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Abstract— Mechanical ventilators are commonly used to
assist the breathing of patients with respiratory diseases.
Many mathematical models of mechanical ventilators have been
proposed [3][4] to describe lung behavior during artificial venti-
lation. To describe the behavior of the ventilator and lung, there
are parameters proposed in to help researchers understand and
manage ventilatory support. With mathematical models of the
lung simulating the lung’s reaction and ventilator management
parameters displaying the lung’s condition, a controller could
be designed to control the ventilator output signals and adjust
the output signals according to the lung’s condition shown
by the ventilator management parameters. In this paper, we
used the mathematical model proposed in [4], and management
parameters in [12] to build the environment, and then we used
Reinforcement learning methods to train a controller that helps
the output of the lung model reach the desired state. The desired
state could be a doctor-assigned value or the range of normal
people’s lung output values. The results show that our trained
agents are able achieve a target value or close to target value
for a fair number of cases for each input case.

I. INTRODUCTION

Respiratory diseases affect the health of human beings and
the quality of life in many ways. The world-range spread of
coronavirus 2019 (COVID-19) has taken millions of people’s
lives. In clinical treatment, patients need ventilators to deliver
enough oxygen to keep the body going. Mechanical ventila-
tion aims to maximize the gas exchange to the patient’s lung
and minimize the ventilator-caused lung injury as possible
at the same time. There are two categories of mechani-
cal ventilation (i) pressure-controlled ventilation (PCV); (ii)
volume-controlled ventilation (VCV). PCV entirely relies on
patient-triggered breaths and the ventilator cycles between
two different pressures (PEEP and PIP). PCV often is used
for ventilator weaning since it augments patients’ breathing
efforts but not a fixed tidal volume. The VCV, on the other
hand, will try to keep the volume constant through a feedback
control and it is commonly used in operation theatres and
intensive care units (ICU). PCV and VCV have their pros
and cons, doctors need to decide which one to use according
to the patients’ lung disease and patient lung characteristics.
Incorrect settings of mechanical ventilation could cause lung
injury [13]. In our work, the lung mechanics are observed
through the output parameters of the lung model, and we
determined a set of normal ranges for these parameters. In
any case, when the output leaves the normal range, there will
be a huge cost added to the ventilator controller agent, which
forces the outputs back to normal ranges.
In our work, we followed [14] to decide the inputs of
PCV and the output of the lung model and followed

[14] to compute the ventilator-derived parameters to help
manage ventilation. Inputs of PCV are: (i)PEEP (positive
end-expiratory pressure); (ii)PIP (peak inspiratory pressure);
(iii)RR (respiratory rate); (iv) I/E ratio (inspiratory expiratory
ratio). PEEP is the alveolar pressure above the atmospheric
pressure at end-expiration. PEEP aims to: keep lungs open
at the end of expiration and prevent the opening and closing
of distal airways and alveolar units. Normally, PEEP could
be set from 5 up to 25 cmH2O [15], in our study we set
the range of PEEP as 3 to 15 cmH2O (or the limit of the
safe range) since the PIP of a normal ventilator machine can
produce is 40 cmH2O. PIP is the peak inspiratory pressure
(maximal pressure), the difference between PIP and PEEP is
driving pressure (delta P), which determines the tidal volume
of the lung. RR is the respiratory rate of the patient; it
represents how many times the patient respirate in a minute.
To simulate the lung of different patients’, we set the range
of RR as 12 to 20 times/per-min taking both [16] and [4] into
consideration. I/E ratio is the ratio of inspiratory time and
expiratory time in each respiratory cycle, we set it as 1/4, 1/3,
1/2, or 3/4 following [17]. According to these input signals,
we can get corresponding output signals (Flow, Pressure,
Volume) and compute useful parameters such as mechanical
energy, mechanical power, airway resistance, and dynamic
compliance for ventilation management.
The whole simulation is implemented in Simulink. Followed
the procedure in [4], we reproduced the result. The simula-
tion period is set as 60 seconds since the waveforms of flow,
pressure, and volume become periodic with less than 3%
fluctuation over the value. If the simulation period is longer
than 30 seconds, the overall result doesn’t change much as
well (less than 5% on the value). Besides, we experimented
with different initial lung settings (volume, pressure) and the
output signals all come to the same results.

