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1. INTRODUCTION

The importance of an effective cooling system in data center was shown by the fire incident at Cyber 1
Building in 2021. Overheating was observed to cause the failure of critical infrastructure, including servers and
other electronic components, thereby disrupting business operations.

Data center is critical infrastructure designed to house computer system and their components, such as
telecommunications equipment and data storage [1], [2]. These facilities rely on robust system for power
supply, environmental control such as air conditioning and ventilation, fire suppression, and physical security
to ensure operational continuity and data integrity. Effective cooling system is also essential to prevent
overheating, which can cause severe damage to electronic devices and infrastructure [3].

Based on analyzed studies, including energy audits on data center and comparative assessments of data
center architectures, thermal and power management show a significant impact on optimizing data center
performance and energy consumption [4]. Primary components of data center include IT equipment (servers,
storage devices, and switches), power distribution units (PDUs), cooling system, and backup power (UPS and
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generators) [5]. Among the equipment, Precision Air Conditioner (PAC) is a key element in maintaining
thermal balance within server rooms. Compared to conventional air conditioners, PAC units are specifically
designed to handle the high heat loads generated by densely packed servers. PAC system uses advanced sensors
and controllers to precisely regulate airflow, temperature, and humidity levels [4], [6]-[9].

Despite high accuracy compared to common air conditioner (AC), the majority of PAC system still needs
to run and be set manually by user [10], [11]. This process is not suitable for data center because the majority
of servers tend to overload at unpredictable condition. Various studies related to Machine Learning or
Reinforcement Learning (RL) have explored cooling management in data center. However, the majority still
have limitations in terms of dynamic adaptation [12], [13], real-time monitoring [14]-[16], and automated
decision-based optimization [17], [18]-[20]. Several strategies have been proposed to increase data center
cooling efficiency. For instance, supervised learning algorithms such as regression models and neural networks
have been used to predict temperature fluctuations and energy consumption. These models fall short in real-
time adjustability in accordance with varying workloads and external environment [21], [22].

RL has shown a promising replacement offering adaptive and autonomous decision-making functionality
in the field of cooling control. Deep Q-Network (DQN) and Proximal Policy Optimization (PPO) have been
used for adjusting cooling parameters in real-time to reduce energy consumption and provide optimal
temperatures [23], [24]. Despite all developments, RL-based methods still have drawbacks of suboptimal
sample efficiency, long-converging behavior, and instability to unseen environment changes [25]-[27].

The majority of studies idealized conditions using static airflow models, which do not capture the complex
thermodynamics of real data center [28]. Meanwhile, integrating RL with sensor-based real-time monitoring
remains a challenge since noisy sensor readings can influence decision accuracy [29]. To address this issue, a
RL model was designed to predict the right temperature and humidity based on data center metrics such as
CPU, RAM, and disk usage. Aside from the metrics, a monitoring web app was also designed to monitor the
server metrics and RL prediction [30]-[32].

RL in data center cooling optimization includes designing an agent that interacts with the environment to
learn optimal cooling strategies over time. The framework of RL is generally defined by key components.
These include the agent (cooling system controller), the environment (data center conditions such as
temperature, humidity, and workload), state (current environmental and operational parameters), action
(adjustments to cooling levels), and reward (metrics showing performance, such as energy savings and
temperature stability [30], [33].

With a lack of data and an uncertain environment, RL enables cooling system to learn from the
environment and automatically adjust temperature and humidity based on server workload [34], [35]. Using a
Markov Decision Process (MDP) method, system can optimize energy consumption while maintaining thermal
stability [36]-[38]

To ensure effective implementation, this study integrates RL with a web-based monitoring system that
allows real-time evaluation and adjustment. The results provide a contribution to the development of an
intelligent and adaptive cooling system that minimizes energy waste, thereby preventing damage caused by
overheating. Furthermore, this study provides a practical framework for data center optimization. The results
are expected to support companies, such as PT Telkom Indonesia, in maintaining their data center
infrastructure, ensuring operational continuity, and preventing catastrophic incidents including the Cyber
Building 1 fire.

