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Abstract. This research presents a detailed comparison of power con-
sumption when deploying the YOLOv8 (You Only Look Once) object 
detection model on the NVIDIA Jetson Orin Nano, an edge AI device. 
The study examines two execution environments: a Docker containerized 
setup and a non-Docker (bare-metal) environment. Key metrics evalu-
ated include the total wattage consumed during model operation, pre-
and post-processing time, and the inference duration. A smart meter 
is used to capture real-time power usage data for both environments, 
ensuring accurate measurements. By comparing these parameters, the 
research sheds light on the impact of Docker containerization on power 
efficiency and processing performance. While Docker is widely used for its 
convenience and portability, it may introduce additional overheads that 
affect power consumption and execution speed, which are critical factors 
for AI applications deployed on edge devices with limited resources. The 
study seeks to determine if the trade-offs introduced by containerization 
are significant when compared to running YOLOv8 in a native environ-
ment. The results aim to provide actionable insights for developers and 
engineers looking to optimize power consumption and performance for 
AI models on edge devices. 
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1 Introduction 

The recent growth of the Internet of Things has led to widespread adoption of 
edge computing devices across different sectors for data collection and prepro-
cessing. However, the diverse architectures of these heterogeneous edge devices 
present challenges in evaluating and monitoring their performance. In this study, 
we will conduct an experiment to assess the power consumption of the NVIDIA 
Jetson Orin Nano, a compact yet powerful edge AI device. The Jetson Orin 
Nano is designed to support AI applications in fields such as computer vision, 
smart surveillance, IoT edge analytics, and autonomous robots or drones. Its 
combination of a small size and robust computational capabilities makes it an 
ideal solution for developers looking to implement AI while minimizing power 
usage. 

YOLO (You Only Look Once) is a real-time object detection algorithm 
known for its speed and efficiency. Initially introduced by Joseph Redmon in 
2016, it has gone through several updates to enhance its accuracy, speed, and 
overall performance. YOLO is commonly applied in various fields, including 
autonomous driving, robotics, and surveillance systems [ 6, 7]. 

Docker is a platform that allows developers to package, distribute, and run 
applications within isolated environments known as containers. These containers 
are lightweight, portable, and contain everything required for the application to 
function, including code, libraries, and dependencies. Docker ensures a consistent 
environment for applications, making sure they run the same way across different 
systems, regardless of the deployment location. 

The data gathered from the Smart Meter ECO WPM-100 shown in Fig. 1, 
typically includes real-time information on power consumption, such as wattage, 
voltage, and current, along with energy usage trends over time. This device can 
provide detailed insights into the electrical power consumption of various appli-
ances or systems, allowing for precise monitoring and management of energy 
use. The smart meter could help assess the power usage impact when running 
models like YOLO, especially when comparing Docker vs. non-Docker environ-
ments. This kind of detailed data is crucial for optimizing both energy efficiency 
and performance. 

2 Related Works 

Endah et al. [ 1, 2] have implemented iSEC, an advanced system that integrates 
sensors with cloud and edge computing architectures. This paper showcases an 
optimized model for utilizing both cloud and edge environments in deep learn-
ing tasks, specifically for image classification. The study involved training deep 
learning models in the cloud and performing inference at the edge. Results were 
compared before and after fine-tuning to evaluate enhancements in both the 
training and inference phases.
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Fig. 1. Sample data from Smart Meter 

Lien et al. [ 3] successfully applied the YOLO series model for firework detec-
tion in their study. Despite spending additional time on encoding and facing 
issues with non-optimal encoders that led to some resource wastage during trans-
mission, the model is effective in accurately identifying various types of fires, 
including both large flames and small fires, as well as detecting smoke. 

Endah et al. [ 4] have integrated edge computing with deep learning to create 
an innovative application for detecting smoke and flames, addressing the need 
for drones to be equipped with infrared heat sensors. These sensors are used 
to identify the source of flames, but their effectiveness is constrained by the 
distance of infrared rays and the added weight they impose on the drone. The 
study successfully employed object detection and transfer learning techniques 
to detect smoke and flames, deploying these methods on edge devices such as 
Raspberry Pi and NVIDIA Jetson Xavier NX. 

