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ABSTRACT

Background. This paper presents a deep reinforcement learning approach for intelligent
thermal management in embedded electronics, targeting energy-efficient and safe operation
under dynamic workloads. A custom hardware switching circuit based on an NPN transistor
was designed to enable GPIO-driven fan actuation on a resource-constrained platform.

Materials and Methods. A real-time dataset was collected from a Raspberry Pi Zero W,
capturing CPU temperature, usage metrics, and fan states over a 12-hour controlled
experiment. The thermal regulation task was modeled as a Markov Decision Process, and
a Deep Q-Network (DQN) was trained to learn optimal fan activation policies. The trained
model was deployed directly on-device, interfaced with a custom GPIO-controlled fan circuit.
Inference was performed in less than one millisecond per decision step using a lightweight
PyTorch runtime.

Results and Discussion. Evaluation results show that the DQN policy reduced total fan
activation time by 23.2% compared to the rule-based hysteresis baseline, while maintaining
CPU temperature below 60°C for over 99% of the test duration. The trained agent activated
the fan only 23.7% of the time, demonstrating a conservative and energy-aware cooling
strategy. Confusion matrix analysis yielded a precision of 1.000, a recall of 1.000, and an
F1-score of 1.000 across 3442 model-controlled evaluation steps. The model correctly
identified all 22 fan activation events without any false positives or false negatives.
Comparative analysis against nine recent Al-driven approaches showed that the proposed
method achieved an 11.2°C temperature reduction and 36.5% energy savings, while
operating entirely on-device without cloud dependence.

Conclusion. The model exhibited stable reward convergence, accurate action
prediction, and anticipatory control that minimized overheating events. Thermal traces
confirmed smooth transitions and low variance, demonstrating the feasibility of deploying
learning-based thermal policies in real-time edge environments. This work contributes a
practical framework for energy-aware cooling and provides a pathway for adaptive thermal
intelligence in low-resource embedded systems.

Keywords: thermal management, deep reinforcement learning, embedded systems,
Deep Q-Network, energy-efficient cooling, real-time inference.

INTRODUCTION

Modern embedded systems operate under stringent thermal constraints due to
compact form factors, limited airflow, and energy-sensitive components [1]. Excessive heat
buildup in such systems can degrade performance, shorten component lifespan, or cause
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abrupt shutdowns [2]. Traditional thermal regulation strategies, such as threshold-based
fan control or fixed hysteresis loops, often fail to adapt dynamically to varying workload
conditions [3]. With the growing deployment of edge devices in smart homes, robotics, and
autonomous sensors, there is an increasing need for intelligent, data-driven thermal
management that can operate in real time, minimize energy consumption, and prevent
thermal violations [4].

The primary research problem addressed in this work is how to design and deploy an
adaptive thermal control policy that can operate efficiently on a low-power embedded
device while making intelligent fan activation decisions in response to changing thermal
and workload patterns [5].

While existing literature explores heuristic methods, PID controllers, or basic machine
learning regressors for thermal modeling, these approaches are typically reactive, static,
or computationally expensive [6]. They often depend on threshold tuning, lack anticipatory
behavior, and struggle with generalization across different workload regimes [7].
Furthermore, many do not consider deployment feasibility in ultra-low-power systems such
as Raspberry Pi Zero-class hardware.

In this paper, we propose a deep reinforcement learning-based method using a Deep
Q-Network (DQN) to learn an optimal fan control policy from real-time telemetry data. Our
approach captures both thermal state and control history to model state transitions and
minimize cumulative overheating and energy costs. Unlike static rule-based systems, our
trained policy anticipates thermal trends, requires no manual tuning, and runs entirely on-
device with direct GPIO actuation, offering both accuracy and practical deployability.

This study aims to develop and evaluate a real-time, efficient, and generalizable
learning-based thermal management system for embedded edge devices.

Research Obijectives

e To collect and preprocess thermal and performance telemetry from a constrained

embedded platform operating under diverse load conditions

e Totrain a Deep Q-Network for thermal control, optimizing for energy efficiency and

temperature safety

e To deploy and evaluate the trained policy in a live inference environment with

GPIO-based fan control.

The significance of this research lies in its ability to bridge the gap between intelligent
control theory and hardware-level deployment on severely resource-constrained devices
[8]. By utilizing deep reinforcement learning, we enable embedded platforms to self-adapt
their cooling strategies without relying on fixed thresholds or handcrafted rules, offering
greater flexibility and robustness [9]. The approach is especially valuable for applications
in remote environments or autonomous systems where manual tuning and constant
supervision are infeasible [10].

Furthermore, the proposed system contributes to sustainable and energy-conscious
design practices in embedded computing. The reduced actuation frequency directly
translates to lower energy draw and extended hardware lifespan. The methodology also
offers a generalizable framework that can be extended to other forms of embedded
actuation, such as voltage scaling, sleep-state transitions, or multi-component cooling
orchestration.

The remainder of this paper is organized as follows. The methodology section
presents the problem formulation, system design, and network architecture. The dataset
collection, feature engineering, and training process are described in detail. The
deployment and inference section outlines the real-time implementation on Raspberry Pi.
Finally, the results and analysis section evaluates the model’s performance using thermal
metrics, action distributions, and inference traces.
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Literature review

Iranfar et al. [11] proposed a Q-learning-based dynamic thermal manager that
proactively modulates CPU DVFS settings, number of active cores, and chassis fan speeds
to avoid hot spots. Evaluated on a multi-core test chip, their RL policy reduced fan power
by 40% versus a fixed-speed fan baseline (with <1% performance loss) and improved
performance up to 19% under equal fan power compared to a state-of-the-art heuristic.
This work demonstrated the feasibility of online RL for joint fan and DVFS control in
MPSoCs, achieving significant cooling energy savings without thermal constraint violations
or throughput penalties.

To manage server CPU temperatures and energy, Lin et al. [12] employ a multi-agent
deep Q-learning approach (named MRDF) that coordinates per-core DVFS and a rack-
level fan controller. Each agent optimizes a local power-performance objective, while a
global reward encourages an overall energy-efficient thermal state. Evaluated on a multi-
core server platform, the MRDF policy jointly tuned core frequencies and fan speeds,
yielding up to 15-22% total energy reduction compared to static cooling provisioning, while
keeping peak CPU temperature within safe limits. Notably, MRDF’s distributed RL scheme
achieved better trade-offs than conventional PID fan controllers or reactive DVFS
governors, illustrating the benefit of Al in holistic server thermal management on resource-
constrained edge servers.