2. METHODS
2.1. Work Process

The work process used in this study is the Iterative Design and Evaluation, a systematic cycle to develop
system that include a series of planned processes. The methods include system design, evaluation and
refinement, deployment, and optimization. Fig. 1 shows how system is planned until its available for
deployment and optimization by ensuring the appropriate method and completed testing [39]-[41].

The first step is system design. In this study, system design concept includes two main components which
are a designed RL model and a virtualized architecture using VirtualBox software. The step starts with
collecting data from a source to successfully run the virtualization architecture [42].

A set of data was collected from PT Telkom Indonesia for training the machine learning model. Data was
collected manually daily through data center administrator, comprising usage of PAC, temperature, and
humidity every 3 hours, as a monthly report for the company. With this report, the daily temperature and
humidity were combined into a column each and summarized as shown in Table 1.
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Fig. 1. Work process stages using iterative design and evaluation

Table 1. Data summary after being collected
Parameter Values
Minimum Temperature  16.20°C
Maximum Temperature 29.70°C
Minimum Humidity 36.90%
Maximum Humidity 63.10%

RL model was designed using data collected, with PAC temperature ranging from 16.20°C to 29.70°C
and humidity of 36.90%-63.10%. The data were used as boundaries for a gym environment, which was made
to train RL model because it learned directly from system. When training the model, multiple episodes were
tried to find the best evaluation results. Moreover, there were few parameters used when designing the model
as shown in Table 2.

Table 2. Design parameters values for RL

Parameter Values
Alpha 0.1to 1.0
Gamma 0.90 to 1.0
Epsilon 0.1to 1.0
Epsilon decay 0.990 to 1.0
Epsilon minimum 0.01t0 0.1
Episode 1000, 10000, and 100000
Max Steps 100

Based on Table 2 in the proposed model, various values of the hyperparameters were tested to discover
the optimal settings. Learning rate (o) was examined between 0.1 and 1.0 to explore its influence on the stability
of updating the Q value. Furthermore, the discount factor (y) was tried out between 0.90 and 1.0 to try the
extent to which the agent was sensitive in delaying rewards within cooling policy. The exploration rate (g) was
initially fixed in the range of 0.1-1.0, with € declining from 0.990 to 1.0, thereby controlling the rate of
switching from exploration to exploitation. The minimum value of € was experimented between 0.01 and 0.1
to determine the optimal exploitation boundary. Subsequently, 1000, 10,000, and 100,000 episode experiments
were conducted to examine the convergence speed. The maximum step of an episode was 100, which enabled
the agent to learn the best cooling policy within a short time horizon.

The virtualization architecture was designed using 3 VMs to balance computational efficiency, resource
allocation, and system modularity. Where 2 VMs acted as data center servers and 1 VM as the PAC Control
Server. The VM used was Ubuntu Server because of its simplicity, open-source, and serving the purpose of a
server. The configuration for all VMs is similar but has different roles. As data center server, the VMs will run
a Python script to read its metrics, which are sent to the PAC Control Server for evaluation. For PAC Control
Server, the server will receive other VM metrics, calculate the temperature and humidity using machine
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learning, showing the results on the monitoring dashboard. The interface for all VMs is a bridged network for
communication between VMs and host-only, thereby allowing access from the host machine.

The use of 3 VM is to avoid overload on host machine RAM usage. This is because a VM, installed with
Ubuntu Server, needs at least 2 GB of RAM. Using 3 VM is sufficient to run a simulation for data center and
PAC because a room with more than 1 server can be called data center. With the available RAM on the host
machine, it can be used for any other task such as opening the web browser for monitoring.

For monitoring, Python scripts were used, with the potential to read metrics such as CPU, RAM, and disk
usage, from any system through dependencies called Psutil. The scripts run on a Python environment manually
using a command. When run, the scripts will read the metrics and send to the PAC Control Server in json
format. To enhance monitoring capability, Flask was integrated as a microservice framework that served as a
fast environment. Since Flask is using Python, it can run the scripts directly from specified routes. In this study,
system was designed to read the metrics from other VMs, requiring different routes to receive data from various
sources. Additionally, dedicated routes were implemented to show a monitoring dashboard. By using Flask,
system was built without reinventing the wheel and able to be shown on a table and graph [43].