II. RELATED WORK

In previous work [3][4], multi-component mathematical
lung models have been proposed. Their results have been
proved to be close to the real lung reaction, and [5] added
more lung’s muscle feedback into consideration. [14] listed
all the important parameters that could be used in ventila-
tion management. For now, all the settings of mechanical
ventilator have to be manually monitored and set according
to doctors’ and nurses’ experiences, which demands lots of
man power and increases many uncertainties in the treatment
process. Bases on previous works, we built up a lung model
and a ventilator system in simulation environment. With



proper reward functions, DRL methods such as [8][9] could
be used to train a controller agent to shorten the time for
patients to reach a safe lung condition.

III. THEORETICAL DEVELOPMENT & ANALYSIS

We carried out our experiment by first implementing a
mathematical model that simulates both the Pressure Con-
trolled Ventilator(PCV) signals and the patients’ lung re-
sponses based on Al Nagger’s paper.[4] The model allows us
to simulate the patient’s response under various inputs. Then,
using the data we gained from the simulation environment,
we used R-peak calculations to get the peaks and bottoms
of the waves of the outputs Q, P and V.[11] The peak data
were next used to devise MDP states and actions. Finally,
using the MDPs as basis, we wrote our custom AI-GYM
environments and trained our RL agents. All steps will now
be covered in more detail in the following paragraphs.

A. Mathematical Model

The mathematical model for the mechanical ventilation
system in our work includes the pressure signal from the
PCV device and the mathematical lung model, we will
describe them in this section. The models were built using
the methods described in [?]

• Pressure signal of PCV
The pressure signal should represent the breathing
behavior and activities. In our work we choose a typical
waveform of pressure signal which includes: pressure
rising time(τ ),Peak inspiratory pressure(PIP ),positive
end-expiratory pressure(PEEP ), respiratory rate(RR),
inspiratory time(Tin). RR and Tin determine the period
of a respiratory cycle and the length of inspiratory
time. In each respiratory cycle the PCV pressure signal
will be as in equation 1.

P (t) =


(PIP − PEEP )

t

τ
+ PEEP, 0 ≤ t ≤ τ

PIP, τ ≤ t ≤ Tin

PEEP, Tin ≤ t ≤ Tex

(1)
• The Mathematical lung model

The suggested mathematical lung model is a multi-
compartment model. This model was proposed in
[19].This model has been converted to the mathemat-
ical model using the following equation(in frequence
domain). The output of the system represents the airflow
changes, which could be used to calculate the airflow by
a integral operation over time. It is shown in equation
2 with the following variables included:

– R
C

:the airflow resistance of the central airways
– R

P
:the airflow resistance of the peripheral airways

– C
L

:the capacity of the alveoli
– C

W
:the capacity of the chest wall

– C
S

: a shunt capacitance known as ”dead space” of
air

Fig. 1. Flow Values

– C
T

: total compliance of airways
These values are the settings of lung models. For
different lung models, we need to change these
parameters and run the simulation to get the output of
lung model.
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B. Markov Decision Process(MDP)

From the data, we extracted the ranges of the correspond-
ing output to each set of input parameters. They were later
used as each individual state of our MDPs.

• MDP for Flow:
Because we found that for each set of input parameters,
the max and min values have the same absolute value,
therefore, we are using the max absolute value of the
flow data as the representation of each state. The actions
in the transition graph is + 1, - 1 or maintain( + 0 ).
Several boundaries were included in our MDP, anything
out of bounds are considered warning states where
an action must be made to revert that. They are as
followings:

– PEEP ∈ [3, 15]
– PIP ∈ [20, 40]
– IP ∈ [9, 18]

The first two variables’ range has already been stated in
the Introduction, the third constraint was added because
we found that the ideal range of Flow Rate is 60 to 120
[18]. After running our simulation model, we output the
resulting data in a table shown in figure 1 on page 2
which consists of the range of IP that would allow the
flow to stay in range. The orange part is the legit range.