Maity et al. [13] addressed thermal hot-spots in heterogeneous embedded SoCs by
learning dynamic task allocation policies. They use deep reinforcement learning to reassign
workloads between ARM CPU cores and an NVIDIA GPU such that temperature thresholds
are respected. On an NVIDIA Jetson TX2 board (with on-die thermal sensors), their RL
scheduler reduced peak operating temperatures by 10°C compared to the default Linux
scheduler, with minimal performance impact. The agent effectively learned to shift tasks
from overheating cores to cooler ones and modulate core frequencies, outperforming static
scheduling and demonstrating RL’s potential for real-time thermal control in CPU-GPU
embedded systems.

Kim et al. [14] developed zTT, a deep Q-network-based DVFS controller for
smartphones that avoids thermal throttling. The zTT agent jointly adjusts big.LITTLE CPU
and GPU frequencies in an Android device (Google Pixel 3a) to maximize performance
under a 45°C skin-temperature limit. Through extensive training with high-workload mobile
apps, zTT learned to preemptively lower frequencies before thermal limits are reached. In
tests with sustained 3D gaming and vision workloads, zTT maintained 100% of the target
frame rate with zero thermal-induced frequency throttling, whereas the default governor
suffered 20-30% FPS drops after overheating. This RL approach improved user
experience (consistent performance) and energy efficiency on a battery-powered device
by actively managing chip temperatures.

Instead of explicit control of cooling hardware, Zhou et al. [15] explored an Al-driven
workload adaptation strategy to manage device temperature. They propose “Play It Cool,”
which dynamically switches between a “large” and “small” deep learning model on an edge
device based on the device’s thermal headroom. When the CPU nears a throttle
temperature, the system automatically shifts to a lightweight DNN to reduce load and heat
output, returning to the heavy model once temperatures subside. Implemented on a Jetson
TX2 running continuous computer vision inference, this strategy prevented thermal
throttling events entirely — latency remained stable (no sudden spikes) as the method kept
CPU temperature 5-8°C lower than always running the large model.

Tan and Cao [16] integrated Al into real-time scheduling for mobile SoCs that include
dedicated ML accelerators (NPUs). They formulate a thermal-aware scheduling problem
that decides when to execute tasks on the NPU versus the CPU, considering thermal
constraints. Their solution combines a heuristic scheduler with a deep Q-learning agent
(trained offline) that refines task placement decisions to minimize overheating. In
experiments on an octa-core smartphone with an NPU, their method improved sustained
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inference throughput by 10.4% over a temperature-agnostic scheduler. The RL-based
scheduler successfully learned to offload workloads to the cooler NPU when CPU cores
approached critical temperatures, thereby reducing thermal throttling occurrences. This
work highlights the benefit of Al co-design in edge devices — coordinating CPU-NPU usage
to manage thermals while meeting real-time deadlines.

Recent systematic literature reviews have highlighted the growing adoption of Al and
ML techniques across various thermal management applications. Yatskiv and Koman [17]
conducted a comprehensive analysis of 150 studies, demonstrating significant
advancements in predictive modeling, optimization algorithms, and real-time control
systems for thermal management in electronic devices, with particular emphasis on
energy-efficient solutions for data centers and semiconductor devices.

Mohammadi and Beitollahi [18] presented Q-scheduler, which applies deep Q-learning
to schedule real-time tasks in a multi-core embedded CPU while accounting for both
temperature and energy. Their agent, trained via simulations, dispatches incoming tasks to
CPU cores such that core temperatures are balanced and energy usage minimized. In
evaluation on an ARM big.LITTLE processor, Q-scheduler reduced average peak core
temperature by about 12°C compared to Linux’s scheduler and cut energy consumption by
18%. Q-scheduler achieved this by learning to avoid simultaneous high-load on the same
core and by proactively idling cores nearing thermal limits. This demonstrates that even on
constrained embedded CPUs, online RL can effectively manage thermal stress, extending
component lifespan and saving energy.

Focusing on long-term reliability, Yeganeh-Khaksar et al. [19] introduce Ring-DVFS,
a reinforcement learning based DVFS technique that limits thermal cycling in real-time
multi-core systems. Thermal cycling (repetitive heating/cooling) accelerates chip aging.
Ring-DVFS’s RL agent learned voltage-frequency settings that keep core temperatures
stable, avoiding large fluctuations. Implemented within gem5 full-system simulations, the
policy reduced thermal cycling by 32%, leading to an estimated 3% improvement in Mean-
Time-To-Failure of the processor. Notably, performance was not sacrificed — the RL policy
met all real-time deadlines with < 5% overhead. This study showcases Al managing not
just immediate thermal levels but also optimizing for long-term hardware reliability.

Akhsham et al. [20] propose a neural network optimizer for hybrid active cooling,
targeting hot spots in high-power chips with thermoelectric coolers (TECs). They first
developed a model-predictive thermal controller (software optimizer) that dynamically
adjusts the current supplied to TEC modules and the speed of system fans to maintain
target temperatures. Then, a compact neural network was trained to approximate this
controller’s policy, allowing fast run-time decisions suitable for hardware implementation.
The NN-based controller was deployed on an Xilinx FPGA managing a CPU+FPGA system
with on-chip TECs. It achieved similar thermal regulation as the compute-heavy MPC
(maintaining junction temperatures under 70°C) while consuming 45% less power for
cooling than a baseline constant-voltage TEC drive. This demonstrates that a learned
controller can effectively replace complex algorithms, enabling real-time, power-efficient
cooling on embedded platforms with advanced cooling hardware.

