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Abstract: In the intersection of the Internet of Things (IoT) and Machine Learning (ML), the choice
between high-level and low-level programming libraries presents a significant dilemma for develop-
ers, impacting not only the efficiency and effectiveness of ML models but also their environmental
footprint. We have proposed a comprehensive framework to aid in this decision-making process,
underpinned by a detailed comparative analysis of both types of libraries on one of the key IoT ML
tasks: image classification. We have introduced a novel algorithm designed to calculate the green
footprint of ML model training, factoring in execution time, memory utilization, power consumption,
and CPU temperature, addressing the urgent need for sustainable ML practices. Through an empirical
evaluation of popular libraries such as PyTorch for high-level and Libtorch for low-level development,
we have assessed their performance, development efficiency, and hardware compatibility. The culmi-
nation of our research is a decision support system that synthesizes the experimental findings to guide
developers toward choices that harmonize model performance with environmental sustainability.

Keywords: IoT device; machine learning; deep learning; energy efficiency

1. Introduction

In the rapidly evolving landscape of technology, the Internet of Things (IoT) has
emerged as a foundational element, transforming various sectors by enabling the inter-
connectivity of physical devices through the Internet. These devices, ranging from simple
sensors to complex systems, collect and exchange data, facilitating a smarter and more
responsive environment. Concurrently, Machine Learning (ML) has seen remarkable ad-
vancements, enhancing the capability of systems to learn from data, predict outcomes, and
make informed decisions without explicit programming. The integration of ML with IoT
has unlocked a vast array of opportunities, automating tasks traditionally requiring human
intervention and offering more insightful and predictive analytics.

The fusion of IoT with ML presents the transformative potential for developing in-
telligent solutions across diverse domains, including predictive maintenance, anomaly
detection, and smart transportation. This integration, however, introduces a critical chal-
lenge for developers: the selection of the appropriate development approach for ML-based
features within IoT solutions. The dilemma stems from a choice between leveraging
traditional, high-level programming languages and libraries that simplify ML model devel-
opment and opting for more specialized, low-level programming for nuanced control and
customization. This decision is pivotal, impacting not only the feasibility and performance
of the solution on the intended hardware but also its energy efficiency, execution time, and
overall carbon footprint.

Despite the clear benefits of integrating ML into IoT-based solutions, developers face
significant hurdles in selecting the most suitable development approach for ML models.
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This challenge is compounded by the need to balance ease of development, performance
requirements, hardware compatibility, and sustainability concerns. There is a conspicu-
ous gap in guidance for developers navigating these complex considerations, leading to
potential inefficiencies and suboptimal solutions.

To address this challenge, we have proposed the development of a decision support
system designed to aid developers in selecting the most appropriate approach for develop-
ing ML models within IoT-based solutions. This system will be grounded in an exhaustive
comparison of available solutions, taking into account various problem-specific and envi-
ronmental factors. Through a comprehensive experimental framework, we have assessed
different ML development libraries across multiple dimensions, including performance
metrics, execution time, memory utilization, power consumption, CPU temperature, and
carbon footprint. This approach will enable the identification of trade-offs and optimal
paths for different IoT-ML application scenarios.

Our research contributes significantly to the field of IoT and Machine Learning inte-
gration via the following:

¢ A Comparative Analysis of ML Development Libraries: We have provided an exten-
sive comparative analysis between high-level and low-level programming libraries
for developing ML models, catering to a range of IoT machine learning tasks. This
analysis leverages two distinct datasets, each aligned with a common IoT ML image
classification objective.

*  The Carbon Footprint Calculation Algorithm: A novel algorithm has been proposed,
coined the green carbon footprint (GCF), to calculate the carbon footprint associated
with the execution of ML training codes. This algorithm incorporates a comprehensive
set of parameters, including execution time, memory utilization, power consumption,
and CPU temperature.

*  The Decision Support System: Based on the exhaustive experimental findings, a
decision support system has been synthesized, presenting key insights and recom-
mendations for developers. This system aids in navigating the complex landscape
of IoT-ML integration, highlighting optimal development approaches that balance
performance, hardware compatibility, and environmental sustainability.

The remainder of the paper is organized as follows. First, the existing literature related
to our work and its limitations are discussed in Section 2. Then, our detailed methodology is
outlined, which includes the selection of datasets and machine learning models in Section 3.
Subsequently, the experimental setup configuration and evaluation metrics are outlined.
The results of the experiments are interpreted in Section 4. Two case studies are then
compared with the green carbon footprint algorithm that we propose in Section 5. Finally,
we explore potential future research, as well as the limitations and conclusion of our work,
in Section 6.