The second step is evaluation and refinement. As a machine learning model, RL requires evaluation to
ensure a good result before deploying to the server. There are few parameters to define the status of a model.
The purpose of the evaluation is to make sure the model has the capabilities to run inside system with high
accuracy. By using the first evaluation, the second and third processes can be optimized through variation in
some of the model parameters to achieve a better result. However, there are no rules that state the model can
only use the latest design. This suggests that the best result can be selected before performing a refinement.
The trained model is used in the form of a pickle file, a byte-stream Python object that can be moved in any
system. The purpose of pickle file is to maintain a single object that contains the logic of a trained model
without the need to give the full script source code. However, pickle cannot be changed or updated directly
since it is a byte stream, which requires to be rewritten. Through this method, the evaluation of RL model needs
to be determined and ensure suitability for the entire system or re-design.

The third step is deployment. Once the RL model and architecture give a good evaluation, the finalized
RL model is saved as a pickle file and deployed on the PAC VM. This deployment enables real-time integration
of the model with incoming metrics from the other VMs. System starts operating in a dynamic environment,
adjusting PAC parameters based on its learned policy to maintain optimal cooling.

The pickle was made on a host system after achieving a good evaluation. To move the pickle from host
machine to guest machine or the PAC Control System, SFTP protocol was used. SFTP ensures secure access
and transfer of data between servers or system. Uploading the pickle file to the server only requires user access.
However, path where the pickle is uploaded must be defined since Python will read it explicitly and return an
error when found.

The fourth step is optimization. After all the virtualization architecture is running and all system works,
there is a need for manual execution on every startup. To run system, user needs to type this command
beforehand. This command calls Python as an application and instructs it to run the main.py file. If the server
keeps restarting, it will take a lot of time to make sure the script is running. Additionally, running Python
directly on the server prevents it from accepting commands through the terminal unless accessed via SSH, as
the script occupies the server’s display session. To optimize this result, system inside an Ubuntu Server is
configured to run the Python scripts at start. The configuration for systemd is the user who creates the Python
scripts, the Python environment, and working directory. Enabling the optimization will save time from running
the Python scripts when the server starts.

2.2. Use Case Diagram

The use case diagram in Fig. 2 comprise data center administrator and staff as actors. Administrator has
all access to the server, as well as maintains everything that happens inside the server, while staff can only
perform monitoring operations.

Data center metrics that are monitored include CPU, RAM, and disk usage. Each server has unique
metrics, which are monitored and sent from a server to the PAC Control Server and collected as a monitoring
dashboard. The access for this dashboard is view-only for both data center administrators and staff.

The PAC temperature and humidity were calculated with RL model and changed in real-time according
to all metrics server sent to the PAC Control Server. Every incoming metric from any server will change the
temperature and humidity directly, as shown on a monitoring dashboard. The access for this dashboard is view-
only for both data center administrator and staff [44].

Server configuration was defined as managing the server with both user and root access. The given access
is to ensure every server can be monitored by fetching metrics and sending to the PAC Control Server, which
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is shown on a dashboard. This also includes automatically setting up the scripts for auto-run the whole system
when startup and during failure. The access for this configuration is only for data center administrator.

PAC Control Server has multiple endpoints which act as the destination for all server. These endpoints
are used by server to offer metrics information, which is sent using POST requests. The metrics are sent in a
json format for better readability. Each endpoint is unique to avoid collision between server metrics.
Furthermore, new endpoints need to be added manually, ensuring that a fake server will not randomly send
more metrics. The access for this operation is only for data center administrator. There is only one RL model
used for system in the form of a pickle file. Since the model is made on a different system before importing,
access to the server is limited. The pickle file can be updated by retrieving it through SETP protocol. The access
for this is only for data center administrator.

