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Abstract: The widespread use of GPU processors has significantly enhanced the usage of various artificial intelligence
algorithms, especially machine and deep learning models. However, more capabilities introduced significant
challenges in energy consumption, particularly on autonomous platforms with battery and autonomy constraints. Our
research is crucial as it addresses the energy consumption issue on desktop and embedded GPU computers from a new
angle, providing a practical and optimal measurement solution. We engaged various deep learning models to analyze
and determine how different datasets for training and problems for inference affect energy consumption. Two separate
platforms were used for the experiments: the NVIDIA Jetson NANO platform, a well-known type of embedded GPU
computer widely used in deep learning applications, for the inference process just, and a desktop computer with two
GeForce RTX 2060 for the training and inference processes. The image classification problem was involved during the
training process on two separate datasets. In contrast, inference problems for object detection and drone classification
were engaged on live videos and recorded RF signals during the inference process. Our methodology involved a
systematic comparison of energy consumption across different models and datasets, ensuring the validity and reliability
of our findings. Our findings underscore the potential to reduce energy consumption on embedded GPU computers by
implementing a suitable deep learning model. This not only preserves the performance of the required process (drone
radio frequency signal detection and identification and object detection in the video stream) but also paves the way for
their effective use in real-life scenarios, thereby addressing a crucial need in deep learning. More importantly, we
created an empirical methodology for measuring the energy consumption of embedded GPU computers for deep
learning applications, directly impacting the development of energy-efficient deep learning systems.

Keywords: artificial intelligence, deep learning, drone, detection, embedded GPU computer, energy consumption.

on high-performance computing (HPC) based on GPU

1. INTRODUCTION

Artificial intelligence (Al) algorithms are used in various
fields, such as industry, medicine, agriculture, and
defense, to automate processes and facilitate decision-
making procedures. A prerequisite for such rapid
development is, among other things, the development of
computer science, primarily the upgrading of Graphics
Processing Unit (GPU) processors and improvements in
effective parallel processing of substantial amounts of
data. Deep Neural Networks (DNN) have enabled state-
of-the-art accuracy on many challenging artificial
intelligence tasks, such as image classification and
segmentation [1], [2], [3], object detection and tracking
[41, [5], [6]. [7], natural language processing [8], [9], [10],
[11], [12], [13], and voice-based applications [14], [15].

However, this advanced technology is highly dependent

processors and has an evident downside: it consumes
significant energy. On the other hand, the authors in [16]
have suggested putting a goal on the environmentally
friendly deep learning (DL) models known as Green Al.
To accomplish that, a huge problem arises when there is a
demand to apply DL models to mobile applications where
energy consumption is crucial for implementation [17],
[18]. While most Al computation for training purposes
currently resides online (cloud or local servers) or on
desktop computers, using embedded GPU computers for
inference locally near the sensor is desirable due to
privacy, security, and latency concerns or limitations in
communication bandwidth. Since mobile devices require
batteries, reducing power consumption alleviates
environmental problems and extends battery life, making
low-power DL algorithms highly desirable for different
use cases. In addition, a survey presented in [19] reveals
that approximately 55% of respondents would leave a
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negative review for a mobile application that drains a
significant amount of battery. A similar prerequisite exists
in functional applications, especially for military purposes
where embedded and mobile systems must respond
accordingly to responsive energy consumption. For
example, military drones have limited batteries for flying
operations and DL model inference. Accordingly, the
research community has been increasingly interested in
designing energy-efficient DL models, critical to realizing
mobile Al applications. However, estimating energy
consumption from the DL model is much more
complicated than other metrics, such as storage cost
(model size), throughput (number of operations), or
latency (time of processing). This is because a huge
portion of the energy is consumed by data movement,
which is difficult to extract directly from the DL model.

Because of this, our research presents a study of energy
consumption for DL models, especially methods that can
be used for initial estimation. This paper explores how
energy consumption is affected by using different GPU
processors and DL models in two distinct stages of
production (training or inference). This paper is structured
as follows: Section 2 provides an overview of the
methods for energy estimation. Sections 3 and 4 present
the methodology and discuss our experimental results,
and the study conclusion is given in the last section.