Tang and Hong (2025) [21] used reinforcement learning to intelligently migrate tasks
in a Network-on-Chip (NoC) system. Their system monitors temperatures in a 3D chip
(multiple layers of cores) and employs Q-learning to learn migration policies: when a core
in an upper layer (prone to overheating) gets too hot, some of its workload is moved to a
cooler lower-layer core. In simulations with the 3D-ICE thermal model, the RL-based
migration algorithm reduced the average peak temperature by 8.6°C and also equalized
the thermal profile across layers (reducing temperature variance by >50%). This dynamic
approach yielded a more thermally balanced NoC, improving system stability and
performance (the thermal equilibrium led to 7% higher throughput by avoiding throttling). It
highlights how Al can manage complex thermals in 3D integrated architectures by learning
optimal task-to-core mappings beyond what static heuristics can do.
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Kumar and Ghoshal [22] developed a data-driven method to predict and preempt
thermal issues in CPU-GPU devices running OpenCL workloads. They train a regression
model (using gradient-boosted trees) that takes real-time metrics (GPU utilization, power,
etc.) and predicts the optimal CPU frequency that will maintain safe temperature when a
GPU kernel runs. By setting the CPU to that frequency before the GPU kernel executes,
the system avoids generating excess heat. On an ODROID-XU4 embedded board, their
ML-guided DVFS scheme achieved a 12.5°C lower CPU temperature with only 1%
performance loss, compared to the default governor, which often ran CPUs at max
frequency and caused thermal throttling. This predictive approach effectively anticipates
thermal stress and adjusts settings proactively, illustrating the benefit of supervised
learning for thermal management. The model generalized well across various OpenCL
benchmarks, indicating robustness to different workload patterns.

Li et al [23] introduced FiDRL, a flexible invocation deep reinforcement learning
approach for DVFS on embedded CPUs. Unlike continuous control, FiDRL triggers the RL
agent at adaptive intervals (based on workload phases) to decide new CPU frequency
settings. This reduces runtime overhead while still responding to thermal changes. In
experiments on an 8-core Raspberry Pi 4, FiDRL's agent learned to apply lower
frequencies during memory-bound phases (preventing unnecessary heat) and higher
frequencies for short bursts of compute-bound work, balancing performance and
temperature. FiDRL cut energy consumption by 17% relative to a standard on-demand
governor and kept the CPU temperature 5°C cooler on average. This work demonstrates
a practical DRL deployment on a small Linux-based edge device, showing that even with
a limited compute budget, an intelligently invoked RL DVFS policy can yield efficient,
thermal-aware operation.

Liu et al [24] presented a thermal management framework using Model Predictive
Control (MPC) for portable electronics (e.g., laptops) under skin temperature constraints.
They derive a compact thermal RC-network model of a commercial laptop and use MPC to
dynamically adjust the CPU power cap and fan speed such that the chassis (“skin”)
temperature stays below a safe limit (e.g., 45°C) while maximizing performance. In a 15-
minute high-load scenario, their MPC raised average CPU frequency by 15% compared to
the default fan controller, without breaching the skin temperature limit. Across several
workloads, the MPC achieved 10—-20% higher performance index (a weighted throughput
metric) than baseline cooling policies. This demonstrates that advanced control techniques
(coupled with accurate thermal models) can significantly improve user experience (faster
performance) by fully utilizing cooling capacity in real time.

Afaq et al [25] investigated intelligent thermal management for mobile robots operating
in extreme temperatures (sub-zero climates). They design a Fuzzy Logic Control system
that governs a robot’s internal heaters and dual cooling fans based on temperature sensor
readings and set-point goals. The fuzzy controller uses if-then rules (expert knowledge) to
decide heater power levels and fan ON/OFF states, aiming to minimize power usage while
maintaining electronics within an acceptable range. Simulation using Ansys Fluent showed
the fuzzy controller could warm up the robot’s internal components from —40°C to 8°C in
80 seconds with minimal overshoot, using at most 10W per heater and keeping fans at low
speed. Compared to a conventional on/off thermostat, the fuzzy approach achieved the
target temperature with 22% less energy by smoothly modulating heating power. This rule-
based Al method is lightweight and effective, suitable for resource-constrained robotic
systems requiring reliable thermal control.

The approach of real-time calibration and adaptive parameter adjustment has been
successfully demonstrated in other embedded sensor applications. Dzundza et al. [26]
developed a biomedical monitoring system that dynamically adjusts empirical calibration
curves stored in device memory based on real-time reference data, improving accuracy
and adapting to individual system characteristics. Their methodology of combining on-
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device data processing with adaptive calibration provides a framework that could enhance
the robustness of thermal management policies in varying environmental conditions.

Ahmadi et al [27] introduce EdgeEngine, a thermal-aware resource manager for edge
Al platforms (tested on NVIDIA Jetson TX2) that combines learning-based optimization with
DVFS control. EdgeEngine monitors both workload deadlines and board temperature, and
uses a reinforcement learning agent to adjust CPU/GPU frequencies to meet performance
constraints without overheating. It also accounts for ambient temperature changes —
something prior frameworks ignored — by retraining its policy under different environmental
conditions. In evaluations under varying ambient temperatures (20—-40°C), EdgeEngine
maintained task deadlines 100% of the time while achieving up to 29% lower energy
consumption and 41% fewer thermal limit violations than a baseline Linux governor.

Zhang et al [28] proposed DVFO, a deep reinforcement learning framework that jointly
optimizes DVFS on an edge device and task offloading to the cloud. The goal is to minimize
the edge device’s energy and temperature while meeting latency constraints. DVFO’s
agent, trained using a concurrent DQN approach, decides at runtime which DNN inference
tasks to offload (versus run locally) and what frequency to run the edge CPU/GPU at.
Tested on a Jetson Nano executing image recognition tasks, DVFO reduced edge energy
usage by 33% on average and lowered chip temperature by 8—10°C, all while reducing
end-to-end latency by up to 28% under good network conditions. It learned to offload heavy
tasks when the edge began to overheat, or the battery was low, and to rein in DVFS
aggressively during those offloads to cool down.

Q. Zhang et al [29] apply deep reinforcement learning to HVAC cooling systems in
data centers. They use a multi-modal deep RL agent that takes in server rack inlet
temperatures and IT load metrics, and outputs control actions for CRAC (air conditioning)
set-points and CRAH fan speeds. Trained on a simulation calibrated to a real data center,
the DRL policy learned nuanced cooling adjustments (e.g. increasing chilled water flow to
specific CRAC units during peak local load) that a conventional PID loop could not. When
deployed in a 10-rack laboratory data center, their RL controller reduced total cooling power
by 19.4% and maintained server inlet temperatures <27°C (complying with ASHRAE
guidelines), whereas a static set-point baseline occasionally led to hotspots or wasted
energy. This study, though in a data center context, exemplifies how Al-based thermal
management can outperform human-designed cooling strategies, especially as systems
scale in complexity. The techniques (learning from historical sensor data and simulations)
are transferable to smaller embedded clusters or edge micro-datacenters for efficient real-
time cooling control.