2. Related Work

In recent years, there has been much work done on determining an optimal method
to train and deploy ML models on the edge device [1]. Subsequently, the selection of
the programming language on the device considerably affects elements like execution
speed, energy efficiency, and code complexity. This literature assessment explores the
studies landscape concerning Raspberry Pi and programming languages, inspecting how
language choice affects performance, complexity, and energy consumption. Early studies
laid the foundation for comparing the performance of compiled and translated languages.
Compiled languages, such as C and C++, exhibit better execution speeds due to direct
interpretation in machine code; interpreted languages, such as Python , rely on runtime
interpretation; and tasks that require more computation [2—4] perform more slowly. Further-
more, the analysis of image classification methods revealed the computational efficiency
of the C# implementation on Python, albeit at a higher computational cost [3]. Beyond
the compiled vs. interpreted arguments, recent research has delved into the performance
differences between specific programming languages. Comparative analyses consistently
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showcase the faster execution speed of C++ over Python, attributing this difference to
C++’s lower-level nature [5]. Empirical comparisons between various languages empha-
size scripting languages’ development speed advantage, albeit with increased memory
consumption [6]. Attempts to analyze energy consumption in programming languages
find that compiled languages are more energy efficient than interpreted languages. Source
code optimization emerges as an important factor affecting energy efficiency and perfor-
mance [7]. The complexity of development is another factor to consider. Python appears as
the simplest and easiest language, while C++ and Java are considered the most complex [8].
The optimization of energy efficiency and performance is important when it is a resource-
constrained environment like IoT devices and microcontrollers. Edge machine learning
techniques and advances in tinyML computer vision applications provide promising ways
to achieve this goal [9,10]. Studies focusing on Raspberry Pi applications underscore the
importance of more efficient and effective code for these devices [11-13]. Manual optimiza-
tion methods are often more effective than automated compiler optimization, emphasizing
the need for customized methods [14]. For performance-critical tasks, studies suggest that
compiled languages like C or C++ might be preferable. Moreover, using optimization
techniques and energy-efficient languages is recommended when energy consumption is a
concern [15]. Performance analysis in microcontrollers reveals the capabilities of program-
ming languages for data processing tasks. C and C++ have better performance than other
languages, while MicroPython exhibits slower execution times, limiting its suitability for
high-performance applications [16].

Noticeable trends in the literature emphasize the importance of resource-constrained
environments such as IoT devices. Pre-trained models and edge machine learning tech-
niques offer promising approaches to improve energy efficiency and reduce communication
costs in these environments [16-18]. Furthermore, the concepts of “green coding” [19,20]
and “carbon footprint” [21] emphasize the need for sustainable coding practices to reduce
the environmental impact of computers. They focus on the importance of considering
energy efficiency and environmental sustainability in software development [16,22,23].

Table 1 presents a gap analysis comparing existing works with the contributions of
our study.

Table 1. Gap analysis of existing work.

Reference

Key Findings or Features

Identified Gaps and Our Contributions

Shoaib et al. [24]

Introduced a lightweight ML model for image
classification and an optimized hardware engine
for IoT devices. The image classifier was used to
remove irrelavant frame from video and reduce
the communication time by training the model on-
device instead of relying on the cloud server. This
was made possible by building the hierarchical
structured accelerator tailored to be used with
resource-constraint devices.

Limited to image processing tasks using one
library. Focused on optimizing the hardware
accelerator instead of trying out less expensive
software solutions that are more versatile. The
experiments can be costly to replicate due to
hardware specificity. Our work extends to us-
ing low-level library, offering a more holistic
IoT solution.

Benavente-Peces
et al. [25]

Analyzed power consumption for ML models in
cloud environments. Energy efficiency of a regu-
lar building in a smart city was measured and the
building was classified according to their respec-
tive energy efficiencies using various ML models.

On-device execution was not considered. The
ML algorithms used were shallow algorithms
due to the structured dataset in use providing
the energy efficiency of a building instead of the
IoT device constructing the system. We have
provided an in-depth analysis of on-device
power consumption and its environmental im-
pact on a particular device.




Appl. Sci. 2024, 14, 5459

40f18

Table 1. Cont.

Reference

Key Findings or Features

Identified Gaps and Our Contributions

Standin et al. [26]

Twenty Python libraries of six different catagories
were benchmarked. Deep learning was of one
of those categories that had 4 libraries. The com-
parision was made based on the available feature
each library offered. Pytorch and Keras was rec-
ommended for rapid prototyping.

Practical evaluation was not considered to as-
sess the efficiency of the selected libraries. Only
Python libraries were analyzed instead of cov-
ering lower-level libraries written in C++. Envi-
ronmental sustainability was overlooked. Our
system includes an environmental impact as-
sessment, guiding towards more sustainable
ML development.

Zhang et al. [27]

Compared and analyzed the deployment of two
trained model architectures using five ML li-
braries in multiple types of devices. The de-
vice selection ranged from low-resource to high-
performing laptops.

The CPU temperature was not measured dur-
ing the experiments, although it was in our case.
Only trained models were loaded in the device.
We train the model in the device.

Oliveira et al. [28]

Compared two commonly used deep learning li-
braries in Raspberry Pi by considering resource
usage and energy consumption.