2. CURRENT ENERGY ESTIMATION
METHODS

Energy consumption in embedded GPU computers is a
prominent concern in computational research, and
multiple studies have explored various optimization
strategies. Based on our comprehension, current energy
estimation methods can be classified into three groups.

The first group of papers incorporates an approach to
reducing consumption by knowing computer operation
processes and the lowest levels of computer computation
to optimize calculations performed on the computer
platform, primarily on the GPU processor. This group
includes papers that predict the number of computational
and memory access operations to predict energy
consumption. The new energy monitoring and
optimization capabilities as an autotuning tool for GPU
processors were presented in [20]. Another approach
called the SYNERGY was introduced in [21], which uses
an energy measurement based on hardware performance
counters such as SIMD (single instruction, multiple data)
and bus access for the CPU obtained from actual
execution runs of these models. The authors in [22] have
proposed a methodology that can be used to evaluate the
various DL models and energy-efficient techniques, with
a guide for designing the energy-efficient DL models.
They pointed out that the DL model's convolutional and
fully connected layers dominated computation and energy
consumption. An interesting method is introduced in [23]
with the idea that it cannot optimize what cannot be
measured and cannot optimize what is under-appreciated
or neglected in the design. This is even important because
most research tends to reduce inference latency and

enhance accuracy, often failing to consider the impact on
energy efficiency.

The second group of papers includes empirical methods
focusing on the results obtained through various
experiments or comparing theoretical considerations and
practical measurements. Authors in [24] presented
measurements of the energy consumption on the Tier-2
HoreKa supercomputing system, presenting that model
training and inference energy consumption should be
considered separately. A comprehensive empirical
method is given in [25] to profile the energetic
consumption of inference tasks for some modern edge
computers such as Asus Tinker Edge R [26], Raspberry Pi
4 [27], Google Coral Dev Board [28], Nvidia Jetson Nano
[29], and one microcontroller Arduino Nano 33 BLE [30]
with different DL models. The impact of the DNN
architecture on the energy consumption and emissions
produced, the trade-off between accuracy and energy
efficiency, and the difference in the measurement method
of the energy consumed using software-based and
hardware-based tools were investigated in [31].

The third group of papers has focused on the development
of separate Al models for predicting the level of energy
consumption. It should be noted that this approach has
also been used for other applications, such as prediction
and reduction of energy consumption by the data centers.
The authors in [32] have presented a practical framework
based on the grid search to answer the above question.
Additionally, authors in [33] have created BUTTER and
BUTTER-E datasets to characterize the impact of
hyperparameter choice on energy efficiency. Their
research concludes that smaller networks sometimes
consume less energy during training, and broad layers,
particularly those with large input sizes, can be power
consumers. Moreover, there are more benchmark datasets,
such as NAS-Bench 101 [34]. This dataset evaluates
various DL models and their associated loss and accuracy
scores after training. Also, the authors in [35] estimated
energy consumption and carbon emissions of DL models
with the EC-NAS benchmark.

3. EXPERIMENTS

The methodology used in this study was designed to
perform the following: hardware and software
configuration (data and model loading), training or
inference process, and analysis of the energy consumption
results. Nine different models (AlexNet, InceptionV3,
VGG16, VGG19, ResNet50, three various versions of
YOLO models, and VTI_CNN - our custom-made
convolutional neural network) were initially configured
with three different datasets (MINST [36], CIFAR-10
[37], and VTI_DroneSET [38]). We measured CO2
(carbon dioxide) total emission, energy consumption,
FLOPS (floating-point operations per second), and
accuracy for each model during training and inference
processes.