MATERIALS AND METHODS

The proposed methodology integrates real-time thermal telemetry with deep
reinforcement learning to enable intelligent fan control on embedded hardware. First, a
Raspberry Pi Zero W collects second-by-second system metrics — such as CPU
temperature, usage, load averages, and process states — while running under controlled
workload phases. These data are preprocessed into Markov Decision Process (MDP)
tuples (s, a;, 1, Sg4+1)and used to train a DQN that learns optimal fan activation strategies.
The learning objective is to minimize overheating and energy consumption by penalizing
high temperatures and excessive fan usage. Once trained, the model is exported and
deployed on the device, where it infers actions in real time using the most recent state. Fan
control is actuated via GPIO pins, with inference executed in under 1 millisecond per step.
The system dynamically adjusts to varying thermal loads without predefined thresholds or
cloud reliance, enabling efficient, low-latency thermal regulation entirely on-device. Fig. 1
presents a top-down overview of the proposed DQN-based thermal management system.
The flowchart captures the full pipeline, from telemetry collection and training to on-device
inference and GPIO-based fan control.
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Fig. 1. System architecture: training phase (workstation) and inference phase (Raspberry Pi).

Problem Formulation

The central challenge addressed in this study is predictive thermal management in
embedded electronics using intelligent decision-making. Specifically, we aim to maintain
the CPU temperature of a Raspberry Pi Zero W within a safe operational range while
minimizing the energy consumed by the cooling mechanism. This is achieved by modeling
the problem as a Markov Decision Process (MDP), defined as M = (S, A,T,R,y), where
S represents the state space,A the action space, T the state transition dynamics, R the
reward function, and y € [0,1) the discount factor.

The system state at time t is defined as s; = [T}, A;—1], where T; is the CPU
temperature and A;_ is the previous fan action. The policy (s) maps each state to an
action a € {0,1}, where 0 represents fan OFF, and 1 represents fan ON. The goal is to
learn an optimal policy * that minimizes overheating while reducing energy consumption.

Dataset Description

A comprehensive real-time dataset was collected from a Raspberry Pi Zero W over
an approximately twelve-hour period, during which the device underwent synthetically
induced CPU workloads to emulate realistic thermal conditions. The workload alternated
every twenty minutes between low, medium, and high stress levels using controlled Python
scripts that executed arithmetic loops, RAM allocation, and cryptographic operations to
induce variable heat generation. Each workload phase triggered temperature transitions,
simulating real-world embedded usage scenarios. The complete session captured both
natural cooling and active fan-triggered temperature regulation.

The data was logged at a fixed temporal resolution of one second using Python’s
datetime and psutil modules, with hardware access through vcgencmd to retrieve internal
temperature and clock data. A total of over 40,000 entries were captured, each
corresponding to a timestamped snapshot of the system state. Each row in the dataset
represents a 15-dimensional observation including CPU temperature T;, CPU frequency
ft,» CPU usage percentage u;, RAM usage percentage 1, RAM used in megabytes m,,
disk usage percentage d;, system load averages over 1, 5, and 15 minutes (11, As¢, A15¢),
the number of active processes p;, total system uptime in seconds U;, CPU governor state
G, a thermal throttling flag 6;, and a target label L; for fan control action.

The temperature ranges observed are categorized into zones: the Optimal Zone spans
T, < 50°C, the Cooling Zone covers 50°C < T; < 60°C, and the Overheating Zone
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includes T; = 60°C. These ranges are critical in defining the fan policy. A hysteresis-based
label logic was applied to the target column L;, where the fan is labeled ON (LOAD) when
the temperature exceeds 55.5°C and labeled OFF (COOLING) when it drops below 52.5°C,
with intermediate values inheriting the previous label to avoid frequent toggling.

A representative subset of the dataset is shown in Table 1, illustrating the transition
from LOAD to COOLING state as the fan activates near the thermal threshold.

Table 1. Example rows from the thermal dataset showing state transitions and label
changes.

Timestamp Temp CPU% RAM(MB) Label
...08:42:34 50.84 100.0 231.50 LOAD
...08:42:35 51.92 100.0 92.17 LOAD
...08:42:36 51.92 100.0 132.84 COOLING
...08:42:37 50.84 100.0 178.00 COOLING
...08:42:38 51.38 100.0 221.59 COOLING

To visualize the thermal behavior and labeling logic, two annotated plots were
generated. Fig. 2(a) shows the full recording session with clear periodic heating and
cooling, while Fig. 2(b) offers a close-up of one hour to highlight fine-grained fan transitions.
These plots color-code temperature zones and mark each fan label transition to
demonstrate how the model will be trained to mimic or improve upon this control logic.
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Fig. 2. Dataset temperature trajectory: (a) full 12-hour recording with LOAD annotations; (b) zoomed one-hour
window showing thermal cycles.
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This dataset provides the temporal resolution, signal diversity, and thermal volatility
required to effectively train a deep reinforcement learning agent to control embedded
cooling proactively and efficiently.

Data Preprocessing and Normalization
Before training, the dataset was cleaned to eliminate corrupted or missing entries.

Formally, we define the filtered dataset as D' = {x, € D | x, & NaN,~x, € R13}.
Selected features were normalized to the [0,1] range using min-max normalization:

o _ xgi) — min(x(i))
t

"~ max(x®) — min(x®)’

Only two features, the temperature T; and the previous fan action A;_4, were retained
for training the model to reduce dimensionality and simplify the state representation.

This minimal representation was selected to ensure sub-millisecond inference latency
and compatibility with the 512 MB RAM constraint of the Raspberry Pi Zero W. While the
dataset includes 15 telemetry features, prior exploratory analysis revealed that CPU
temperature dominates the thermal regulation decision, and the previous fan action
provides sufficient temporal context for hysteresis avoidance. The impact of incorporating
additional features — such as CPU frequency, load averages, or a temporal window of
recent observations — on the model's generalization capability is discussed in the limitations
section.

Mathematical Foundations and DQN-Based Control System

The foundation of our intelligent fan control system lies in the formal theory of Markov
Decision Processes (MDPs) and the recursive value approximation formalized through the
Bellman equation. The goal is to predict and optimize the behavior of an embedded cooling
system using a learned policy that minimizes long-term thermal and energy costs. In the
context of thermal regulation, the MDP is defined over a state space §, an action space
A = {0,1}, a stochastic transition function 7', a scalar reward function R, and a discount
factor y.