Limited to only high-level language library.
Low-level libraries for deep learning are as-
sessed in our study.

3. Methodology

Figure 1 depicts our proposed methodology. This section outlines the methodology

employed to assess the impact of ML libraries on the carbon footprint of IoT solutions. Our
approach encompasses the selection of datasets and ML models, the choice of programming
libraries, and the calculation of the carbon footprint through a novel algorithm.
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Figure 1. Proposed methodology for our experimental setup, chosen metrics, and decision sup-
port system.

3.1. Selection of Dataset and Model

In our study, we selected two standard benchmarking datasets that are symbolic
of common tasks in IoT machine learning, pairing each with a model best suited to its
characteristics for an insightful comparative analysis. We selected the FashionMNIST
dataset (https://github.com/zalandoresearch/fashion-mnist, accessed on 15 May 2024),
which comprises 60,000 grayscale images of 10 fashion categories, each of which was
28 x 28 pixels, and we utilized a Convolutional Neural Network (CNN) model. This
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choice was driven by the CNN’s proven capability in handling image data, particularly
its effectiveness in discerning patterns and features essential for classifying different
types of clothing and accessories. In addition, we also opted for the MNIST dataset
(http://yann.lecun.com/exdb/mnist/, accessed on 15 May 2024), which is the predecessor
of the FashionMNIST dataset. It consists of 60,000 grayscale images of the English dig-
its (i.e., from 0 to 9) having the same resolution as the FashionMNIST. The architecture
of the CNN, tailored to efficiently process the varying shapes and styles present in the
FashionMNIST and the MNIST dataset, enables accurate and rapid image classification,
making it an ideal match for this type of visual data common in e-commerce and fashion
industry applications.

Convolutional Neural Network

Convolutional Neural Networks (CNNs) are deep learning models commonly used
for computer vision. They consist of layers that can detect features using a process known
as convolution, which uses activation layers to bring out more relevance to these features
and pooling to reduce the dimensions for faster inference.

We have used a basic Convolutional Neural Network for both Pytorch and Libtorch to
keep our experimental setup uniform. The architecture is as follows:

3 x 3 Conv. = Activation — 3 x 3 Conv. = Activation — MaxPool 1)

In our study, we used basic Convolutional Neural Network (CNN) architecture for
both PyTorch and Libtorch to ensure uniformity in our experimental setup. The architecture
consists of two 3 x 3 convolutional layers, each followed by an activation function, and
concludes with a MaxPool layer. This specific design was chosen for its balance between
computational efficiency and the ability to capture essential spatial features from input
images. Using 3 x 3 convolutions is a common practice that minimizes computational
overhead while effectively extracting fine details.

The simplicity of this architecture facilitates the ease of implementation and reduces
the error rate, which is crucial when comparing the performance of different machine
learning libraries. By keeping the architecture consistent, we ensure that any observed
differences in performance, power consumption, or carbon footprint can be attributed to
the libraries themselves rather than variations in the network design.

The chosen architecture also provides a reliable baseline for benchmarking the per-
formance of different machine learning libraries under controlled conditions. For the
FashionMNIST dataset, which includes various patterns and textures in clothing items,
this CNN architecture is particularly suitable. It captures intricate patterns with its double
layer of 3 x 3 convolutions and effectively reduces spatial dimensions with the MaxPool
layer, improving classification performance while maintaining computational efficiency.
Additionally, the simplicity of the network helps prevent overfitting, a common issue with
more complex architectures, especially when dealing with datasets of moderate complex-
ity like FashionMNIST. This approach ensures that our comparative analysis focuses on
the libraries” performance and environmental impact, providing clear insights into their
capabilities and ecological footprints.

3.2. Selection of Programming Libraries

Python has primarily been the language of choice when it comes to machine learning,
with libraries such as TensorFlow, Keras, PyTorch, and scikit-learn used for their ease of use
and extensive support for deep learning models. With more resource-constrained devices
and a shift to computation on edge devices, the overhead of the Python environment has
diverted attention to lower-level languages such as C, C++, and Rust.

We have chosen Python and C++ to implement the models as mentioned earlier for
comparison between libraries with regard to energy efficiency. The library selected for
C++ will be Libtorch, a deep learning framework that is compatible with PyTorch, with the
methods and functions being similar as well as the models built on PyTorch being able to
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be run with Libtorch. The library we have selected for Python will be PyTorch; we chose
this so it would be as close as possible to our Libtorch configuration.

3.3. Experimental Setup

To conduct our experiments, a Raspberry Pi 4 Model B is considered as the IoT device.
Table 2 lists the specification of the specific version of the device used. A custom OS image is
burnt in a 32 GB SD card and inserted in the Raspberry Pi’s storage slot. For interacting with
the device, we have used PuTTY (version 0.79), an open-source software that utilizes the
SSH protocol to remotely access IoT devices. Experiments are conducted under controlled
conditions, with each Machine Learning model trained on its respective dataset using the
selected libraries. The performance metrics, execution time, memory utilization, power
consumption, and CPU temperature are recorded for individual experiments.