Monitor Data
Center Metrics

Monitor PAC
Temperature and

Humidity Data Center
Staff

Data Center

Administrator Add Server

Endpoint Access

Manage RL
Model/Pickle File

Fig. 2. Use case diagram

2.3. Study Architecture

System model is split into a few parts as shown in Fig. 3, namely VMS A and B, RL model, PAC control
server, and dashboard. System starts with 2 VMs designated as VM A and VM B. These VMs are equipped
with Python scripts that continuously monitor and collect key system metrics, including CPU, RAM, and Disk
usage [45], [46]. The collected metrics are then transmitted to the PAC Control Server through dedicated
endpoints defined for each VM. This design ensures real-time data flow from the VMs to control server,
enabling dynamic feedback and adaptability. Inside the server, there are 2 components that need to be
configured, as shown in Fig. 4
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Python will act as a service that reads the server metrics and sends to the PAC Control Server endpoint.
However, Python needs to be run manually on each startup to ensure the conversion of scripts as Ubuntu
service, which allows automatic execution [47], [48]. There is the PAC Control Server which is implemented
within an Ubuntu Server VM, integrating both a Flask-based API and RL model. This server acts as the central
processing unit for system, receiving real-time metrics from VM A and VM B through API endpoints, as shown

in Fig. 5.
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Send
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Leaming Mode!

Pickle File

Automated
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Virtualization Dashboard

Fig. 5. Architecture on PAC Control Server

Using the metrics, the RL model predicts the optimal temperature and humidity settings for the PAC
system. These predictions are dynamically updated to reflect changing conditions, enabling efficient and
adaptive cooling control. For the final part, to ensure transparency and usability, the PAC Control Server have
a visualization dashboard. This dashboard provides a comprehensive view of all incoming metrics, including
CPU, RAM, and Disk usage from VM A and VM B, as well as the temperature and humidity predictions
generated by the RL model. Additionally, dashboard allows users to monitor system performance in real-time.
[49], [50].

2.4. Implementation of RL

The RL was trained in a virtual environment with an objective to predict then control or adjust the PAC
temperature and humidity for servers. The metrics observed were CPU, RAM, and disk usage. By using RL,
several steps were carried out, including defining the state, action, and reward, designing the model, performing
training, and prediction, as shown in Fig. 6. Other factors that need to be defined including the minimum and
maximum temperature and humidity as a range, alongside the random float number to identify CPU, RAM,
and disk metrics. Temperature and humidity range are defined to help the agent make decision on how much
the prediction range would be as a target. Subsequently, the random float which represents the metrics helps
the model to reach multiple training variables in an environment.

The action defined was how the RL agent influenced a particular function. In this case, the action includes
increasing and decreasing the temperature and humidity. The reward system correlates with the state and action.
An agent will be given a reward when the action taken correlates with the defined state. Additional reward and
penalties can also be made to increase the complexity of the reward system. In this context, the reward is given
when the action does not pass the threshold range of minimum and maximum temperature and humidity. When
the opposite happens, then penalties are given by subtracting the reward.

Gym is an environment created for training the model, which is established by defining the state, action,
and reward of an environment and the agent behaviors. This environment is needed because RL model does
not learn from historical data but from modified and real environments. Meanwhile, more precise definition of
state, action, and reward allows the agent to learn better during the training process.

The model was designed using g-learning algorithm with the help of Python scikit-learn library. This
library helped to design the model because it did not need to reinvent the wheel from the beginning.
Furthermore, it increased the time taken to design and modify the agent as needed to reach the desired objective.
To create the model, a training process was performed, including episodes of steps that required completion.
On training, some output such as the metrics used and the prediction made will be shown. This would help
developer determine the performance of training process. When a bad result is shown, the gym needs to be re-
defined to a better condition or redesign the model. Different gym and agent behavior will have different final
results of the model. After the training process is complete, the final step is to predict real or random data that
act as server metrics. Whether the value is generated using a script or fetch from a real or virtual server, the
output should be as good as the result of the training.
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3.  RESULTS AND DISCUSSION