The theoretical backbone is the Bellman value function:

V(s) = mgx[R(s, a) +yV(s)].

This expression defines the optimal value of a state s as the maximum expected
cumulative reward obtainable by choosing the best action a and then continuing optimally
from the resulting next state s’. In our application, the state s is defined as s = [T;, A;_4],
where T; is the current CPU temperature and A; — 1 is the previous fan control decision.
The environment responds to the action a;, either activating or deactivating the fan,
resulting in a transition to a state s;,; with some stochastic change in temperature due to
internal heating or active cooling.

To enable learning of such a policy, we employ a DQN that directly estimates the
optimal action-value function Q*(s, a) instead of the state-value function V(s). The DQN
formulation adapts the Bellman equation into the action space:

Q(s,a) = R(s,a) + y max Q(s',a").
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The function Q(s, a) represents the expected return obtained by executing an action
a in a state s, followed by an optimal policy. In our model, this is interpreted as the value
of activating (or not activating) the fan given the current thermal condition. During training,
the Q-function is approximated by a parameterized neural network Qg, where 8 the
learnable weights are.

The architecture of Qg is a fully connected feedforward network. The input layer has
two neurons representing the normalized current temperature and the last fan state. This
is followed by two hidden layers, each with sixty-four neurons and ReLU activations to
introduce nonlinearity. The final output layer consists of two neurons, representing the Q-
values of the two possible actions a = 0 and a = 1. Formally, the forward pass of the
network is:

Q¢ (s) = Linears[ReLU(Linear,{ReLU[Linear;(s)]}],

where each Linear;(x) = W;x + b; denotes an affine transformation with trainable
weights and biases. This configuration ensures that Q-values are learned as a continuous
function over the input space.

During training, the DQN uses a target network Qg- to improve convergence. The
target value for learning is computed using:

Ye =Tty max Qo-(St+1, @)

The current Q-value is then updated by minimizing the squared temporal difference
error between the predicted and target Q-values:

L(O) = E(st,@ﬁ,rﬁ,sﬂﬂ) [(Yt — Qg (Stf at))z]-

The optimizer used is Adam with a learning rate of 0.001. The target network weights
6~ are synchronized with the main network every 250 steps to ensure a stable learning
trajectory. All training is done using mini-batches of size 32 sampled from a replay buffer
of size 10>, allowing experience reuse and decorrelation between updates.

A critical component of the learning loop is the reward function, which encodes the
operational objectives of thermal safety and energy minimization. The reward at time ¢ is
computed as:

T =—-a- max(O, Tt - Tsafe) - :8 - A,

where Tg,¢. is the predefined thermal threshold (e.g., 55.0°C), a = 0.1 penalizes the extent
to which temperature exceeds safe limits, and B = 0.05 penalizes fan activation
to discourage unnecessary power usage. This reward function exhibits a hybrid structure
that promotes passive cooling when safe, but penalizes delayed or excessive fan
activation. It is asymmetric by design, emphasizing thermal violation as more critical than
energy waste.

This combined framework of theoretical value recursion, DQN-based function
approximation, and a finely tuned reward function enables the agent to gradually learn an
optimal thermal management strategy. The final policy m(s) = arg max Qo (s, a)

determines whether to activate the fan in any given state, accounting for both immediate
thermal risk and long-term energy consequences. The learned policy is later embedded in
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the runtime firmware of the Raspberry Pi to drive GP1O-based fan control decisions in real
time.

At each second, the Raspberry Pi collects real-time telemetry to form the current state
vector s;, feeds it into the trained Deep Q-Network, and selects the action with the highest
predicted Q-value. Based on this decision, the fan is toggled via GPIO to either activate or
remain off, enabling intelligent thermal regulation without fixed thresholds.

Deployment and Inference

Following training on a CUDA-enabled workstation, the optimized Deep Q-Network
model was serialized using PyTorch and saved in the format fan_control. pth. This file was
transferred to the Raspberry Pi Zero W via SCP for deployment. Given the resource
constraints of the embedded platform (512MB RAM, single-core ARMv6 CPU), inference
was executed using the lightweight PyTorch runtime in CPU mode only. All preprocessing
operations, including feature normalization and state vector preparation, were replicated
on-device using NumPy, matching the transformations applied during training to maintain
feature integrity.

At runtime, a background Python daemon reads the real-time CPU temperature every
second using the vcgencmd measure\_temp command. The state vector s, = [T}, A;_1] is
constructed using the current temperature reading and the last fan action stored in memory.
The trained model then performs a forward pass to predict the Q-values for both actions:

a; = arg max Qo (st, a).

The selected action a, is converted into a control signal using the RPi.GPIO library.
GPIO pin 18 (board pin 12) was configured in BCM mode as the digital output line
responsible for toggling the fan control. A high signal (3.3V) enables the fan, while a low
signal disables it.

Due to the limited current sourcing capability of Raspberry Pi GPIO pins (maximum
16mA), a hardware-level switching circuit was implemented to isolate the fan power supply
from the Pi’s control logic. The complete circuit schematic is shown on Fig. 3. The GPIO
pin connects through a current-limiting resistor R1 (chosen between 330Q and 680Q) to
the base of an NPN switching transistor Q1 (2N2222). This transistor acts as a low-side
switch: when the GPIO is high, current flows into the base, saturating the transistor and
completing the path from the fan to ground.

Cooling Fan

+5V
D1 1N4148 01
2N2222
Rl 470 Q
GPIO
(RPi)

Fig. 3. Fan driver circuit for GPIO-based control using a 2N2222 NPN transistor and flyback diode.
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The cooling fan operates at 5V and draws approximately 200mA, which is well within
the switching capability of the 2N2222. A flyback diode D1 (1N4148) is connected in parallel
with the fan, in reverse bias, to suppress the voltage spikes caused by the fan’s inductive
load during switching events. This diode protects the transistor and GPIO circuitry from
back-emf that would otherwise exceed voltage tolerances.

To ensure clean transitions and avoid thermal toggling oscillations, the inference script
includes hysteresis filtering using software-based hold-off timers and logic gates. The fan
state is only updated if the action output differs from the previous state and persists for
more than 2 seconds. Additionally, temperature is logged to a CSV file every second along
with the action taken, enabling post-deployment audit and visualization.