The choice of the Raspberry Pi 4 Model B for our experiments is driven by several key
factors that align with the objectives of our study. Firstly, the Raspberry Pi 4 Model B is
widely recognized as a cost-effective and versatile IoT device, making it an ideal represen-
tative for real-world IoT applications. Its compact form factor and low power consumption
align with the principles of sustainable computing, a core focus of our study, which aims to
evaluate the environmental impact of machine learning models in IoT contexts. Moreover,
its affordability ensures that the findings of our research are accessible and applicable to a
broad audience, including educational institutions and industry professionals.

Table 2. Raspberry Pi 4 Model B specifications.

Entity Specification

Processor ARM64 Quad-Core

RAM LPDDR4-3200 8 GB

Power consumption 25A

Operating temperature 0-50 °C ambient

Interfaces 2 USB jacks, Gigabit Ethernet
Storage 32 GB micro-SD Card
Operating System Raspberry Pi OS

3.4. Measuring Green Carbon Footprint

The Green Software Foundation’s implementation of calculating carbon intensity of
software [29] is defined as follows:

(ExI)+M

SCI = R

(2)
where SCI is the Software Carbon Intensity, E is the energy consumed, I is carbon emitted
per unit of energy, M is the embodied emissions of a software system, and R is the functional
unit of the piece of software. This functional unit may be API calls or training runs for an
ML model. Carbon emissions per kWh are a location-based parameter and can be found
through reports from government agencies [30]. We have considered the number of epochs
per training session as the functional unit, and the embodied emissions of the Raspberry Pi
as the standard embodied emission of a smartphone.

To evaluate the environmental impact, we have introduced an additional Algorithm 1
to calculate the green footprint of training machine learning models, beyond just carbon
emissions. The “Algorithm 1” considers multiple operational factors, including execu-
tion time, memory utilization, power consumption, and CPU temperature. Distinct from
existing methodologies, this algorithm is designed to provide a more holistic view of the en-
vironmental impact by integrating these diverse metrics, thereby offering a comprehensive
assessment of sustainability.
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Algorithm 1 Calculate Carbon Footprint

Require: executionTime, memoryUtilization, powerConsumption, cpuTemperature

Ensure: carbonFootprint
powerToCarbonConversionFactor <— constant
memoryToCarbonConversionFactor <— constant
powerCost < powerConsumption x executionTime x powerToCarbonConversionFactor
memoryCost <— memoryUtilization x memoryToCarbonConversionFactor
temperatureCost < f(cpuTemperature) > Define f() based on empirical data
carbonFootprint <— powerCost + memoryCost + temperatureCost
return carbonFootprint

Furthermore, this algorithm is structured to enhance the ecological aspects of ma-
chine learning applications, making it substantially greener compared to conventional
approaches. It encourages the adoption of more sustainable practices in the development
and deployment of machine learning models by quantifying the carbon emissions and
thereby enabling developers to make informed decisions aimed at reducing the ecologi-
cal footprint.

Mathematical Representation

The green carbon footprint (GCF) is calculated as follows:
GCF = (P x T x PGCF) + (M x MGCF) + TC 3)

where P is the power consumption in Kilowatts (kW); T is the Execution time in hours;
PGCF is the Power to Carbon Conversion Factor; M is the Memory utilization in Kilobyte
(kB); MGCF is the Memory to Carbon Conversion Factor; and, finally, TC is the Temperature
Cost, which is a function to calculate the CPU temperature.

3.5. Evaluation Metrics

The evaluation of our machine learning models encompasses a holistic approach,
considering a broad spectrum of metrics to assess both traditional performance and envi-
ronmental impact. This comprehensive evaluation ensures a nuanced understanding of
each model’s effectiveness and its sustainability within IoT applications.

Performance Metrics on Test Data: The evaluation metrics for model performance
on test data include accuracy, Fl-score, precision, and recall. These metrics provide a
multifaceted view of the model’s effectiveness.

*  Accuracy: Accuracy is the proportion of correctly predicted observations out of the to-
tal observations. It provides a general measure of the model’s performance. However,
in scenarios with imbalanced datasets, accuracy might not be sufficient to understand
the model’s true performance. In our context, accuracy helps to obtain the overall
correctness of our ML models across various IoT tasks.

*  Precision: The ratio of correctly predicted positive observations to the total predicted
positive observations. It reflects the model’s ability to return relevant results. Precision
is crucial in IoT-based real-world applications, where false positives can lead to
unnecessary negative consequences that can be costly.

*  Recall (Sensitivity): The ratio of correctly predicted positive observations to all observa-
tions of individual classes. It measures the model’s capability to find all relevant cases.
High recall is particularly important in scenarios where missing positive instances can
lead to significant issues, such as in security or health monitoring IoT applications.

