaches the setpoint 
relatively quickly and achieves low IAE values. In this range, however, 
the maximum MDC values remain relatively high, which indicates that 
the MDC penalty has only a limited effect on the closed-loop behavior.

As 𝜆 increases further, the controller becomes more conservative. 
From 𝜆 = 1000, the maximum MDC value decreases clearly, while both 
the IAE and the time required to reach the setpoint increase. For the 
largest penalty weight, 𝜆 = 10 000, the maximum MDC value is almost 
zero. These results show that stronger MDC penalization can reduce 
runaway-indicated operation, but excessive penalization leads to poor 
tracking performance.

3.1.3. Investigation of NMPC performance
In addition to the reinforcement learning controllers, an NMPC-

based benchmark was implemented to compare the learned RL poli-
cies with a model-based predictive control strategy. The NMPC cost 
function included a temperature tracking term and an MDC-based 
penalty term to drive the reactor temperature toward the setpoint 
while avoiding runaway-indicated operation. Consistently with the RL 
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Fig. 8. Temperature, reward, MDC value, and control action plots for different penalty factor values using DDPG.
Fig. 9. Moving average of the episodic reward for selected penalty factor cases using DDPG.
reward formulation, the MDC penalty was applied only for positive 
MDC values.

To ensure a fair comparison, the NMPC setup was matched to the 
reinforcement learning framework wherever possible. The optimized 
variables were the future changes in the valve opening, corresponding 
to the RL action definition. Therefore, the valve opening was con-
strained between 0 and 100%, while each change in valve opening was 
limited to [−5%, 5%], as in the RL controllers. The action interval was 
10 
set to 50 s, identical to the RL controllers. The prediction horizon was 
set to 3000 s to capture the slower thermal dynamics and the possible 
development of thermal runaway in advance, while the control horizon 
was set to 750 s.

The trajectories obtained with the NMPC controller for the lower 
penalty-weight range are shown in Fig.  10. The reactor temperature 
first decreases and then gradually increases toward the setpoint. After 
reaching the setpoint region, the temperature shows visible oscillations 
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Fig. 10. Temperature, reward, MDC value, and control action plots for different penalty factor values using NMPC.
Table 3
Quantitative performance measures for different penalty weight factors using 
DDPG.
 𝜆 Max MDC IAE Runaway 

indicated time [s]
Time to 
reach SP [s]

 

 0 0.0743 41016 70.55 1364.05  
 1 0.0737 41189 70.97 1372.20  
 10 0.0735 41582 71.00 1394.46  
 100 0.0711 41629 72.02 1406.68  
 750 0.0708 41518 71.96 1414.76  
 1000 0.0474 51025 97.26 1870.45  
 1250 0.0474 51347 97.89 1921.68  
 2000 0.0275 75299 132.56 2920.59  
 3000 0.0172 103127 130.32 3944.69  
 10000 0.00036 343186 118.66 –  

around the reference value, indicating that the controller continues to 
correct the thermal response during the later phase of the simulation. 
The MDC trajectory becomes positive during the heating phase and 
remains above zero for a relatively long interval before returning to 
the safe region.

The NMPC trajectories for the higher penalty-weight range are 
shown in Fig.  11. For most 𝜆 values, the temperature trajectories are 
still similar: the temperature first decreases, then increases toward 
the setpoint, and stays close to the reference value. The most distinct 
behavior is observed for 𝜆 = 10 000, where the temperature rise is 
slower and the setpoint is reached later. The MDC trajectories show 
that increasing the penalty weight reduces the positive MDC peak, but 
only to a limited extent. Even at larger 𝜆 values, the MDC still becomes 
positive.

The OP profiles also show the effect of the penalty weight. For 
lower values in this range, the valve opening first increases rapidly, 
then decreases close to the lower bound, and later increases again 
toward high values. For 𝜆 = 10 000, the valve movement becomes more 
11 
conservative, the opening is reduced earlier and increases more slowly 
afterwards. This explains the lower MDC peak, but also the slower 
temperature response.