An example of the MDP is shown in figure 2 on page 3,
this is the case for PIP = 25 and we have an MDP for
all PIPs that are in the orange section, which means that
the PIPs within range would allow at least 1 valid state
in the structure.The red states are warning states while
the grey states are allowed states for the ventilator.

• MDP for Pressure and Volume Because we did not
find certain bounding values for the range in which the
volume itself should be in compared to the case of MDP
for Q, the warning states are only for the input values
in which the PEEP and PIP are out of range. The PEEP
and PIP ranges are still the same as the MDP for Q
above. However, we divided the MDP for V into two,



Fig. 2. Example MDP for PIP = 25

Fig. 3. MDP for Bottom Values of Volume

one in which the states represent the maximum values of
the volume while the other represents minimum values
of the volume. The MDP for P was not individually
listed as the range of the Pressure is a direct reflection
of the PIP(maximum) and PEEP values(minimum). The
full MDP for the minimum values of V is in figure 3
on page 3 while the one for the maximum values is in
figure 4 on page 3.

• MDP for Time When developing the RL networks,
we found that we needed an agent that is able to
adjust the time periods and inspiratory/expiratory times.
Therefore, this MDP was added and is based on values
of RR and I/E ratio. The boundaries for this MDP
is RR ∈ [12, 20]. An example with an I/E ratio of
1:3(where inspiratory time is 25% of total cycle time)
is shown in figure 5 on page 3 where the warning state
is when the RR value is out of range.

C. Reinforcement Learning

1) AI-GYM environments Two custom AI-GYM envi-
ronments were built based on MDP for Q and MDP
for Time. One is used to train an RL agent that can
adjust PIP and PEEP parameters while the other is
trained to make adjustments for RR and I/E Ratio.

Fig. 4. MDP for Peak Values of Volume

Fig. 5. MDP for I/E ratio = 1 : 3

Fig. 6. AI-GYM Environment for Q

The AI-GYM environments were composed partially
by learning from [7]

• Environment for Q:
The main structure of the environment for flow
is shown in figure 6 on page 3 The reward is
calculated depending on its distance from the
target value. For PEEP, there is no exact value,
a value is provided so that it won’t be too close
to edge values while it is encouraged to get to the
exact target PIP value. If any of the values are in
a warning state described in the MDP section, the
reward is always -80. For the IP value, as long as it
is within range of [9, 18], the reward is 20. While
on the other hand, PIP and PEEP have varying
rewards.
– PIP:

if the current PIP is equal to the target, a
reward of 40 is given. Otherwise, the calculation
function is equation 3

Reward(PIP ) = 20− |PIP − PIPtgt| (3)

– PEEP:
PEEP’s reward is PIP’s calculation equation
without the target value reward. It is shown in



Fig. 7. AI-GYM Environment for T

equation 4

Reward(PEEP ) = 20−|PEEP−PEEPtgt|
(4)

• Environment for RR and I/E Ratio:
This environment is similar to the flow environ-
ment in that it pulls the agent towards the target.
The main structure of the environment for flow is
shown in figure 7 on page 4 The input value is
three values: RR, time in seconds and a boolean.
The last boolean decides whether the given time
is the exact time for inspiratory time or expiratory
time, True for inspiratory and False for expiratory.
The greatest difference compared to the previous
environment is that it has two target values and
reaching both will automatically stop the current
episode and grant a completion reward of 1000.
Aside from the general rule that any out of range
warning states are given a penalty of -1000 reward,
the rewards for I/E ratio and RR is as followings:
– RR:

If the value is within range, the reward is
determined by how close or if it is at the target.
If it is the exact target value, the reward is 90.
Otherwise, the calculation function is through
equation 5

Reward(RR) = 3 · (20− |RR−RRtgt|) (5)

– I/E Ratio:
If the value is within range, the reward is
determined by how close or if it is at the target.
If it is the exact target value, the reward is 60.
Otherwise, the calculation function is through
equation 6

Reward(IE) = 30− |IE − IEtgt| (6)

However, the listed IE is not a fixed value,
it is the best IE ratio that can be chosen, the
inspiratory/expiratory time that is closest to the
input target time. For example, if the target time
is 2 seconds in inspiratory time but the current

RR is 12, no IE ratio offers exactly the same
time. The best result will now be the target
which is 0.5, 2 in index.