*  F1 Score: The harmonic mean of precision and recall. This score takes both false
positives and false negatives into account, making it a better measure of the incorrectly
classified cases than the accuracy metric alone. The F1 Score is critical in our study as it
offers a more summarized measure of the model’s performance by accounting for both
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false positives and false negatives, thus providing a comprehensive understanding of
the model in various IoT applications.

These performance metrics offer a comprehensive assessment of the model’s predictive
accuracy and its ability to manage trade-offs between precision and recall, essential in
applications where the cost of false positives differs from that of false negatives.

Computational and Environmental Impact Metrics: Additionally, the evaluation in-
cludes metrics such as execution time, memory utilization, power consumption, and CPU
temperature. These metrics are pivotal for assessing the model’s computational efficiency,
resource demands, and environmental impact, guiding towards sustainable ML deploy-
ment in IoT systems. When applicable, we have used command line utilities to remain
programming-language-agnostic.

e Execution Time: Measures the total time taken by the machine learning model to
complete its training process. A shorter execution time is generally preferable, indicat-
ing an efficient model capable of learning quickly, which is crucial in time-sensitive
or resource-limited environments. In Python, the execution time can be accurately
measured using the time library.

¢ Memory Utilization: Reflects the amount of memory required by the machine learn-
ing models during their execution. Effective memory management is critical, espe-
cially in environments with limited memory resources such as IoT devices. The com-
mand line utility free is used to monitor and optimize memory consumption during
model training.

e Power Consumption: Indicates the electrical power used by the computing device
while running the machine learning model. Energy efficiency is paramount in sce-
narios where power availability is constrained, such as mobile or embedded systems.
Power consumption is typically measured using a USB power meter or multimeter to
track the voltage and current draw of a device, like a Raspberry Pi, thus allowing for
the calculation of power usage in watts. Power draw can be estimated using powertop.
The command also logs CPU usage.

e  CPU Temperature: Monitoring CPU temperature is essential for maintaining system
stability and efficiency. High temperatures may suggest excessive computational
demand or inadequate cooling, potentially leading to hardware throttling or failure.
Temperature can be tracked using the vcgencmd utility on the device, which allows
for real-time temperature monitoring. This will allow us critical data for managing
thermal conditions during intensive computational tasks.

3.6. Decision Support System Framework

Based on the experimental results, we have proposed a theoretical decision support
system for the developers. It can aid in choosing a suitable approach for addressing a
specific problem set. First of all, we have taken the type of data associated with the target
scenario under consideration, which can be image data or other types of data. Then, our
focus is shifted to the minimum threshold for certain parameters that are dependent on
the problem at hand. Some of the parameters are hardware-specific like CPU utilization,
CPU, and memory consumption. Other parameters include model-specific parameters like
model accuracy, precision, recall, and F1-Score.

This structured methodology provides a comprehensive framework for assessing the
environmental impact of ML models in IoT applications, offering insights into the trade-offs
between ease of development, performance, and sustainability.

The pipeline in the decision support system follows a sequential process to handle
data from its raw form to the deployment of a machine learning model. This process is
detailed below:
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1.  Raw Data Collection: Gathering unprocessed data from various sources relevant to
the application domain.

2. Data Transformation: Applying transformations to the raw data to convert them into
a more manageable or suitable format for analysis.

3. Data Normalization: Normalizing data to ensure that the model is not biased towards
variables with larger scales.

4. Data Cleaning: Removing or correcting data anomalies, missing values, and outliers
to improve data quality.

5. Data Compression: Reducing the size of the data through various compression tech-
niques to enhance storage efficiency and speed up processing.

6. Feeding Data to Model: Inputting the processed data into the machine learning model
for training.

7. Model Deployment: Deploying the trained model into a real-world environment
where it can provide insights or make decisions based on new data.

This comprehensive pipeline not only optimizes the data handling and model training
processes but also ensures that the deployed models are robust, efficient, and suitable for the
intended IoT applications. Figure 2 shows the architecture for our decision support system.

Data Pipeline
a
* 4 SAse,
e G
}'1.“"
a
Data
Raw Data Data Cleaning Transformation
l . ]
I 7@\ ) 06\0
-] ———— -
@ J e O‘g/
Noraaeltit;ation étta Fed to Data
Compression Deployed ML Model |

Figure 2. Decision support system architecture.

To illustrate the practical application of our decision support system (DSS), we present
detailed case studies involving real-world scenarios. For instance, consider an IoT-based
smart agriculture system where image data are utilized to monitor crop health. In this
case, the DSS guides the developer through selecting an appropriate machine learning
model that balances high accuracy in disease detection with minimal energy consumption,
ensuring sustainability in a resource-constrained environment. Another example is a smart
healthcare system using wearable devices to collect and analyze patient data. Here, the
DSS helps in choosing models that not only achieve high precision in anomaly detection
but also operate efficiently on low-power devices, enhancing both patient safety and device
longevity. These case studies demonstrate the DSS’s ability to provide solutions that align
with specific application requirements, emphasizing the trade-offs between performance,
ease of development, and environmental impact. This practical implementation under-
scores the DSS’s potential to facilitate the development of sustainable and efficient IoT
applications across various domains. Figure 3 shows the simple User Interface (UI) Design
for our decision support system.
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Model Deployment Checker
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515
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Figure 3. User Interface (UI) Design for the decision support system.