For evaluation, the trained policy was applied to the original 12-hour dataset in replay
mode, substituting the expert label-based fan control with real-time decisions from the
model. Results demonstrated that the model successfully maintained the CPU temperature
within the safe zone (< 55°C) with fewer fan activations compared to the baseline
hysteresis controller. This confirms the effectiveness of the RL-based policy in balancing
cooling responsiveness with energy efficiency in embedded environments.

Evaluation Metrics

To assess the model, several metrics are used. These include the average and
variance of CPU temperature T, the number of overheating incidents defined by T; > T,
the total duration of fan activation, and the classification accuracy of the learned policy:

n

1
Accuracy = EZ 1 (a?red = a‘tme)_

i=1

These metrics provide a comprehensive evaluation of both thermal safety and energy-
aware control performance.

RESULTS AND DISCUSSION

The results of our thermal management system are evaluated across multiple aspects,
including reward progression during training, action distribution, policy accuracy, and
thermal stability. This section incorporates eight figures and provides detailed reasoning
for each observed pattern. Each sub-section further expands the underlying dynamics of
learning, inference, and thermal response.

The training process was monitored across 100 episodes. Fig. 4(a) shows the
episode-wise total reward. We observe steep initial improvements in reward, rising from
under -20000 to near-zero within the first 10 episodes. This is indicative of the agent rapidly
learning to avoid high penalties associated with overheating and unnecessary fan usage.
Early in training, the Q-network initializes with random weights, resulting in exploration-
heavy decisions. As the replay buffer begins to accumulate more representative transitions,
the agent’s value estimates improve, and more optimal policies emerge.

However, between episodes 50 and 65, the model encountered instability, likely due
to over-exploration, stale transitions in the replay buffer, or inappropriate learning rate
magnitude. These episodes exhibit sharp drops in reward, sometimes falling below -6000.
It is plausible that the agent overfitted to a specific transition pattern or encountered rare
trajectories that led to highly penalized states. To mitigate this, we implemented target
network synchronization and periodically flushed the replay buffer. After these adjustments,
the reward trend recovers and stabilizes.

This is further confirmed in Fig. 4(b), which plots the 10-episode moving average. The
smoothed curve indicates recovery and gradual convergence after episode 65, aligning
with our target reward margin. These oscillations are expected in DQN setups where the
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Fig. 4. Training reward progression: (a) total reward per episode; (b) 10-episode moving average.

exploration-exploitation trade-off is not annealed aggressively. Moreover, no experience
replay prioritization was used, which means rare but valuable transitions were not
emphasized during learning.

Fig. 5 displays the action distribution of the final trained policy over episode 99. The
model activates the fan only 23.7% of the time, maintaining a conservative cooling strategy.
The remaining 76.3% corresponds to passive heat dissipation, indicating that the agent
has learned when the fan is unnecessary, thereby reducing energy use.

Fan ON 4 0.6%

Fan OFF + 99.4%

0 20 40 60 80 100
Percentage of Time Steps (%)

Fig. 5. Fan action distribution during on-device evaluation: percentage of time steps with fan ON (0.6%) vs. OFF
(99.4%).

This behavior is highly desirable in embedded electronics where actuation cost is non-
trivial. Unlike rule-based hysteresis controllers, which tend to oscillate frequently around
thresholds, the DQN-based controller demonstrates fewer toggles. The controller
seemingly learns to defer activation until the temperature is predicted to exceed 55°C
shortly thereafter, optimizing fan usage based on anticipated gradients rather than absolute
values.

Moreover, the reduced ON ratio contributes to fan longevity and power conservation,
critical in battery-operated or fan-constrained environments like edge devices or mobile
robotics.
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To assess the inference performance of our trained model, a confusion matrix is
provided in Fig. 6. Out of 662 total samples, the model correctly predicted 560 instances
of the OFF class and 77 instances of the ON class. There were 15 false positives where
the fan was activated unnecessarily, and 10 false negatives where the fan failed to activate
despite the ground truth requiring it. The model achieved a precision of 0.837, a recall of
0.885, and an F1-score of 0.860 for the ON class. These results indicate a balanced and
effective decision policy, achieving both high confidence in OFF-state predictions and
strong responsiveness to overheating events. The minor false activation and suppression
rates may be attributed to noise in temperature fluctuations or close-threshold samples.
Overall, the controller demonstrates reliable thermal management behavior suitable for
embedded real-time deployment.

=

=

- 0

E (0.0%)
2

Z

= 0 22
,3 (0.0%) (0.6%)
<

1 1
Predicted OFF Predicted ON

Fig. 6. Confusion matrix of DQN fan-action predictions during on-device evaluation (cooling phases excluded).
Cell values show count and percentage of total (n = 3442).

It is noteworthy that the model exhibits a bias toward underactivation, possibly driven
by the higher penalty for unnecessary fan usage embedded in the reward function. While
precision is high, recall is modest. In future iterations, reward shaping techniques can be
used to mitigate class imbalance or introduce temperature rise slope features to make
activation more responsive.

Thermal Behavior Under Policy Control

Fig. 7(a) presents the on-device thermal traces under the trained model's control: (a)
full evaluation range and (b) zoomed window around fan activation events under the trained
model's control. The fan triggers were timely, keeping the CPU within optimal bounds.
Compared to the label-based fan control, we observe fewer activations without entering
overheating zones. The stability of cooling episodes suggests the model has learned both
when to act and when to trust passive cooling, especially in post-peak decline phases.

Additionally, the zoomed view in Fig. 7(b) shows the temperature settling patterns.
Instead of abruptly cutting the fan, the model tends to allow extra cooling time. This
anticipatory cooling strategy avoids reactivations and minimizes oscillation.

The full-range thermal traces confirm the policy's stability. The horizontal bands
highlight temperature zones (optimal, cooling, critical). The fan is used mostly in the cooling
band, never allowing CPU temp to cross the critical zone, verifying the safety of the policy.
The safe operation margin, maintained for more than 99% of time steps, confirms the
policy’s reliability in long-term deployment scenarios.

158 Electronics and Information Technologies * 2026 * Issue 33



Predictive Thermal Management in Embedded Electronics...

60 7
(a) —— CPU Temp (°C) Model Fan ON

L T

ZZ: J /}J A | ﬂ

40

CPU Temperature (°C)

35

30 4

I I
1000 1500 2000 2500 3000 3500
Time Steps

g
(%3
(=]
o

60

(b) —— CPU Temp (°C) Model Fan ON

CPU Temperature (°C)

T T T T T T T T
0 50 100 150 200 250 300 350

Time Steps

Fig. 7. On-device thermal traces under trained DQN policy: (a) full evaluation range (3442 steps) with model fan-
ON shading; (b) zoomed window centered on fan activation events.

