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Abstract. This paper discusses the ongoing development of an energy-
efficient YOLO-based fire detection system optimized for edge devices.
Using Knowledge Distillation, we compress the YOLOv8m model
into YOLOv8n, making it more suitable for deployment on energy-
constrained edge devices while maintaining its accuracy. Additionally, we
are designing a real-time dynamic energy control mechanism to manage
energy usage during the inference process based on real-time power mon-
itoring. Initial results demonstrate that the proposed method reduces
model size and power consumption without compromising performance.
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1 Introduction

Intelligent, energy-efficient infrastructure monitoring for fire detection [1]
requires integrating AloT with smart grids. However, deploying models such
as YOLO (You Only Look Once) on edge devices is hindered by high computa-
tional complexity and energy demands [2]. While YOLO’s real-time capabilities
make it ideal for fire detection, its power consumption renders it unsuitable for
energy-constrained edge devices in smart grids [3].
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In this study, we compress YOLOv8m into a more efficient model (YOLOv8n
Distill) using Knowledge Distillation (KD) while maintaining accuracy [4,5].
With this reduction in size and complexity, it is perfect for deployment on edge
devices such as Jetson Nano for fire detection. We also present ongoing a dynamic
energy control mechanism using real-time power monitoring via the Tegrastats
API. Tt optimizes energy consumption during fire detection inference by dynam-
ically adjusting model activity according to real-time power data.

2 Related Work

Previous research has explored Knowledge Distillation (KD) to optimize object
detection models for edge devices. Liu et al. (2023) improved YOLO’s robustness
in foggy environments using KD with transformers [6], while Zhou et al. (2022)
adapted YOLOv5 for domain-specific detection [7]. Li et al. (2023) compressed
YOLOV5 for agricultural use, showcasing its real-time optimization [8]. Chan
et al. (2024) applied Kafka for flame and smoke detection on edge devices [9].
Talaat and ZainEldin (2023) enhanced fire detection with YOLOvS for smart
cities [10].

3 Methodology
3.1 Knowledge Distillation

Stochastic gradient descent (SGD) with a 0.01 learning rate was used to train
the YOLOv8m model on a fire and non-fire dataset [11]. Then, As illustrated on
Fig. 1, knowledge distillation was used to transfer knowledge from the YOLOv8m
(teacher) model to the smaller YOLOvSs (student) model [12]. The student
model used soft labels from the teacher and complex labels from the dataset
to mimic the teacher’s predictions with reduced computational and memory
demands [13]. This approach achieves high accuracy and efficiency, making it
suitable for energy-constrained edge devices [13].
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Fig. 1. Knowledge Distillation Process for YOLO Optimization.
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3.2 Dynamic Energy Control Concept

We use K-Means clustering to group energy data into low, average, and peak
clusters. The system pauses object detection during peak usage and resumes
when consumption normalizes. YOLO adapts to CPU and GPU power levels,
stopping inference at peak usage to save energy and prevent overheating, as
shown in Fig. 2.
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Fig. 2. Dynamic Energy Control Flowchart Propose.

4 Results and Discussions
4.1 Energy, Resource, and Performance Analysis

During YOLOv8m and YOLOvS8n inference, we monitored energy consumption
and system utilization. As presented in Table 1, YOLOv8n Distill is 60% more
energy-efficient, using 6.58 mW of CPU+GPU power compared to 16.59 mW
for YOLOv8m.

Table 1. Summary of Resource Utilization for YOLOv8m and YOLOv8n Distill States

Metric YOLOv8m (Avg) YOLOv8n Distill (Avg)
RAM Usage (MB) 13 MB 13 MB

CPU Usage (%) 23.49% 10.32%

GPU Usage (%) 2.60% 3.00%

Power VDD_IN (mW) |0 mW 0 mW

Power CPU+GPU (mW)|16.59 mW 6.58 mW

CPU Temperature (C) [55.42 °C 54.35 °C

GPU Temperature (C) [51.12 °C 50.06 °C
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Furthermore, YOLOv8n Distill uses only 10.32% of CPU compared to
YOLOv8m’s 23.49%, and the same RAM, GPU usage, and temperatures, as
can be seen in Fig. 3, indicating energy savings without performance loss.