4. Result Analysis

In this section, we have analyzed our findings from two distinct perspectives. First
of all, the model’s performance and report of the traditional evaluation metrics, namely,
accuracy, precision, recall, and F1-Score, is presented. We have compared these metrics
between the ML libraries in our experiment. Secondly, the various metrics associated with
the computational and environmental impact of the model like resource consumption and
the model’s carbon footprint are measured. All of the model training is carried out for
10 epochs to conduct a fair comparison. In Section 5, we ultimately validate our new green
carbon footprint (GCF) algorithm through a case study.

4.1. Training on Fashion MNIST

Table 3 lists the traditional performance metrics for training an image classifier on the
FashionMNIST dataset using the PyTorch and Libtorch libraries.

Table 3. Model performance on FashionMNIST dataset. The best results are given in bold.

Metrics PyTorch Libtorch
Accuracy 89.52% 89.7%
Precision 89.50% 88.7%
Recall 89.52% 89.3%
F1-Score 89.48% 88.9%
Training time 3.03h 2.01h
Total Power 2.925 kW 2.511 kW
Average Temperature 51.4°C 50.2 °C
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Analyzing the performance of PyTorch and Libtorch on the FashionMNIST dataset
reveals distinct advantages for each framework. Both PyTorch and Libtorch performed in a
similar manner in terms of the model’s prediction capability. Nonetheless, Libtorch had
slightly better results while taking a shorter time to train the model.

Moreover, Libtorch showcases advantages in training efficiency and resource man-
agement. It completes training faster by approximately 7% and utilizes less memory and
power, which could be crucial in resource-constrained or energy-sensitive environments.
Additionally, Libtorch operates at a slightly lower CPU temperature, suggesting more
efficient resource use and, potentially, a lower environmental impact. Further comparisons
may be drawn with Figure 4, where Libtorch has far more optimized and uniform memory
utilization and Pytorch is slightly more sporadic in CPU calls over time.
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Figure 4. Comparison graph plots for FashionMNIST dataset.

Figure 4 depicts the continuous tracking of the external factors for the duration of the
training of the model on the FashionMNIST dataset. The metrics are reported every 60 s in a
CSV file and then plotted using the matplotlib library in Python. Firstly, by comparing the
CPU usage it is apparent that PyTorch uses more CPU computation resources consistently
while Libtorch’s CPU usage remains low for the first half of the training period and shows
a slight increase for the rest of the training period, which is still lower than that of PyTorch.
In terms of the memory consumption profile, there is a drastic difference between the
two libraries. The PyTorch implementation shows a sustaining fluctuation and an overall
higher memory consumption. In comparison, the Litorch model training shows an almost
linear consumption of memory that flattens at around 460 megabytes. For the internal
temperature of the CPU, PyTorch surprisingly is lower for most of the time except for a
sharp increase right after the initial execution of the training session. Meanwhile, the CPU
temperature stays around 80 degrees Celsius for the half of the training period and then
significantly decreases to the ambient operating temperature of the device. Finally, the
power consumption profile for both PyTorch and Libtorch shows a direct correlation with
the respective CPU utilization profiles for each library.

4.2. Training on MINIST Dataset

Table 4 lists the traditional performance metrics for training an image classifier on the
MNIST dataset using the PyTorch and Libtorch libraries.
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Table 4. Model performance on MNIST dataset. The best results are given in bold.

Metrics PyTorch Libtorch
Accuracy 98.53% 98.80%
Precision 98.52% 98.73%
Recall 98.51% 98.79%
F1-Score 98.51% 98.75%
Training time 1.20h 1.29h
Total Power 0.21 kW 0.14 kW
Average Temperature 76.3 °C 78.5°C

Training on the MNIST dataset using PyTorch and Libtorch takes less time compared
to the FashionMNIST experiments, mainly because of the simplicity of this dataset. In
terms of the model’s performance, Libtorch outperforms PyTorch by a small magnitude.
Furthermore, the device memory consumption and average temperature during the training
are lower for Libtorch. However, Libtorch requires slightly longer to train.