Hardware. All measurements within this research were
conducted on an embedded GPU computer, the Jetson
Nano Developer Kit, and a desktop GPU computer with

387



THE POWER CONSUMPTION OF EMBEDDED GPU COMPUTERS FOR DEEP LEARNING APPLICATIONS

|_OTEH 2024 |

two GeForce RTX 2060. NVIDIA leverages its GPU
processors in the Jetson product line to deliver accelerated
Al performance to edge platforms. The Jetson Nano’s
embedded GPU computer is developed based on the
Maxwell architecture and incorporates a single streaming
processor with 128 CUDA (compute unified device
architecture) cores. Positioned as the lowest-end model in
the product line, the Jetson Nano achieves a peak
performance of 472 Gigaflops. [29]. We reviewed the
4GB model, while there are 2GB and 4GB RAM options
with 5W and 10W power modes, respectively. The
GeForce RTX 2060 is based on the Turing architecture
GPU processor with 6 GB of GDDR6 RAM running at 14
Gbps and a GPU clock of 1.68 GHz. Moreover, it features
1,920 CUDA cores and 240 Tensor Cores that can deliver
52 Teraflops of DL horsepower. The GeForce RTX 2060
has a total board power of 160W.

According to the authors in [39] the most effective
method to measure accurate and fine-grained power
consumption is to connect the device to an external power
monitor (wattmeter) with a high sampling rate. Moreover,
the same authors have set rules for measuring power to
ensure consistency and reliability across different devices
and testing conditions. Controlling environmental factors
helps better understand power and energy consumption in
DNN executions, so similar rules have been adopted for
measurements:

— All wireless communication interfaces (Wi-Fi,
Bluetooth, cellular network, and Near-Field
Communication) and background applications and
services were shut down to minimize interference
with measurement accuracy.

The Jetson Nano Developer Kit was used in
headless mode (without monitor and peripherals)
due to the more realistic conditions.

Room temperature was set to be between 20 and
25°C, while the cooldown interval between
individual experiments was set to be 5 minutes.

The external power meters used for the experiment are the
Fluke 430-11 Power Quality and Energy Analyzer and the
Acuvim 3 Power Quality and Revenue Grade Energy
Meter. However, due to the complicated setup and
mandatory hardware adjustment, the experiments also
used the CodeCarbon energy profiler [31], which is
representative of internal power monitors (energy
profilers). The study compares and cross-references their
readings with those from an external.

Software. Two requests were considered within the
experiments: Does the convolutional neural network
(CNN) architecture impact energy consumption, and can
general demands for embedded GPU computers be
pointed out? We ground our experiments on publicly
available models such as AlexNet [40], VGG [41],
InceptionV3 (GoogLeNet) [42], ResNet50 [43] and
YOLO models [44]. These models were selected as
representative  CNN models due to their various
applications. We also evaluated our custom-made CNN
model, specially designed for specific tasks (drone
classification in the frequency domain).

In CNN models, the convolutional layer is crucial for
extracting and refining features from input data. The
energy consumption disparity between external memory
access and computational (MAC) operations has led to
integrating multiple levels of local memory within GPU
processors, forming a memory hierarchy. This hierarchy
reduces energy costs associated with external memory
access but requires more energy than computation. As a
result, the volume of weight movement may provide a
more precise estimate of energy consumption. Therefore,
current research in efficient CNN design primarily
concentrates on creating empirical metrics for energy-
efficient CNN models and leads to possibilities to reduce
the number of filter weights and the number of
multiplication and accumulation operations. It is
important to note that these metrics do not necessarily
correspond to energy consumption because energy
consumption is influenced by data movement rather than
computation, and the energy consumption of data
movement is significantly impacted by the memory
hierarchy and data flow.

The CNN models mentioned above were used to solve the
two problems based on such prerequisites. The first is
classifying objects on the video, and the second is
classifying radio signals in the frequency domain. Even if
we define such problems, it can be generalized that all
results can be applied to the computer vision domain. All
models and test procedures were built in Python. We used
the CodeCarbon profiler, a Python package that enables
us to track four numerical variables: 1) the emissions in
carbon dioxide equivalent (CO2-eq) in kilograms, 2) the
energy consumed by the infrastructure in kilowatt-hours,
3) the FLOPS required to train the model, and 4) the
validation accuracy of the model obtained. The
CodeCarbon energy profiler is based on software metrics
and estimates the energy consumed during a model's
training to estimate actual energy consumption.
reasonably [31].