2) DeepQLearning(DQN)
The Reinforcement Learning(RL) method we would
like to use is Q learning. We are using a discount rate γ
of 0.99. The calculation of Q value is equal to equation
7 The prediction network will be used to predict what
the reward could be.

reward+ next state values · γ (7)

However, the difference between two states is very
small, making it very hard for the network to make a
decision and calculate the loss. Therefore, a prediction
and a target network is implemented.[8] We use the dif-
ference between the target and the prediction network
to produce a loss and learn the gradients. The target
network is an exact copy of the structure of the predic-
tion network, During initialization, the parameters are
copied so that they are identical. The parameters of the
target network is updated only after certain episodes.
We will then move on to our implementation which
was modified and based on [10]

• Network Structure: a linear network with two
hidden layers, each with 256 parameters, the input
is the dimension of the state which is 3 in this
case and the number of actions as output, 6 in the
current case.

• Update interval for target network: 10 episodes
• Loss Function: Mean Squared Error(MSELoss)
• Optimizer: Adam
• Hyper-Parameters:

– Learning Rate: 0.001
– Episodes:300
– Batch size: 128
– Epsilons:

Epsilon values dictate how much exploration
and exploitation the agent is going to have
during the process. In exploration phase, the
agent makes a completely random move and
when it’s exploiting, it makes a move based on
the prediction network.
∗ Epsilon Start = 1.0
∗ Epsilon End = 0.01
∗ Epsilon Decay = 5e-4
∗ Memory Size = 10000

IV. EMPIRICAL RESULTS & SIMULATION

In this section you want to present your methodology
for validation. This can either via data or via simulation.
If you’re using data, please first describe the dataset used.
Next, describe how you’re validating the proposed analyses
(in Section 3) into the dataset. If you’re simulating data,
please first describe the methodology used then afterwards,
describe how you’re validating the theoretical analyses and
simulations.



Fig. 8. Cumulative Score of first and Last episode for RLQ

Fig. 9. Epsilon History for RLQ

A. Results for RLQ

Due to time issues, completion and optimization of the
Agent was completed just before end of semester and there-
fore, the number of tests currently are still few. I would like
to present data of one set of target case.
The case is when the target PIP is 25 and PEEP is maintained
around 10. Figure 8 on page 5 shows a comparison between
the cumulative score of the first and the last episode. The
graphs shows that the loss went from going completely
downwards during the first cycle to going continuously
upwards after a short while. This shows that the agent is
slowly learning to avoid penalties. The epsilon history is
shown in figure 9. In order to make the trend more clear, the
epsilon values have been applied a base 10 log.

During the tests for this case, we reset the environment to
all valid combinations of PEEP and PIP then let the agent
adjust the parameters on its own. All results showed no sign
of the agent getting a negative reward which means that it
avoided all warning states. In addition, figure 10 on page 5 is
a histogram that shows the absolute value of the difference
between the PIP value of the last state of each test case
and the target PIP. The numbers are 23:250 for the number
of cases with differences of 0 and 1 correspondingly. This
shows that despite the fact that the target value cannot be
always reached, there is a high possibility of finding it in
close proximity. The figures 11, 14, 12 and 13 are graphs
that show the history of the environment states including

Fig. 10. Difference between target and test PIP result for RLQ

Fig. 11. PEEP history for RLQ test case

all input values PEEP, IP, PIP and also the rewards of each
step during one test cycle where the starting state of the
environment is PEEP = 15 and PIP = 20. As can be
seen from the figure 12, the PIP value rose slowly towards
24, which just 1 value below 25. The PEEP in figure 11 rose
and fell during the process in order to keep the resulting IP
still in range while PIP is adjusted. The horizontal area is
where adjustments are made back and forth between two
values so that the IP can still be balanced within range. This
can be directly seen from figure 14, where the IP is always
maintained within range. The oscillations in the figure 11 is
mainly due to the fact that there is no target for the PEEP, the
rewards around the area are all similar and the agent can’t
decide which state to choose.