The quantitative results with NMPC are summarized in Table  4. 
The table includes the maximum MDC value, the integral of absolute 
error (IAE), the time spent in the runaway-indicated region, and the 
time required to reach the setpoint for each tested 𝜆 value. The results 
show that the NMPC response changes only slightly for most penalty 
weights. For 𝜆 values between 0 and 3000, the maximum MDC remains 
close to 0.075, and the runaway-indicated time stays around 1450 s. 
This means that increasing the penalty weight in this range does not 
strongly reduce the runaway-indicated operation. At the same time, the 
IAE and the setpoint-reaching time increase slightly, showing a small 
deterioration in tracking performance.

The largest change can be observed for 𝜆 = 10 000. In this case, the 
maximum MDC decreases to 0.0650, which indicates a lower runaway 
tendency. However, this improvement is obtained with a higher IAE 
and a longer time to reach the setpoint. Overall, the NMPC results show 
that larger MDC penalty weights can reduce the maximum MDC, but 
the effect is moderate and comes with slower temperature tracking.

3.1.4. Comparative evaluation of TD3, DDPG, and NMPC
The results of the TD3, DDPG, and NMPC controllers show the 

same general trade-off between temperature tracking and runaway 
avoidance. For all three approaches, small penalty weight factors lead 
to faster heat-up and lower tracking error, but the MDC values remain 
relatively high. As the penalty weight is increased, the controllers 
become more conservative, which reduces the maximum MDC value 
but also slows down the temperature response. Therefore, the choice 
of 𝜆 directly determines the balance between productivity and safety.

Among the reinforcement learning controllers, TD3 showed a clear 
response to the MDC-based penalty. At intermediate penalty weights, 
the maximum MDC decreased noticeably while the controller was 
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Fig. 11. Temperature, reward, MDC value, and control action plots for different penalty factor values using NMPC.
Table 4
Quantitative performance measures for different penalty weight factors using 
NMPC.
 𝜆 Max MDC IAE Runaway 

indicated time [s]
Time to 
reach SP [s]

 

 0 0.0772 84880 1450 2800  
 1 0.0772 84982 1450 2800  
 10 0.0770 84927 1450 2800  
 100 0.0770 84927 1450 2850  
 750 0.0757 85322 1450 2850  
 1000 0.0752 85391 1450 2900  
 1250 0.0747 85480 1450 2950  
 2000 0.0747 85472 1450 2900  
 3000 0.0747 85747 1450 3000  
 10000 0.0650 90267 1500 3000  

still able to reach the setpoint. However, at very large 𝜆 values, TD3 
became too conservative and could no longer reach the setpoint within 
the simulation horizon. DDPG showed a similar trend, but the transi-
tion was more gradual. For small and moderate penalty weights, the 
DDPG trajectories remained close to the low-penalty cases, while larger 
penalty weights were required to strongly reduce the MDC peak.

The NMPC controller showed a different behavior. The maximum 
MDC changed only slightly for most penalty weights, and the runaway-
indicated time remained almost constant over a wide range of 𝜆 val-
ues. A visible reduction in the maximum MDC was obtained only 
for the largest penalty weight. However, this also increased the IAE 
and delayed the setpoint reaching. This suggests that, in the tested 
formulation, the NMPC controller was less sensitive to the MDC penalty 
than the reinforcement learning controllers.

Overall, the variation of 𝜆 highlights how strongly the controller pri-
oritizes runaway avoidance to temperature tracking and faster heat-up. 
This effect was most pronounced for the reinforcement learning-based 
controllers, particularly TD3, which exhibited a clear sensitivity to 
12 
Fig. 12. Temperature, reward, and MDC value plots for different factor values 
with cooling failure.

the MDC penalty, while DDPG showed a more gradual transition. 
In contrast, the NMPC controller was less sensitive to changes in 𝜆
over the range, requiring larger penalty weights to achieve a notice-
able reduction in the MDC. For the RL controllers, lower 𝜆 values 
favor faster setpoint reaching and higher productivity, while higher 
𝜆 values lead to more conservative and safer operation. In practical 
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Fig. 13. Moving average of the episodic reward for 𝜆 = 1000, 2000, 10 000 multiplier cases without concentration.
applications, this hyperparameter could be tuned systematically using 
optimization-based approaches, such as Bayesian optimization.