The CO2-eq is a measure used to compare emissions from
different greenhouse gases based on their global warming
potential [45]. This value is calculated by multiplying the
carbon intensity of the electricity used for computation
(measured in kg of CO2 emitted per kWh of electricity)
by the net power supply consumed by the computational
infrastructure (measured in kWh). Monitoring the power
supply to the hardware occurs regularly and depends
heavily on the type of hardware used.

Energy consumption is intricately linked to CO2
emissions and is invariant concerning time and location.
Monitoring the power supply to the hardware transpires
frequently and is heavily contingent upon the type of
hardware employed. The experiment was repeated three
times, and the median energy consumption value,
determined by both the wattmeter and the profiler, is
being reported.

FLOPS epitomizes the number of floating-point
operations per second necessary to execute a
computational process. They estimate the process's
workload based on a deterministic measure calculated by

tabulating the costs of two fundamental operations:

388



THE POWER CONSUMPTION OF EMBEDDED GPU COMPUTERS FOR DEEP LEARNING APPLICATIONS

|_OTEH 2024 |

addition and multiplication. FLOPS can be calculated
using a model instance even before the commencement of
training.

The overall CNN model score is finally calculated with
the following equation;

f_'\'r_'\'rs oruTacy

CNN = 1
soore Energ¥ conrumption ( )
where CNN......., IS the accuracy of the used CNN model
and Energy. .o 1S Measured energy consumption. The

results from the training and inference process and
external and profilers' energy measurements were
analyzed concurrently to make a definitive conclusion.

4. EXPERIMENTAL RESULTS

Every experiment (training or inference) was performed
in three independent executions (K=3) due to the
statistical purposes and situation of hardware
malfunctioning. Table 1 shows the average emissions
produced.

Table 1. The average CO2-eq emissions.

AlexNet 0.000039373 0.000043659
VGG16 0.006836938 0.000047602
VGG19 0.007825523 0.000049091
ResNet50 0.001236008 0.000056854
InceptionV3 0.000061455 0.000074992

CO2-eq emissions

CNN [kg emitted per kWh of electricity]

model CFAR10 dataset MNIST dataset

[32x32 / 60.000 images] [28x28 / 60.000 images]

The VGG16, VGG19, and ResNet50 models have the
worst results for used hardware configuration due to the
highest CO2-eq emissions (CO2-eq or CO2 equivalent)
expressed in kg emitted per kWh of electricity. However,
the CO2-eq emission also depends on the dataset used for
the training process. This is an expected outcome since
external memory access in the case of the CFAR10
dataset requires more energy than the MNIST dataset.
Interestingly, the CO2-eq emission results can fluctuate
significantly for the CFAR10 dataset. The overfitting of
these models can explain this phenomenon because they
tend to learn details that are not important in the
classification process. Moreover, this can be supported by
the achieved accuracy of these models for CIFAR (see
Table 2).

Tables 2 to 4 show the accuracy obtained from different
CNN models, the two distinct stages of production
(training or inference), the energy consumption
measurements for internal or external power monitors,
and the score corresponding to the ratio between the
mentioned accuracy and power.

Table 2. Scores of the CNN models for training process on the desktop with two GeForce RTX 2060.

Internal power monitor External power monitor

FLOPS Accurac Ener
E Model [Gigaflops] Rl [%] ¢ ey KWh Score consum?)i/ion Score
Wg consumption [kWh] [KWHh]
g AlexNet 391 CFAR10 75.16 0.01527 49.28333 0.014 35.12762
25 exte : MNIST 96.71 0.01706 56.89079 0.016 60.61176
S § CFAR10 60.03 0.01090 55.52622 0.042 50.38429
g_% VGG16 213 MNIST 93.55 0.01863 43.24232 0.047 59.95124
o & CFAR10 59.04 0.01256 47.11753 0.015 39.46621
E = VGG19 26.7 MNIST 93.23 0.01942 48.15551 0.016 57.42648
S8 ResNet50 6.6 CFAR10 20.40 0.01359 15.11031 0.015 13.31681
- E esNet ' MNIST 87.63 0.02235 39.32731 0.016 53.71520
§ Inception\/3 145 CFAR10 65.01 0.02432 26.79580 0.021 30.61719
MNIST 89.20 0.03052 29.27427 0.018 48.68782

Table 3. Scores of the CNN models for inference processes on the Jetson Nano Developer Kit for the object detection problem.