3.1. RL Evaluation

In RL, there were few parameters that needed to be defined before training, namely alpha, gamma,
epsilon, epsilon decay, and epsilon minimum. To find the best result, each parameter was tested with 10x of
tests using different ranges based on their characteristic. The test started from alpha to epsilon minimum one
at a time from the lowest value of the parameter, with the results shown in Table 3,Table 4,Table 5,Table 6,

and
Table 7.
Table 3. Parameter alpha test results
Alpha  Average Reward  Stability  Sample Efficiency  Convergence Rate
0.1 3.88 2.73 4.06 2.25
0.2 3.84 2.75 4.27 1.74
0.3 3.87 2.71 4.45 2.50
0.4 3.88 2.72 4.56 3.48
0.5 3.89 2.67 4.40 3.68
0.6 3.87 2.72 3.93 1.70
0.7 3.88 2.77 4.22 1.49
0.8 3.85 2.82 4.56 4.40
0.9 3.81 2.93 4.38 1.73
1.0 3.77 3.02 4.56 0.88
Table 4. Parameter gamma test results
Gamma _ Average Reward  Stability  Sample Efficiency  Convergence Rate
0.1 3.88 2.73 4.06 2.25
0.2 3.88 2.73 4.56 4.55
0.3 3.89 2.66 3.92 1.78
0.4 3.88 2.65 4.11 3.65
0.5 3.84 2.75 1.03 -0.96
0.6 3.87 2.73 4.11 2.68
0.7 3.83 2.78 4.56 1.27
0.8 3.83 2.73 4.56 3.49
0.9 3.85 2.68 3.96 1.67
1.0 3.85 2.71 4.35 1.60

Based on Table 3, alpha 0.8 has the highest convergence rate (4.40), high sample efficiency (4.56), and
best stability (2.82). Although not having the highest average reward (3.88), alpha 0.8 of the average reward is
still high (3.85) compared to others. Based on these factors, alpha 0.8 appears to be the most favorable overall.
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As shown in Table 4, gamma 0.2 has the highest convergence rate (4.55) and sample efficiency (4.56),
serving as a strong contender. Additionally, it maintains a solid average reward (3.88.), as gamma 0.7 shows a
good performance with the best stability (2.78) and matches the sample efficiency of 4.56. Gamma 0.2
convergence rate and overall balance of metrics, serve as the most favorable option

Table 5. Parameter epsilon test results
Epsilon  Average Reward Stability  Sample Efficiency  Convergence Rate

0.1 3.88 2.69 4.56 2.06
0.2 3.88 2.73 4.56 4.55
0.3 3.46 3.59 4.57 6.10
0.4 3.27 3.87 3.75 6.36
0.5 3.14 4.12 4.50 8.6
0.6 3.01 4.23 4.05 8.73
0.7 291 4.46 3.30 5.31
0.8 2.79 4.51 4.11 6.79
0.9 2.79 4.67 3.99 5.55
1.0 2.79 4.67 3.99 5.55

Based on Table 5, epsilon 0.5 has the highest convergence rate (8.6) and a decent average reward of 3.14,
showing strong performance in terms of learning speed. Epsilon 0.6 follows closely with a higher convergence
rate (8.73) but a slightly lower average reward (3.01). Meanwhile, epsilon 0.3 offers the best stability (3.59)
along with a competitive sample efficiency (4.57) and a reasonable convergence rate (6.1). When balancing all
metrics, epsilon 0.6 stands out due to the highest convergence rate (8.73) and solid stability (4.23), despite a
lower average reward. Therefore, epsilon 0.6 appears to be the most favorable because of learning efficiency.

Table 6. Parameter epsilon decay test results
Epsilon Decay  Average Reward Stability  Sample Efficiency  Convergence Rate

0.991 2.86 4.44 4.03 6.28
0.992 2.7 4.56 4.56 7.31
0.993 2.64 4.87 4.42 6.07
0.994 2.39 5.11 3.83 7.70
0.995 2.03 5.4 10.53 14.34
0.996 1.52 5.76 4.28 7.47
0.997 0.92 6.23 3.39 7.02
0.998 0.92 6.23 3.39 7.02
0.999 -1.45 7.09 2.03 4.24
1.000 -2.5 7.05 -0.39 2.22

Table 6 shows that epsilon decay 0.995 has the highest convergence rate (14.34) and a strong sample
efficiency (10.53), suggesting excellent learning performance. However, epsilon decay 0.994 offers the best
stability (5.11) and a competitive convergence rate (7.7). Decay values like 0.991 and 0.992 maintain decent
average reward and stability, without matching the performance of 0.995 in terms of convergence. Balancing
these factors, epsilon decay 0.995 appears to be the most favorable due to the convergence rate and sample
efficiency.