3.2. Cooling loss severity tests

Following that, we have performed tests to check the effect of 
feeding profile on thermal runaway potential and severity. To do this, 
we have set the valve actuator position of the jacket coolant to 0%, 
with the simulated operation continuing for a 90 s time period, where 
the agent keeps operating normally. In addition to the 90 s period, we 
also investigated longer failure durations of 180 s and 360 s to assess the 
effect of more severe disturbances, as shown in Appendix  B. This was 
followed by a shutdown of the reagent feed inlet as an approximation 
of the operators having a delayed reaction to total coolant failure and 
shutting down the reactor. The often used solution of quickly draining 
the reactor in such cases was not modeled.

Fig.  12 shows that a penalty weight factor of 100 was not enough 
to prevent a spike in temperature, but penalty weight factors of 750 or 
1000 are capable of preventing a temperature overshoot.

As illustrated in Fig.  5, the temperature profile differs only slightly 
compared to the quasi-ideal case with a penalty weight factor of 0 
(or in this comparison 100). This means that in this case preventing 
potential thermal runaway does not require a major deviation from the 
optimal operation. Additionally, as the value of the factor is increased, 
the system goes closer to being asymptotic due to the cooling being 
sufficient to prevent underdamped process behavior.

3.3. MDC awareness without concentration

As shown by the previous tests, the agents trained with sufficiently 
large 𝜆 factors were able to prevent severe thermal runaway. However, 
these agents are based on the assumption that we are capable of mea-
suring the concentrations inside the reactor. Usually concentrations are 
measured infrequently during the processing of a single batch, which 
means that with enough processed batches, a concentration predictor 
model can be designed. For future practical implementation, concentra-
tions could be estimated using a soft sensor or state estimation methods 
such as a Kalman filter. This would allow the agent to indirectly access 
information about unmeasured states and improve its performance 
without direct concentration measurements. An alternative to that is 
13 
to train the agent with only inputs that can be measured frequently. 
We have tested this by using the following modified state tuple format 
for training and operation, as shown in Eq. (18): 

𝑠 = {𝑇𝑅, 𝑇𝐽 , 𝑂𝑃 , 𝑒𝑡, 𝑒𝑡−𝑠, (𝑇𝑅 − 𝑇𝐽 )} (18)

The results from the training show that for low factor values, there 
is close to no difference in the way the agent learns, based on the 
reward functions. As the factor value increases, the training becomes 
completely incoherent, the agent loses the capability to learn an opti-
mal operation. In Fig.  13, we show the moving average of the episodic 
rewards of the agents for 3 different penalty weight factors. It can be 
seen that at 2000 the agent still learns at a slower rate, but at 10000 
the agent is incapable of improving. It could be due to the fact that the 
MDC value uses concentration heavily, and the agent is incapable of 
learning something it cannot observe at all.

This increased reliance on concentration measurements is reflected 
in the temperature profiles. To illustrate the effect, we compared the 
profiles with and without concentrations included in the state variables 
in Fig.  14. The temperature profile comparison shows that both of 
the 𝜆 = 1000 cases closely resemble each other. The MDC value 
profiles show a small deviation at maximum MDC value and in the 
settling profile between 2000 and 4000 s. Since this difference is not 
significant in the temperature profiles, we consider it as a result of the 
training arriving at a different optima, rather than as a result of the 
concentration as network input. At 𝜆 = 2000 the temperature trendlines 
are very similar in shape, but there is a visible gap in the profiles. 
Without concentration, the agent reaches the temperature setpoint 
faster but with overshoot and deviating from the setpoint by the end 
of the feeding phase. In the MDC plot, it can be seen that both agents 
have a lower MDC maximum and during settling, both agents operate 
closely at 𝑀𝐷𝐶 = 0. At 𝜆 = 10 000, the concentration aware agent is 
capable of operating the process nearly along 𝑀𝐷𝐶 = 0 while the MDC 
unaware agent is incapable of temperature control. This reinforces the 
finding in Fig.  13 that the agent was incapable of learning.