B. Results for RLT

In the Reinforcement Agent trained for time, the results
are as following. The instructions for the agent is to reach a
target RR and target inspiratory/expiratory time in seconds.
The requirement is for the time in seconds to be maintained
close to the input during the process.
The example set of figures shown is for an input of
[15, 2, T rue], this means that the training target is an RR of
15 and an inspiratory time of 2 seconds. As can be seen from
figure 16, the epsilon here looks prolonged compared to the
previous training process of RL agent for Q. This is because
if both targets are met, the environment stops and grants a
done reward. The training epochs is still set to 300 but the



Fig. 12. PIP history for RLQ test case

Fig. 13. Reward history for RLQ test case

actual steps in total could be less than 60 · 300. Figure 15
shows the difference between the first 60 and last 60 steps.
The oscillation does not mean that the scores are low. As
can be seen, they are drops to the initial state rewards. This
means that this not one episode but multiple episodes, the
rise periods are when the episode reached the done state,
the target values. And the drops are the reset environment.
The histograms in figure 18 and figure 17 correspondingly

show the difference between the target IE, RR and the test
IE(in the form of index), RR results. It can be seen that the
agent’s ability to adjust to the IE results but still face some

Fig. 14. IP history for RLQ test case

Fig. 15. Cumulative Score of First and Last 60 steps for RLT

Fig. 16. Epsilon History for RLT

difference in RR results up to 3. The positives are that most
of the differences in RR lie in the range of 0 to 1. An
example of a successful operation by the agent is the test
case which starts at the state of RR = 12 and IE = 0,
the target IE index is 2. The process can be seen similar to
the Q agent. Both values have adjustments during different
times, and in the process, the agent did not raise either value
directly to the target but instead adjusted both, ensuring that
the time of inspiration stays close to the required target. This
testing set was ended early because it reached both targets.

Fig. 17. Difference between target and test RR result for RLT



Fig. 18. Difference between target and test IE result for RLT

Fig. 19. IE history for RLT test case

Fig. 20. RR history for RLT test case

Fig. 21. Reward history for RLT test case

Fig. 22. Structure of Boss Agent

V. NEXT STEPS

Because of the limited time, we have not been able to
make optimizations that are crucial to the results. Therefore,
we would like to make the following improvements if time
permits.

• Adjust hyper-parameters in order for the network to
perform better. Because pf the amount of work required
is fit in a The current results and graphs show that the
network is able to let the agent learn but not to a perfect
state.

• A Managing Agent: We have done research and
sketches of a Boss agent used to put both sub-agents
that we have constructed together, the agent that will
give instructions such as target values to each agent. The
sketch as shown in figure 22 has already been drawn and
if time permitting we plan to have some results before
final session. The flow chart for the rules based agent is
drawn based on the thesis provided in [2]. The places
in the chart where adjustments are needed for RR, IE,
PEEP or PIP will be where the two trained sub-agents
are used.

VI. CONCLUSIONS & FUTURE WORK

We have been able to develop a DQN structure for both
the Flow and Time period AI-GYM environment. The MDPs
in our early stage have been recreated and verified in the
custom AI-GYM environments. Although a wide range of
tests were not completed at the current stage, we have proof
from several cases shown that the agent is able to learn the
given targets whether they are derived or directly given. The
results although not perfect, the majority of test cases are
either exactly on target or very close and with a small error.
In the future, we would like to be able to finish the entire
structure containing the managing agent, combining all three
agents together and running a wide variety of tests so that
the DQN networks can be optimized and adjusted to a higher
accuracy and more results to prove that. In addition, it is
essential that real world data is applied instead just using
simulation data that has little to no noise.