Based on

Table 7, epsilon min 0.01 has the highest convergence rate (14.05) and a strong sample efficiency (9.93),
showing excellent performance in terms of learning speed and efficiency. It also maintains a competitive
average reward of 1.59. Epsilon min 0.02 follows closely with a slightly higher average reward (1.61) and a
good stability score (5.8), but the convergence rate (8.78) is lower than that of 0.01. Although higher epsilon
min values show improved stability, convergence rate and average reward are lower. Balancing these factors,
epsilon min 0.01 appears to be the most favorable overall due to its convergence rate and sample efficiency.

After selecting the best metrics, the test continued by changing the episodes. Based on the selected
metrics, Table 8, Table Table 9, Table Table 10, and Table Table 11 show the evaluation results from the RL
model with different episodes. The selected episodes were 1000, 10000, and 100000, combined with 100 steps
for 1 episode. These experimental values were selected to compare and obtain better episodes for this designed
model.

The reward used for this evaluation was in the range of -5 to 5 points, from worse (penalty) to better.
Based on the average reward results on Table 8, the closest value to 5 was when using the 100000 episodes
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(4.76), followed by 10000 episodes (4.09) and 1000 episodes (1.62). Through this method, using more iteration,
which is 100,000 episodes is better than 1,000 and 10,000 episodes.
Table 7. Parameter epsilon minimum test results
Epsilon Minimum  Average Reward  Stability = Sample Efficiency  Convergence Rate

0.01 1.59 5.77 9.93 14.05
0.02 1.61 5.8 4.56 8.78
0.03 1.52 5.87 3.93 8.48
0.04 1.50 5.89 2.54 6.25
0.05 1.34 5.88 3.37 6.86
0.06 1.28 5.93 0.19 2.36
0.07 1.20 6.04 2.67 6.37
0.08 1.05 6.07 1.90 6.18
0.09 0.95 6.18 1.52 4.66
0.10 -1.33 6.19 -1.44 1.58

Table 8. RL average reward evaluation results
Metric Episodes  Result
Average Reward 1,000 1.62
Average Reward 10,000 4.09
Average Reward 100,000 4.76

Table 9. RL average convergence rate evaluation results
Metric Episodes Result
Convergence Rate 1,000 6.66
Convergence Rate 10,000 7.99
Convergence Rate 100,000 13.20

The convergence rate shows how fast the agent was learning. As presented in Table 9, using 100,000
episodes shows the best results (13.20) because higher rate corresponds to faster agent. The best result is
followed by using 10,000 (7.99) and 1,000 episodes (6.66). Through this method, using more iteration, which
is 100,000 episodes is better than 1,000 and 10,000 episodes.

Table 10. RL average sample efficiency evaluation results
Metric Episodes  Result
Sample Efficiency 1,000 4.12
Sample Efficiency 10,000 4.43
Sample Efficiency 100,000 10.15

The sampling efficiency shows the effectiveness of the agent when learning, where a higher sample
represents better results. Based on Table 10, using 100,000 episodes gives the highest sample efficiency
(10.15), followed by using 10,000 episodes (4.43) and using 1,000 episodes (4.12). Through the method, using
more iteration of 100,000 episodes is better than 1,000 and 10,000 episodes.

Table 11. RL average stability evaluation results
Metric Episodes Result
Stability 1,000 5.74
Stability 10,000 3.09
Stability 100,000 2.60

Stability is measuring how consistent and stable the agent’s performance is overtime. This shows that
higher value has less fluctuation or performance variations to produce better results. From Table 11, the highest
stability was using 1,000 episodes (5.47), followed by 10,000 (3.09) and 100,000 episodes (2.60). By applying
this process, using less iteration, which is 1,000 is better than 10,000 and 100,000 episodes.