Halim et al. [ 5] implemented Kubernetes to create a robust service monitor-
ing environment for heterogeneous edge equipment performance using Docker 
containers, which offer rapid deployment capabilities. The study focuses on 
deploying a high-quality service monitoring plan and visualizing the results with 
Grafana. 

3 Metholodogy 

Figure 4 illustrates the various stages of the research process. All experiments in 
this study were conducted using the NVIDIA Jetson Orin Nano with JetPack 
5.1.3, running the Ubuntu 20.04.6 LTS operating system. The object recognition 
model employed is YOLO version 8 [ 8], executed in two different environments: 
an environment without Docker and an environment using Docker container. 
Once the environments were set up, the datasets used included two image-based 
datasets and two video-based datasets. The image datasets consist of VisDrone 
2019 [ 9] and Pascal Visual Object Classes [ 10], while the video datasets feature
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clips with durations of 5 min and 30 min. The visdrone dataset consists of 
6741 images in size of 1.44 gigabytes containing cars, trucks, humans and other 
objects taken by drones. PASCAL Visual Object Classes (VOC2012) contains 
4952 images of humans, animals, and another objects in size of 414 megabytes. 
The 5 min and 30 min video contains trucks and cars in the highway taken from 
youtube. The visible example from the datasets is shown below. Figure 2a and  
Fig. 2b show examples of images used in the experiments, while Figure 3 shows 
an example capture from the video dataset. 

Fig. 2. The examples of image used in the experiments 

Fig. 3. The example of video capture used in the experiment 

After completing the experiments on all datasets, performance metrics of the 
YOLO model and the total power consumption during execution were recorded 
for analysis by using smartmeter.
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Fig. 4. Research Methodology 

4 Implementation 

Figure 5 depicts the experiment conducted with the NVIDIA Jetson Orin Nano. 
The figure demonstrates the model’s attempt to recognize objects using the 
VisDrone dataset, which comprises 6,471 images. The object recognition result 
such as 1 car, 1 boat, 1 truck, 4 cell phones, etc. 

Fig. 5. Running YOLO experiment on Jetson Orin Nano
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Figure 6 compare the CPU performance of the NVIDIA Jetson Orin Nano 
during object recognition with the VisDrone dataset. The results indicate that 
using Docker leads to a longer duration for object recognition compared to run-
ning without Docker. This is due to Docker’s resource management, which aims 
to reduce energy consumption, resulting in lower average CPU and GPU usage 
levels compared to running YOLO in a non-Docker environment. Figure 7 illus-
trates the comparison of power consumption on the Pascal VOC dataset. The 
figure reveals that power usage is lower when Docker is utilized compared to 
running without Docker. 

Fig. 6. CPU Comparison on VisDrone2019 Dataset 

Fig. 7. Power Usage Comparison on Pascal VOC Dataset 

After running several experiments on several prepared datasets, we saved the 
experimental data in the Table 1. 

Figure 8 and Fig. 9 shows the comparison of the experiments result in a chart 
and the average power consumption/second.
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Table 1. Performance Comparison during the experiments 

VisDrone Pascal VOC 5min  video 30 min video 

Parameter Non-docker Docker Non-docker Docker Non-docker Docker Non-docker Docker 

pre-process (ms) 6.1 5.7 8.1 7.7 4.2 3.7 4.2 3.7 

inference (ms) 16.1 27.2 13.3 25.8 13.0 25.5 15.2 25.9 

post-process (ms) 5.6 3.6 4.1 3.6 4.4 3.7 6.1 3.8 

total duration (s) 233 263 650 698 784 969 3994 5336 

power usage 

consumption 

(watt) 

1258.7 1413.7 2583 2764.4 2866 3437.8 13221 15574.4 

Fig. 8. Performance Comparison Chart 

Fig. 9. Average Power Consumption/second
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5 Conclusion 

In conclusion, Docker offers convenience, isolation, and portability, making it 
a popular choice for many developers. However, bare-metal environments may 
deliver slightly better performance and are often preferred when direct hard-
ware access or minimal overhead is essential. The experiments conducted led to 
the conclusion that power consumption for object recognition using the YOLO 
machine learning model is reduced when Docker is used, in comparison to run-
ning the model without Docker. 
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2221-E-029-028-MY3. 
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