These finding highlight that if an RL agent implementation is done 
on a real life process, care must be taken to work with a state set that 
is properly selected for the task, as the effectiveness of a method can 
depend sharply on it. Additionally, the 𝜆 factor should be a hyperpa-
rameter that should be subject to basic optimization.
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Fig. 14. Comparison of the temperature profiles and MDC value trajectories for 𝜆 = 1000, 2000, 10 000 cases with and without concentrations in the state variables.

Fig. 15. Comparison of the temperature profiles of 𝜆 = 0, 1000 cases with noisy temperature measurements.
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Fig. 16. Temperature and concentration trajectories for 𝜆 = 0 case with noisy concentration measurements.
Fig. 17. Temperature and concentration trajectories for 𝜆 = 1000 case with noisy concentration measurements.
3.4. Uncertain measurement tests

As a last test of controller capabilities, we investigated how the 
various agents would behave if the reactor temperature and the con-
centration measurements were noisy. We have used the concentration 
aware agents with 𝜆 = 0, 1000 to compare the temperature profiles 
and whether runaway awareness makes the agent more sensitive or 
15 
robust to sensor noise during operation. For concentration we assumed 
a single analyzer device for both concentrations with a [−0.1; 0.1] range 
white noise, which was independent for the two concentrations. For the 
temperature, we used a [−1.5; 1.5] range white noise.

First, the uncertain temperature case was tested, and the results 
are shown in Fig.  15. The upper figure shows the 𝜆 = 0 case, while 
the lower presents the 𝜆 = 1000 agent. It can be seen that the 



B. Fricz et al. Computers and Chemical Engineering 212 (2026) 109704 
Fig. 18. Temperature and concentration trajectories for 𝜆 = 1000 case with noisy concentration and temperature measurements.
runaway aware agent maintains the temperature setpoint in a more 
stable manner, which could be due to the runaway aware agent already 
increasing the temperature more slowly. This creates a case where the 
temperature change due to reaction heat is slower and more closely 
matches the dynamics of the jacket cooling.

The second test was the use of noisy concentration measurements, 
the temperature and concentration profiles are shown in Figs.  16 and
17. For the 𝜆 = 0 case the agent is sensitive to concentration values, 
which can cause a significant thermal runaway at the beginning of the 
operation, however, the agent is capable of recovering that shows a 
degree of resilience. This runaway is caused by an accumulation of 
reagent 𝐴 in the reactor, which ramps up the reaction rate sharply, 
and this process sustains itself, until reagent 𝐴 is exhausted.

The 𝜆 = 1000 agent in Fig.  17 shows no runaway during operation, 
instead the agent does not reach the setpoint as fast as possible. 
The uncertain concentration values cause the agent to ramp down 
the reagent feeding, which causes achieving the setpoint later in the 
operation, but in a safe manner. This cautious behavior is a positive 
sign during real life noisy operation as the process operating personnel 
can make fine-tuning adjustments in a safe manner.

The last test was the combination of the uncertain temperature 
and concentration measurements. As the previous cases have shown 
that the 𝜆 = 0 agent underperforms when presented with noisy data, 
we will only show the results for the 𝜆 = 1000 case in Fig.  18. The 
temperature profile in the heating up phase shows strong similarities 
to the uncertain concentration case, with safe operation and the same 
temperature decrease at the end of the feeding phase, which is visible 
in all three 𝜆 = 1000 cases.