VII. APPENDIX
A. Management

1) Contributions The tasks are divided as followings:
• Collaborated:

– Paper Reading and Notes
– Early Stage Selection of Paper
– Creating (MDPs) for the values Flow(Q), Pres-

sure(P) and Volume(V)
– Collecting Data from the simulation environ-

ment(Mathematical Model of Pressure Con-
trolled Ventilator with Lung)

– Analyze the data collected from simulation and
its waveforms

– Use the analyzed data to create Markov De-
cision Processes(MDPs) for the Reinforcement
Learning(RL) Agent.

– Testing and Improving the Network
• Haoyu Shi

– Creating AI-GYM environment for the MDPs
created

– Implementing Network Structure for the Deep
Q learning network

• Jiahe Xu
– Recreation of Mathematical Model of Pressure

Controlled Ventilator with Lung(from the Al
Naggar Paper)

– Collected Data using a variety of input parame-
ters for the recreated model in order to produce
enough training data for the RL agent.

2) Planned and Accomplished:
• Our expected deliverables in the first set of slides

presented(Minimum and Expected) included the
following points:
– Build a Reliable Mathematical Model(MM)

which could simulate the pressure controlled
ventilation process and produce lung responses

– Train an RL agent that is able to make decisions
to adjust parameters

– Initial Proof of concept for Markov Decision
Process(MDP) in ventilation controller

– Documented Code and Performance Metrics
• Up till now, at the end of the semester, we were

able to accomplish most of these. We will go over
them point by point.
– Build a Reliable MM for simulation:

This is the first step we have implemented
during the early stages in order to collect data
for both later training and creating the MDPs
for the three output values Q, P and V. This
was completed in March and the results were
compared with the original papers’ and also
during our weekly meetings, were shown to
Hopkins Professors for verification before the
next steps were executed. This was completed
in early March.

– Train an RL agent that is able to adjust param-
eters automatically:
This step was done towards the end of the
project. We were able to build a Deep Q
Learning network with a prediction and target
network. The structure proved to be useful and
satisfactory under some conditions, reaching
the set target or range. However, the hyper-
parameters might require further optimization.

– Initial Proof of Concept for MDP in ventilation
controller:
This was done in mid to late March. We devised
the MDP according to data we collected from
the simulation environment.

– Documented Code and Performance Metrics:
Our code and accompanying manuals are all
in a private repository where the mentor could
fork and save even after the end of the course.
Comments are added so that it can be fixed
and adjusted in the future. A simple perfor-
mance metric was used in the results discussion,
mainly from the set rewards of the AI-GYM
environment. We determined whether it reached
the exact desired number, if not, how far away
it is.

3) Future Works: Although both of us are graduating and
cannot make further changes, we would plan to have
the following changes either for the Mentor or in the
two weeks before the poster session:

• Refine hyper-parameters of the network structure
including learning rate, batch size etc, to improve
the results of the existing agents

• Assemble together the agents into the proposed
hierarchical structure

• Add in noise or apply real world data to test and
train the network

• Improve the evaluation metrics so that more fac-
tors could be added into consideration

4) Gains During the one-semester process, we learned
from both the technical perspective and management
perspective.
Management wise, we were able to learn how to
separate a general goal into multiple sub-tasks and
distribute time between them accordingly. This was
crucial as the coding part took a long time and went
through multiple adjustments during the process. We
could not have spent so much time on this if the first
part involving laying and deriving the theoretical foun-
dation was not completed on a fairly tight schedule.
Technical Wise, we had to learn knowledge in new
fields such as Simulink and AI-GYM in order to satisfy
the requirements of our goals. Simulink was crucial in
building our simulation model while the custom AI-
GYM environment was used to recreate our MDPs, and
describe each state depending on the agent’s possible
actions.



B. Documentation

1) Code Location:
All original code has been left in a private repository
which the mentor and team members all have access
to.

2) Data and Documentation:
Detailed documentation including meeting reports,
datasets and the manuals are left in a google drive
shared folder.
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