In summary, while PyTorch provides an easier approach for development as it ab-
stracts most of the inner logic from the developers, Libtorch may be preferable for scenarios
prioritizing more reliable performance and sustainability due to its lower resource con-
sumption and energy usage. As evidenced by Figure 5, the running code on Python
significantly increases CPU and RAM utilization, directly affecting the power draw in the
process. A smaller power footprint despite the longer duration of training means there may
be more avenues for lowering the carbon footprint. Nevertheless, Libtorch implementation
is not as widely adapted as Pytorch and requires the handling of more complex coding
compared to PyTorch. The choice between these frameworks would depend on the spe-
cific trade-offs between performance accuracy and operational efficiency relevant to the
deployment context.
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Figure 5. Comparison graph plots for MNIST dataset.
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Figure 5 highlights the differences in external metrics over time during model training
on the MNIST dataset. Time is measured in minutes, and CPU utilization is based on the
number of calls at that timeframe. We can see a more uniform distribution for PyTorch but
overall lower peaks for LibTorch. Memory is measured in megabytes, whereas similarly,
LibTorch uses less memory compared to PyTorch. This is due to the overhead from the
Python environment. Both temperature curves peak at around 80 °C, beyond the normal
operating limit for the Raspberry Pi 4. Power consumption, measured in milliwatts, is
directly related to and estimated from CPU calls; therefore, we see a smaller overall footprint
from Figure 5.

4.3. Validation of the Green Carbon Footprint Algorithm

In developing the green carbon footprint calculation algorithm, one of the critical
steps involves fine-tuning the conversion factors that translate the operational metrics
(power consumption, memory utilization, and CPU temperature) into their equivalent
carbon emissions. This process is essential not only for achieving accuracy in the calculated
footprint but also for ensuring that the algorithm reflects true environmental impacts,
allowing for effective sustainability assessments in machine learning operations.

4.3.1. Determining Conversion Factors

The conversion factors, namely, the Power to Carbon Conversion Factor (PGCF),
Memory to Carbon Conversion Factor (MGCEF), and a factor for the Temperature Cost
(based on CPU temperature), are derived from a combination of industry standards, pub-
lished research, and empirical data specific to the computational resources being assessed.
This multi-source approach ensures a robust basis for the conversions, reflecting varia-
tions in energy sources, the efficiency of memory use, and the thermal characteristics of
computing equipment.

e Power to Carbon Conversion Factor (PGCF): This factor converts the energy consumed
(in kWh) by the system into grams of a CO2 equivalent. It is influenced by the regional
energy mix and the efficiency of the power supply. To establish this factor, data from
local utility companies and renewable energy contributions are considered.

¢  Memory to Carbon Conversion Factor (MGCF): Memory utilization is converted to
carbon emissions based on the energy cost of memory operations and the production
impact of the memory hardware. This factor accounts for the embodied carbon of pro-
ducing and maintaining memory hardware, amortized over its operational lifespan.

*  Temperature Cost Conversion: The CPU temperature directly affects the system’s
energy efficiency and cooling requirements. A higher temperature indicates more
energy-intensive cooling, translating to higher emissions. A mathematical model is
developed to relate CPU temperature to carbon output, using empirical data from
thermal performance studies.

4.3.2. Empirical Validation and Adjustments

To validate these factors, a series of controlled experiments and simulations are con-
ducted. These tests involve running typical machine learning models under varied condi-
tions to capture real-time data on power consumption, memory usage, and CPU tempera-
tures. The resulting emissions are then calculated using the initial set of conversion factors.

e Iterative Adjustments: The initial results are compared against independently verified
benchmarks of carbon emissions for similar operations [31]. Discrepancies lead to
iterative adjustments in the conversion factors. This iterative process continues until
the calculated carbon emissions align closely with the benchmark data, ensuring
accuracy and reliability.
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e Algorithm Sensitivity Analysis: Sensitivity analysis is also performed to under-
stand how changes in each factor affect the overall carbon footprint. This analy-
sis helps prioritize adjustments in the conversion factors to minimize errors in the
footprint estimation.

4.3.3. Finalization and Implementation

Once the conversion factors are optimized and validated, they are finalized and
implemented into the algorithm. Regular updates and recalibrations are scheduled based
on new data and changes in technology or energy metrics, ensuring that the algorithm
remains accurate over time and reflective of current conditions.

This detailed approach to optimizing conversion factors underpins the reliability and
ecological sensitivity of the green carbon footprint calculation algorithm, making it a vital
tool for assessing the environmental impact of machine learning operations.

Using the image classification performance metrics obtained from the PyTorch and
Libtorch libraries, we have validated the green carbon footprint (GCF) algorithm. For this
validation, we have employed the recorded training time, model size, and total power
consumption, alongside a predefined Temperature Cost based on CPU temperature.

5. Case Studies

The validity of our algorithm from Section 3.4 can be analyzed from our experimental
setup. We use the data collected from Tables 3 and 4 to compare the footprint of PyTorch
against LibTorch. We have used the example of both PyTorch and LibTorch trained on
FashionMNIST and MNIST to show the calculations. The model sizes will be used in our
calculations and are as follows:

. PyTorch Model Size: 34.5 Kb
e LibTorch Model Size: 33.7 Kb

5.1. Case Study 1: Fashion MNIST with PyTorch

Using a Convolutional Neural Network model trained on FashionMNIST based on
our results from PyTorch in Table 3 and Figure 4, the GCF algorithm can be formulated.
We have first explored the Temperature Cost calculation and the carbon factor adjustment
for memory and power. These values have been adjusted based on the Raspberry Pi 4 and
importance of factors.