These results show that the inclusion of this runaway criterion has 
a positive impact on the control behavior of the trained RL agent. 
Our results are from a single case study to achieve a more complete 
assessment, multiple diverse case studies are required. However, the 
trained and presented agents show that it is a promising application 
direction.
16 
4. Conclusion

The aim of our work was to analyze the effects of adding a thermal 
runaway awareness component to the reward function of an RL agent 
to create a potentially safer controller, while also utilizing the non-
linear control capabilities of a neural network. We trained TD3 agents 
using the Modified Dynamic Condition runaway criterion and evaluated 
their control performance. Varying the MDC factor values created a 
good baseline for our further investigations by showing us what 𝜆
magnitudes are required to have an agent that balances fast reactor 
heatup, while also being safe from runaway. The cooling shutoff test 
showed the usefulness of the MDC value usage, and the modified state 
vector tests showed that to a moderate extent the rarely measured con-
centrations can be excluded. We believe that if the process controller 
agent is coupled with an estimation method for composition, then the 
concentration-aware agent could be utilized. As a final test, we have 
investigated the influence of the 𝜆 factor when noisy measurements 
are present in the process, as would be the case in a real life tech-
nology. The results show that the MDC augmented reward function 
improved the resulting trained agent, which could be beneficial when 
the controller is applied to a process in an industrial case.

Based on these tests, we believe that MDC augmentation could be 
helpful in future RL applications for the synthesis of an inherently 
safer process controller. The proposed approach showed promising 
results in the considered case study, but future work could include 
a more systematic assessment of its performance under parametric 
uncertainty, measurement noise during training, and parameter drift, 
as well as the investigation of additional case studies. Further studies 
on different processes and operation analysis (sensor defaulting to 0 or 
process drift) could help to gain a thorough picture on what the MDC 
method could improve the training of the agent. The impact of different 
failure severities (e.g., partial cooling failure) and the timing of failures 
(e.g., early/mid/late stages of the reaction) on control effectiveness 
could be considered for future work.

More advanced safety integration mechanisms, such as constraint-
based reinforcement learning, safe RL frameworks, or supervisory 
safety layers, are also important and represent promising directions for 
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Table A.5
Parameters and initial conditions of the case study.
 Parameter Value Unit  
 𝑘0 Pre-exponential factor 1.465 × 107 m3

kmols
 

 𝐸𝐴

𝑅𝑔
Activation energy 8500 K  

 𝛥𝐻𝑟 Reaction heat parameter −3.5 × 105 kJ
kmol

 
 𝑀𝐴𝑇 Maximum Allowable Temperature 373 K  
 𝑈𝐴0 Initial heat transfer parameter 1.85 kW

K
 

 𝑉0 Initial reagent volume 0.5 m3  
 𝑉𝐽 Jacket volume 0.41 m3  
 𝜌𝑐𝑝 Volumetric heat capacity in reactor 4800 kJ

m3 K
 

 (𝜌𝑐𝑝)𝐽 Volumetric heat capacity in jacket 4183 kJ
m3 K

 

future research. In this sense, the proposed approach can be interpreted 
as a first step toward integrating process safety indicators into rein-
forcement learning, which could later be combined with such methods 
to achieve stronger safety guarantees.
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Appendix A. Process model of the reactor

The reaction rate (𝑟𝑅
[

kmol
m3 s

]

) is expressed with a Arrhenius-type 
equation: 

𝑟𝑅 = 𝑘𝑐𝐴𝑐𝐵 = 𝑘0 exp
(

−𝐸𝐴
𝑅𝑔𝑇𝑅

)

𝑐𝐴𝑐𝐵 (A.1)

where 𝑘 is the reaction rate constant 
[

m3 s
kmol

]

, 𝑐𝐴 and 𝑐𝐵 is the concen-
tration of 𝐴 and 𝐵 reagents 

[

kmol
m3

]

, 𝑘0 and 𝐸𝐴 are the pre-exponential 
factor 

[

m3 s
kmol

]

 and the activation energy 
[

kJ
kmol

]

 respectively, 𝑅𝑔 is the 
gas constant 

[

kJ
kmol K

]

 and 𝑇𝑅 is temperature of the reactor [K].
The following differential equations describe the dynamic behavior 

of the system. 
𝑑𝑉
𝑑𝑡

= 𝐹 (A.2)

𝑑𝑛𝐴 = 𝐹𝑐 − 𝑉 𝑟 (A.3)