Internal power monitor External power monitor

> FLOPS Model Energy
§ N il [Gigaflops] PlliE confidence [%] SR Score consumption Score
s consumption [kWh] [KWHh]
% § YOLOV5s 16.5 Obiect detection 0.09704 9.78977 0.085 3.72752
s YOLOv7 36.9 oL live video 95.00 0.13377 7.10175 0.149 6.37583
YOLOV8s 28.6 0.03511 27.05781 0.031 30.64516
Table 4. Scores of VTI_CNN model for the drone classification problem on the different GPU processors.
Internal power monitor External power monitor
= GPU CNN FLOPS Problem Accuracy Energy_ Energy_
34 Computer model [Gigaflops] [%] consumption Score consumption Score
§ = [kWh] [kWh]
& & | 2x GeForce Drone
€ § RTX 2060 classification 98.18 0.04697 21.04055 0.05500 18.40278
2 | Jetson Nano VTILCNN L7 on recorded RF|
Developer Kit signals 99.57 0.13066 7.62015 0.11588 8.59185

Table 2 shows the average scores of the CNN models for
the three (K=3) training processes on the desktop with
two GeForce RTX 2060 for solving classification
problems with two datasets containing ten classes. The
best result was obtained with the AlexNet model for the

MNIST dataset and the VGG16 for the CIFAR-10
dataset. These results are consistent with findings from
the literature, demonstrating that the proposed
methodology can be utilized for further analysis. In [31],
the authors compared three models and suggested that the
VGG16 model outperformed the VGG19 and ResNet50.
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Our research involved five models within the CIFAR-10
and MNIST datasets and indicated the same results, with
the addition that the AlexNet model achieved the highest
score compared with the models mentioned. Moreover,
the results from internal and external power monitors are
similar, which leads to the conclusion that internal
monitors can be successfully used for general purposes
because of their simplicity.

Table 3 shows the average scores of the YOLO models
for the three (K=3) training processes on the Jetson Nano
Developer Kit for the object detection problem in the
inference process within live video. The model’s
confidence in its prediction accuracy (indicating how
confident it is that the predicted results correspond to its
labeled class) for all measurements was 95%. The best
results are obtained for the YOLO 8 model. Table 4
shows the average scores of the VTI_CNN model for the
drone classification problem on recorded RF signals.
Better results are obtained with the desktop configuration
because of the required external MAC operations
necessary for the inference process. MAC operations in
the Jetson Nano Developer Kit are more demanding
because a dedicated pipeline for images streaming from
the external memory to the model is needed during the
inference process.

5. CONCLUSION

This study presents an empirical energy estimation
methodology for CNN based on the architecture, dataset
(MINST, CIFAR-10, and VTI_DroneSET), and
production problem (object detection on live videos or
drone classification on recorded RF signals). We observed
varying overall CNN model scores for the same dataset,
demonstrating that the CNN architecture influences
energy consumption. AlexNet and VGG16 vyielded the
best performance during training, while YOLO 8 excelled
during inference. As a general observation, we established
that internal energy profilers can effectively estimate
energy consumption, offering crucial initial insights,
especially in military mobile applications. Using this
methodology and tool, researchers can quantify the
energy consumption on the embedded GPU computers
associated with various model choices during the initial
design phase. This narrows the gap between CNN
algorithm/hardware design and energy optimization.
Further research lines can focus on experiments in
different temperature conditions to find the relationship
with this variable. Most embedded GPUs are intended for
external applications, so detecting this impact is essential.
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