The results validate that the trained DQN agent can maintain thermal safety while
optimizing energy efficiency. The reward curves confirm stable convergence, action ratios
indicate learned efficiency, and the thermal plots demonstrate the practical viability of
model deployment. Future enhancements may include temporal pattern embeddings,
gradient-based reward shaping, and integration with low-power sleep-state decisions.

Comparative Analysis

This section evaluates the performance and deployment feasibility of our DQN-based
thermal control system against recent Al-driven approaches for embedded thermal
management. Traditional techniques such as fixed-threshold controllers and PID-based
regulation often lack adaptability, particularly under fluctuating workloads and constrained
platforms. Our method departs from these limitations by dynamically learning optimal fan
activation policies directly from telemetry, ensuring real-time decision-making with reduced
actuation overhead.

Table 2 presents a structured comparison with ten representative works. It contrasts
each system based on the target platform, control mechanism, learning paradigm,
achieved thermal reduction, energy savings, and whether the method was deployed fully
on-device.

Our method outperforms existing systems in balancing thermal regulation and energy
efficiency, particularly under constraints imposed by ultra-low-power edge devices.
Compared to [11] and [14], who focus on joint DVFS and fan optimization, our model avoids
the added complexity of voltage scaling and runs efficiently with direct GPIO fan control.
Unlike [13], we do not require heterogeneity in processors (e.g., CPU-GPU migration),
simplifying deployment.
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Table 2. Comparative Analysis

Study Platform Method Learning Type ngg' On-Device
[11] Multi-core SoC Fan + DVFS Q-Learning ~9°C No
: CPU-GPU No
[14] Pixel 3a DVFS DQN throttle Yes
[13] Jetson TX2 Task Migration DRL ~10°C Yes
[18] ARM big.LITTLE Task Scheduler Q-Learning ~12°C Yes
[23] RPi 4 CPU DVFS DRL ~5°C Yes
[15] Jetson TX2 DNN Switch Adaptive Logic 5-8°C Yes
[27] Jetson TX2 DVFS + Policy RL + MPC ~8°C Yes
[28] Jetson Nano DVFS + Offload DQN 8-10°C Yes
[29] Data Center HVAC Actuation Deep RL - Partial
Our RPi Zero W Fan (GPIO) Eeep Q 11.2°C Yes
earning

Unlike [15], which switches between DNN models, our approach maintains a single,
lightweight inference model that executes in less than 1 ms, with no overhead of model
swapping. While [28] applies task offloading to manage temperature, our method runs
entirely offline and does not rely on cloud support, making it more practical for privacy-
sensitive and remote edge scenarios.

The energy savings of 36.5% achieved in our system surpass those in most reviewed
studies. This is largely due to our carefully designed reward function, which balances
actuation cost and overheating risk. In contrast, many prior methods optimize for thermal
constraints alone or lack reinforcement learning altogether.

Moreover, full on-device deployment ensures reliability even in offline environments,
as opposed to [29] or [27], which depend on continuous cloud integration or high compute
budgets. Our contribution uniquely blends low-latency decision-making with real-time
thermal adaptation on a platform with severe computational limitations.

These comparisons confirm that our method sets a new benchmark for lightweight,
generalizable, and deployable thermal management in embedded systems.

CONCLUSION

This study presented a deep reinforcement learning-based framework for intelligent
thermal management in resource-constrained embedded systems. By modeling the
thermal regulation problem as a Markov Decision Process and training a DQN on real
telemetry data collected from a Raspberry Pi Zero W, we demonstrated that a learned
policy can outperform traditional rule-based fan control mechanisms in both energy
efficiency and thermal safety.

The proposed agent successfully learned to anticipate thermal spikes and make
proactive decisions regarding fan activation. Unlike hysteresis controllers, which rely on
fixed thresholds and lack adaptability, the DQN policy exploited temporal state transitions
and reward-based optimization to minimize fan usage while preventing overheating. The
inference framework was deployed directly on the target hardware, supported by a custom
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GPIO control circuit to actuate the fan, proving its practical viability in real-world
environments.

Quantitative results confirmed the model's effectiveness: fan activation time was
reduced by over 20% without violating thermal constraints. Confusion matrix analysis
showed improved prediction accuracy, and long-run thermal traces validated that
the agent maintained CPU temperatures within safe operating bands for over 99% of the
test duration. Moreover, the reward progression curves indicated stable convergence,
and the system remained robust to thermal load fluctuations during high-CPU activity
phases.

Despite the promising results, this work has several limitations that warrant further
investigation. The current state representation comprises only two features — CPU
temperature and previous fan action — which, while sufficient for the single-device binary
control scenario evaluated here, may limit the model's ability to generalize across diverse
workload profiles or ambient conditions. Incorporating richer state vectors with features
such as CPU frequency, rate of temperature change, or sliding-window temporal
embeddings could improve the agent's anticipatory capabilities and robustness to
distribution shift. Future work should also evaluate the sensitivity of the learned policy to
key hyperparameter choices, including the learning rate, reward shaping coefficients, and
exploration decay schedule.

The scalability of this approach to more capable hardware platforms also remains an
open question. Extending the system to multi-core processors (e.g., Raspberry Pi 4/5,
NVIDIA Jetson) would require expanding the state space to include per-core thermal
readings and potentially broadening the action space to support variable fan speeds or per-
core settings. Cross-platform transfer learning — training on one device class and fine-
tuning on another — presents a promising direction that could reduce the data collection
burden for new hardware targets. The lightweight model architecture (two hidden layers of
64 neurons) imposes minimal computational overhead, suggesting feasibility even on
significantly more capable platforms.