Comparison of YOLOv8m and YOLOv8n Distill Metrics
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Fig. 3. Comparison of YOLOv8m and YOLOv8n Distill Energy Consumption

Additionally, as visualized in Fig.4, YOLOv8n Distill performs better than
YOLOv8m across the board: a higher FPS (31.43 compared to 13.33) and
faster inference time (0.032s compared to 0.090s). These improvements make
YOLOv8n Distill more suitable for edge devices in real-time applications.

Line Plot Comparison: YOLOv8m vs YOLOv8n Distill on FPS, Inference Time, and Detected Objects
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Fig. 4. Comparison of YOLOv8m and YOLOv8n Distill Detection Performance

As listed in Table2, both models achieve similar detection accuracy, with
YOLOvV8n Distill detecting an average of 2.46 objects, compared to YOLOv8m’s
2.44. Although YOLOvS8n Distill has a slightly lower F1 score (0.92 vs. 0.94 for
YOLOv8m), the substantial gains in speed and power consumption make it
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an optimal choice for energy-constrained environments, such as edge AI deploy-
ments. Meanwhile, Fig. 5 shows that YOLOv8n Distill achieves significantly bet-
ter FPS, with 30.43 compared to 13.06 for YOLOv8m, and has a faster inference
time of 0.0329s compared to 0.0765s.

Table 2. Average Performance Comparison

Metric YOLOv8m (Avg) YOLOv8n Distill (Avg)
FPS 13.33 31.43

Inference Time (s)0.090 0.032

Detected Objects 2.44 2.46

F1-Score 0.94 0.92

Before: YOLOV8m After: YOLOv8N Distill

Fig. 5. Comparison of YOLOv8m and YOLOv8n Comparison Performance

4.2 Dynamic Energy Control Progress

To optimize energy consumption during YOLO inference, we have made sig-
nificant progress in developing a dynamic energy control system that leverages
K-Means clustering for real-time power usage data. The system currently catego-
rizes power consumption into three clusters: low, normal, and peak. Although the
system does not yet include an alerting mechanism, it detects changes in energy
consumption and displays the current energy state (low, normal, or peak) on the
screen in real time. This allows for immediate awareness of energy use during
inference tasks.

At this stage, K-Means clustering has been successfully integrated into the
system, enabling real-time classification of energy states during video inference,
as As demonstrated in Fig. 6. However, the YOLO object detection model has not
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been fully integrated into this energy control framework. In upcoming studies,
YOLO will be integrated with the dynamic energy control system to enable real-
time object detection and efficient energy management on edge devices such as
Jetson.

RAM: 5983.0MB
CPU: 14.9%
GPU: 85.5%
Power: 10.8mW

RAM: 4252.0MB
CPU: 39.8%
GPU: 94.0%
Power: 19.6mW

Low Energy Normal Enérgy Peak Energy

Fig. 6. Energy Status Classification Using K-Means Clustering

The pseudo-code for the dynamic energy control algorithm is provided below,
illustrating the core logic of the energy status classification and control mecha-
nism.

Algorithm 1. Dynamic Energy Control with K-Means

1: Initialize K-Means clustering with three clusters: Low, Normal, Peak
2: Collect power consumption data from the Tegrastats API

3: while object detection is running do

4 Classify current energy status using K-Means
5 if energy status is Peak then

6: Pause YOLO object detection

7 else
8.

9
10:

Continue YOLO object detection
end if
end while

5 Conclusion and Future Work

This paper presents the progress of integrating energy-efficient mechanisms into
fire detection models for edge devices. Based on real-time data from edge devices,
we implemented a dynamic energy control system using K-means clustering to
classify energy usage into low, normal, and peak categories. This enables adaptive
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control of system performance, which is important for resource-limited environ-
ments. Although the YOLO model has yet to be fully implemented with this
system, the energy classification framework provides a basis for further opti-
mizations.

Future work will focus on integrating our YOLO Distillation Model with
the energy control mechanism. The existing K-Means-based energy classifica-
tion system will be further refined, enabling real-time fire and smoke detection
while maintaining energy efficiency. This enhancement will improve the model’s
suitability for applications in energy-constrained environments such as smart
grids, industrial safety systems, and IoT-based fire monitoring.
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