3.2. Data Center VMs Stress Test

Server metrics that were tested included the increase of CPU, RAM, and disk, both individually, and
simultaneously. The changes on each test result aimed to fluctuate the temperature and humidity prediction by
RL model. The test was performed by targeting each metric on VM individually with different parameters.
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Table 12. Temperature predictions based on CPU tests
CPU Test Size VM 1 Metric VM 2 Metric Target Avg. Temp. Result

0.5 CPU 33.34% 33.35% 21.62°C 23.50°C
1.0 CPU 52.55% 51.73% 21.62°C 21.53°C
1.5 CPU 72.12% 69.22% 21.62°C 20.42°C

From Table 12, the lowest temperature result was obtained during the stress test using the highest CPU
at 1.5 CPU (20.42°C). The result showed that higher CPU usage required the lowest temperature for cooling.
Based on Table 13, the highest humidity result was obtained during the stress test at 1.5 CPU (57.65%). This
suggested that higher CPU usage corresponded with the greatest requirement for humidity needs.

Table 13. Humidity predictions based on CPU tests
CPU Test Size VM 1 Metric VM 2 Metric Target Avg. Humid. Result

0.5 CPU 33.34% 33.35% 56.98% 54.94%
1.0 CPU 52.55% 51.73% 56.98% 55.62%
1.5 CPU 72.12% 69.22% 56.98% 57.65%

Table 14. Temperature predictions based on RAM tests
RAM Test Size VM 1 Metric VM 2 Metric Target Avg. Temp. Result

0.5 GB 39.12% 41.38% 21.62°C 22.51°C
0.7 GB 59.45% 56.82% 21.62°C 21.53°C
1.0 GB 73.40% 70.21% 21.62°C 21.22°C

As shown in Table 14, the lowest temperature result was achieved during the stress test using the highest
RAM at 1 GB (21.22°C). The result showed that higher RAM usage produced the lowest temperature required
for cooling. From Table 15, the highest humidity result was obtained in the stress test using the greatest RAM
at 1 GB (56.47%). This showed that higher RAM usage correlated with greater humidity, thereby preventing
system from getting moist.

As shown in Table 16, the lowest temperature result was obtained during the stress test using the highest
disk at 6 GB (21.03°C). The results showed that higher disk usage correlated with lower temperature required
for cooling. From Table 17, the highest humidity result was obtained during the stress test using the greatest
disk at 6 GB (56.97%). The results showed that higher disk usage correlated with greater humidity required to
prevent system from getting moist.

Table 15. Humidity predictions based on RAM tests
RAM Test Size VM 1 Metric VM 2 Metric Target  Avg. Humid. Result

0.5 GB 39.12% 41.38% 56.98% 53.32%
0.7 GB 59.45% 56.82% 56.98% 54.65%
1.0 GB 73.40% 70.21% 56.98% 56.47%

Table 16. Temperature predictions based on disk tests
Disk Test Size VM 1 Metric VM 2 Metric Target Avg. Temp. Result

2GB 21.54% 19.26% 21.62°C 21.64°C
4 GB 32.04% 29.79% 21.62°C 21.25°C
6 GB 45.34% 42.45% 21.62°C 21.03°C

Table 17. Humidity predictions based on CPU tests
Disk Test Size VM 1 Metric VM 2 Metric Target  Avg. Humid. Result

2 GB 21.54% 19.26% 56.98% 54.35%
4 GB 32.04% 29.79% 56.98% 55.19%
6 GB 45.34% 42.45% 56.98% 56.97%

3.3. Monitoring Dashboard Black-box Text

Black-box testing as shown in Table 18 is a software method where the tester evaluates the functionality
of an application without having any knowledge of its internal workings or code structure. The focus is only
on the input and output of system. The purpose of this test is to ensure that the software meets user requirements
and functions correctly by examining the behavior. Using the black box testing, it can be known that each
feature was able to achieve its targets.
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Table 18. Black-box test result on monitoring dashboard

Features Testing Results Status

Read VM A metrics and send it Activate Python scripts or VM A able to send its metrics to the Achicve
to PAC Control Server run it automatically PAC Control Server

Read VM B metrics and send it Activate Python scripts or VM A able to send its metrics to the Achieve
to PAC Control Server run it automatically PAC Control Server