𝑑𝑡 𝑖𝑛,𝐴 𝑅
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Table A.6
Operating parameters.
 Parameter Value Unit  
 𝑛𝐴,𝑓𝑒𝑒𝑑 Feed moles of A reagent 𝑛𝐵,0 kmol 
 𝑛𝐴,0 Initial moles of A reagent 0 kmol 
 𝑛𝐵,0 Initial moles of B reagent 5 kmol 
 𝑐𝑖𝑛,𝐴 Feed concentration of A reagent 5 kmol

m3  
 𝐹𝑚𝑎𝑥 Maximum flow rate of reagent feed 1.4 × 10−4 m3

s
 

 𝐹𝑗,𝑚𝑎𝑥 Maximum flow rate of coolant 1.1 × 10−3 m3

s
 

 𝑇𝑅,0 Initial reactor temperature 340 K  
 𝑇𝐽 ,0 Initial jacket temperature 298 K  
 𝑇𝑖𝑛 Reagent feed temperature 298 K  
 𝑇𝐽 ,𝑖𝑛 Coolant feed temperature 298 K  

𝑑𝑛𝐵
𝑑𝑡

= −
𝑑𝑛𝐶
𝑑𝑡

= −𝑉 𝑟𝑅 (A.4)

𝑑𝑇𝑅
𝑑𝑡

=
𝐹𝜌𝑐𝑝(𝑇𝑖𝑛 − 𝑇𝑅) + (−𝛥𝐻𝑟)𝑉 𝑟𝑅 − 𝑈𝐴(𝑇𝑅 − 𝑇𝐽 )

𝑉 𝜌𝑐𝑝
(A.5)

𝑑𝑇𝐽
𝑑𝑡

=
𝐹𝐽 (𝜌𝑐𝑝)𝐽 (𝑇𝐽 ,𝑖𝑛 − 𝑇𝐽 ) + 𝑈𝐴(𝑇𝑅 − 𝑇𝐽 )

(𝑉 𝜌𝑐𝑝)𝐽
(A.6)

𝑈𝐴 = 𝑈𝐴0

(

1 +
𝑉𝑑𝑜𝑠
𝑉0

)

(A.7)

where 𝑡 is time [s], 𝑉  is liquid volume [m3], 𝑉𝑑𝑜𝑠 is dosed volume [m3], 
𝐹  is feeding rate 

[

m3

s

]

, 𝑛𝑖 is the mole amount of the 𝑖th component 
[kmol], 𝑇𝑅 and 𝑇𝐽  are the reactor and jacket temperatures respectively 
[K], 𝜌 is density 

[

kg
m3

]

, 𝑐𝑝 is the heat capacity 
[

kJ
kg K

]

, 𝛥𝐻𝑟 is reaction 
heat 

[

kJ
kmol

]

, 𝑈𝐴 is the heat transfer parameter 
[

kW
K

]

.
The considered control valves have linear characteristics, so the 

following equations (Eq. (A.8)–(A.9)) describe the inlet flow rates. 

𝐹 = 𝐹𝑚𝑎𝑥
𝑉 1𝑝𝑜𝑠
100

(A.8)

𝐹𝑗 = 𝐹𝑗,𝑚𝑎𝑥
𝑉 2𝑝𝑜𝑠
100

(A.9)

The kinetic, material and reactor geometry parameters are pre-
sented in
Table  A.5, and operating parameters are presented in Table  A.6.

Appendix B. Cooling loss severity tests

Additional simulation results are presented for extended coolant 
actuator failure durations of 180 s and 360 s, complementing the 90 s 
failure scenario discussed in the main text. These cases represent more 
severe disturbance conditions and the simulation setup is identical to 
that described in the main text.

For longer failure durations (Fig.  B.19), the differences between the 
control policies become more pronounced. Lower penalty values result 
in higher temperature peaks and prolonged positive MDC regions, in-
dicating increased vulnerability to runaway conditions under extended 
cooling failure. In contrast, higher 𝜆 values lead to more conservative 
control actions, reflected in smoother temperature trajectories and 
reduced MDC peaks.

Data availability

Data will be made available on request.
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(a) 180 s cooling failure.

  
(b) 360 s cooling failure.

 

Fig. B.19. Temperature, reward, and MDC value plots for extended cooling failure durations.
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