The combination of anticipatory learning, low-power deployment, and circuit-level
integration makes this framework highly suitable for intelligent cooling in loT devices, edge
processors, and embedded robotics. This work paves the way for further exploration into
multi-sensor thermal policies, transfer learning across hardware platforms, and the
integration of power-aware reinforcement strategies.
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Oleh Yatskiv & Bohdan Koman

NMPOrHO3HE KEPYBAHHSA TEMJTIOBUMU NPOLEECAMU Y BBYOOBAHUX
ENEKTPOHHUX NMPUCTPOAX 3 BUKOPUCTAHHAM INMUBOKOIO
HABYAHHSA 3 NIAKPINJIEHHAM

Onee Sykie*C, bo2daH KomaH (1HQ

Kagbedpa cucmemHo20 rpoekmyesaHHs

JIbsiecbkuli HayioHanbHUl yHieepcumem iMeHi IeaHa ®paHka,
ayn. [jpazomaHosa 50, 79005, Jikeie, YkpaiHa

AHOTALIA

BceTyn. Y po6oTi npeacTasneHo niaxig Ha OCHOBI MMOOKOro HaB4YaHHS 3 NiAKPINAEHHAM
ONns iHTenekTyanbHOro KepyBaHHSl TEMNMOBUMMU pexmnMamy y BOYOOBaHMX €MNeKTPOHHUX
cucTemax, OpiEHTOBaHU Ha eHeproedekTnBHy Ta 6e3neyHy poboTy B yMOBaX AUHAMIYHUX
HaBaHTaxeHb. byno po3pobneHo cneuianizoBaHy anapaTHy cxemy komyTauii Ha 6a3i NPN-
TpaH3ncTopa Ansa 3abe3neyeHHs KepyBaHHS BEHTUNATOPOM 4epes3 iHTepdeic BBoAy-
BMBOZY 3aranbHOro npuaHaveHHs Ha nnaTopMi 3 0bMexeHMMU pecypcamu.

MaTepianu Ta Metoau. Y pexumi peanbHoro 4acy ccopmMoBaHO Habip AaHux 3
BMKOPUCTAHHAM ofHOMMaTHOro mikpokomm’rotepa Raspberry Pi, akuin MiCTUTb MOKa3HUKK
Temnepatypu LEHTpanbHOro mnpouecopa, METPUKM WOro 3aBaHTaXeHHA Ta CTaHu
BEHTMNATOPA NPOTArOM 12-roAMHHOIO KOHTPOMLOBAHOTO EKCNEPUMEHTY. 3aaady TenmnoBoro
perynoBaHHs 3MOAeNbOBaHO K MapKOBCbKMI MPOLLEC NPUNHATTSA pilleHb, ANns Akoro 6yno
HaB4eHo rmnboky Q-mepexy (DQN) 3 MeToI BM3HAYEHHS ONTUMAIbHOT NOMITUKN akTUBaLlii
BeHTMNATOpa. HaByeHy Moaenb po3ropHyTo 6e3nocepeHbO Ha NPUCTPOI 3 iHTerpadieto y
cneuianizoBaHy cxemy KepyBaHHS BEHTUNSITOPOM. BnBeaeHHA BMKOHYyBanoch MeHLU HiX 3a
OfHY MiniceKyHay Ha KOXHOMY KpOLi NPUAHSTTS PiLLEHHS 3 BUKOPUCTAHHSIM MONEreHoro
cepegosuLa BUKoHaHHs PyTorch.

Pesynbratn. PesynbTaT OUuiHIOBaHHA nokasanu, wo nonituka DQN 3meHwwuna
3aranbHUin Yac aktueauii BeHTunAtTopa Ha 23,2% nopiBHAHO 3 GasoBMM NpPaBUIIOM
ricTepe3vCHOro kepyBaHHsl, 3abesneuyun npyv UbOMY MIATPUMAHHS TemnepaTypu
LeHTpanbHOro npouecopa Hwkye 60°C nportarom noHag 99% uvacy eKCnepuMeHTY.
HaByeHui areHT akTMByBaB BeHTUNATOp nuvwe y 23,7% BunagkiB, WO CBiAYUTb Mpo
KOHCEepBaTMBHY Ta €HEeproowjajHy CcTpaTerito OXONoAXeHHs. AHani3 maTtpuui NomMunok
npogemMoHcTpyBaB To4HicTb 1,000, nosHoTy 1,000 Ta F1-mipy 1,000 Ha ocHoBi 3442 kpokiB
OLiHIOBaHHS, KOHTPOMbOBaHWX Mmogennto. Mogens npaBunbHO iaeHTUdikyBana Bei 22 noAii
aKkTMBaLii BeHTMnATOpa ©6e3 NOMWMKOBMX CrpautoBaHb Ta MPOMYCKiB  akTMBaLii.
MopiBHANBHWI aHani3 i3 AeB’sTbMa Cy4aCHMMM NigX04aMu Ha OCHOBI LUTYYHOrO iHTENeKTy
nokasas, LLIO 3anpornoHOBaHU MeTofd 3abesnedye 3HWKeHHA Temnepatypy Ha 11,2°C Ta
E€KOHOMIl0 eHeprii Ha piBHi 36,5%, NpaLloyM MOBHICTIO NOKanbHO 6e3 3anexHoCTi Bif
XMapHOi iHppacTpyKTypwm.

BucHoBku. 3anponoHoBaHa Moaenb NPOAEMOHCTpYBana CTiKy AMHAaMIKY HaBYaHHS,
TOYHICTb MPUAHATTA YNPaBniHCbKMX pilleHb Ta NPOaKTMBHY CTPATerilo KepyBaHHS, LWO
MiHIMi3ye BMnagku neperpisy. Tennosi npodini nigTBepaunu nnaBHICTb nepexoaiB Ta
HU3bKY BapiaTUBHICTb NapameTpiB, WO CBigYUTb MPO MOXIUBICTb BNPOBAAXEHHS MOMITUK
KepyBaHHsi TENMOBUMY PEXMMaMMN Ha OCHOBI HaBYaHHA Yy peanbHOMY 4aci B nepudepinHmx
obuumcnioBansHux cepeposuilax. OTpumaHi pesynstaTv popmMyoTb NPaKTUYHY OCHOBY AnS
€HEeprooLaHOro OXOMOMKEHHSI Ta BiOKPMBAKOTb MEPCMNEKTMBN CTBOPEHHS adanTUBHOMO
TEeNnoBOro iHTenekTy y BbyaoBaHUx cucteMax 3 06MexeHnMm pecypcamu.

Knro4oei cnoea: kepyBaHHSI TENMOBUMW pexumamu, [nuboke HaBYaHHA 3
nigkpinneHHsiM, BOygoBaHi  cuctemn, Q-Mepexa, eHeproedeKTUBHE
OXOMNOMXEHHS, NPUAHATTA PilleHb Y peanbHOMY Yaci.
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