VM PAC Control Server able to

VM PAC Control Server receives  Activate Python scripts or receive metrics from both VM A and ~ Achieve

VM A & B metrics run it automatically VM B

Run RL model on VM PAC . . VM PAC Control Server is able to run

Control Server using pickle for Activate Python scripts or RL model’s pickle file to predict the Achieve
temperature and humidity run it automatically P pre
predictions temperature and humidity

VM PAC Control Server real- Accessing the VM PAC sht)/vl\:[ ti?r(z:siﬁrsltirl?éllslzrizerlife?gi ?n d
time monitoring on a local web Control Server IP address Lo . & Achieve

server with the given port predictions in real-time on a local web

server

3.4. Limitations and Practical Considerations on system

The results indicate that data center cooling system control using RL can improve energy efficiency by
adjusting temperature and humidity based on real-time sensor readings, with the conditions of CPU, RAM, and
DISK shown in Table 12 to Table 17. Specifically, the application of this model is capable of reducing cooling
energy consumption, which is one of the largest items in data center operating costs. By adapting cooling
strategy to server operating conditions, this model allows for more dynamic power reduction than static
strategies, thereby improving the sustainability of data center operations.

Despite the significant contribution, this model has several limitations that need to be considered in large-
scale implementations. The most significant challenge lies in the increasing computational complexity when
the number of servers and sensors added increases, leading to longer training durations and computation rates.
Additionally, the introduced RL model does not respond to dynamic workload variations in terms of changes
in CPU usage or data traffic fluctuations that affect the performance of the developed cooling policy.

In real-world implementations, integration with physical cooling devices and data center facility
management software is required, which may cause compatibility issues with existing devices and
infrastructure. Airflow, Dust, and Air Quality, as well as other environmental conditions, have not been
included in the model calculation, which may affect the accuracy of cooling control under various operating
conditions. Therefore, for large data center deployment cases, further evaluation of the model's scalability,
computational effectiveness, and robustness to more complex operating conditions is needed.

4. CONCLUSION

In conclusion, the evaluation of the agent's performance using different episodes provided different
outputs that allowed identifying the best metric value. The results showed that using 100,000 episodes produced
highest average reward of 4.76, followed by 10,000 at 4.09 and 1,000 episodes at 1.62. This was consistent
with the convergence rate, where 100,000 episodes also showed the fastest learning speed at 13.20, exceeding
the rates for 10,000 and 1,000 episodes at 7.99 and 6.66, respectively. Additionally, sample efficiency was
maximized at 100,000 episodes with a score of 10.15, higher than 10,000 episodes at 4.43 and 1,000 episodes
at 4.12. This showed that the agent learned more effectively with increased iterations.

The highest stability was 1,000 episodes at 5.74, followed by 10,000 and 100,000 episodes at 3.09 and
2.60, respectively. This showed that increasing the number of episodes could enhance learning outcomes,
leading to higher fluctuations in performance. Therefore, 100,000 episodes were considered better for
maximizing reward, convergence rate, and learning efficiency, although the stability was not significantly high
compared to others.

As the size of the CPU, RAM, and disk components increased, the temperature decreased and the
humidity increased. After completing the CPU stress test, the highest CPU usage with 1.5 CPU provided the
lowest temperature at 20.42°C and the greatest humidity at 57.65%. When the RAM stress test was performed,
the highest RAM usage with 1 GB of RAM produced the lowest temperature at 21.22°C and the greatest
humidity at 56.47%. Lastly, when the disk stress test was performed, the highest disk usage with 6 GB of RAM
produced the lowest temperature at 21.03°C and the greatest humidity at 56.97%. The black-box testing of the
dashboard showed that all features were functioning correctly and were suitable for real-time monitoring and
controlling the PAC temperature and humidity.
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For further studies, recommendation was made to explore the integration of the proposed model with

physical cooling devices and data center facility management software to address potential compatibility issues
with existing infrastructure. Additionally, incorporating Airflow, Dust, and air quality into the model could
enhance the accuracy of cooling control under diverse operating conditions. Further studies should also focus
on evaluating the model's scalability, computational efficiency, and robustness in handling more complex and
dynamic data center environments.
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