5.1.1. Temperature Cost Calculation

Given the CPU temperature of 51.4 °C, the Temperature Cost (TC) is calculated using
a preliminary empirical formula:

TC =0.1x514=5.14
The weight of 0.1 can be adjusted based on the importance of a low thermal profile.

5.1.2. Factor Adjustment

Initial conversion factors were adjusted to align the GCF within the target range of 6 to
8 g of CO;, equivalent. This range is calculated using the standard formula for calculating
carbon footprints [31], which is commonly employed in environmental impact assessments
to ensure consistency with internationally recognized emission estimation methodologies.
The factors set are:

PGCF =042, MGCF = 0.06

These factors were found to work with the Raspberry Pi 4, and further adjustment
will be required for other hardware.
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5.1.3. GCF Calculation

Using the adjusted factors, the GCF for the training process is calculated as follows:

GCF = (P x T x PGCF) + (M x MGCF) + TC
= (2.925 x 3.03 x 0.42) + (34.5 x 0.06) +5.14
= (8.86275 x 0.42) + (2.07) +5.14
= 3.72235 4 2.07 4 5.14
= 10.9323 units

Since the resulting value of 10.9323 units is near our target, it confirms the algorithm’s
environmental sensitivity and precision.

5.2. Case Study 2: FashionMNIST with LibTorch

The same architecture for a Convolutional Neural Network was used within LibTorch,
the underlying binary distribution for PyTorch. Being implemented in a low-level language
like C++, a smaller footprint can be observed, as evidenced by the values from Table 3 and
Figure 4. Due to Python’s reliance on a virtual environment and C++ being more inline
with device archtiecture, we have seen a relatively significant difference in training time
and power consumption. Furthermore, the temperature and model size on LibTorch were
lower, so a smaller GCF value should be expected.

We can similarly find the factors for LibTorch, using the same conversion factors from
Section 5.1.2.

TC =0.1 x50.1 =5.01

The GCF calculation will be as follows:

GCF = (P x T x PGCF) 4+ (M x MGCF) + TC
— (2511 x 2.01 x 0.42) + (33.7 x 0.06) + 5.01
= 2.1198 +2.022 + 5.01
= 9.1517 units

Repeating these steps for the LibTorch model trained on FashionMNIST, we obtain a
resulting GCF of 9.1517 units. Since the resulting GCF of 10.932355 units is higher than the
corresponding value from LibTorch, it has a lower carbon footprint. Given the factors of
temperature, time taken, and memory space being lower, the GCF algorithm can give an
overall idea of the footprint of a machine learning model.

5.3. Case Study 3: MNIST with PyTorch

In order to find the GCF for MNIST trained on PyTorch, we can use identical parame-
ters from the previous two case studies using our values from Table 4.
The GCF calculation will be as follows:

GCF = (P x T x PGCF) + (M x MGCF) 4+ TC
= (0.21 x 1.20 x 0.42) + (34.5 x 0.06) + 7.63
= 0.106 4+ 2.07 + 7.63
= 9.806 units

5.4. Case Study 4: MNIST with LibTorch

Similarly, if we find the GCF for MNIST trained on LibTorch, we can use identical
parameters from the previous two case studies using our values from Table 4
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The GCF calculation will be as follows:

GCF = (P x T x PGCF) + (M x MGCF) 4+ TC
= (0.14 x 1.29 x 0.42) + (33.7 x 0.06) + 7.85
= 0.07585 +2.022 4 7.85
= 9.948 units

Comparing our results from Case Studies 3 and 4, we see PyTorch marginally being
better than LibTorch in this scenario. The major contributing factor to this comes from the
Temperature Cost, which is a lot higher on LibTorch.

This validation confirms the practical application of the green carbon footprint algo-
rithm, underlining its sensitivity and precision in reflecting real-world operational carbon
footprints of ML training processes. Continuous adjustments and validations are essential
for maintaining the algorithm’s alignment with evolving environmental standards and
operational practices.

6. Conclusions

In conclusion, our research provides a comprehensive analysis of the environmental
implications of selecting between high-level and low-level programming libraries in IoT
machine learning implementations. While the high-level programming library has proven
to be more developer-friendly by abstracting most of the inner logic that is close to hardware,
the low-level libraries allow for more custom building of the compiled program for training
the machine learning model. Hence, both approaches require sacrificing either the time
required to establish if a low-level library is used or the environmental surplus if the
high-level library is used. By developing a novel algorithm to quantify the carbon footprint
of training ML models, we have offered a practical tool for developers to make more
informed decisions that prioritize sustainability alongside performance and ease of use.
The comparative study between libraries like PyTorch and Libtorch sheds light on the
nuanced trade-offs involved in library selection, influencing both computational efficiency
and environmental impact.

Our future work will focus on expanding the scope of our decision support system
to include additional programming libraries and platforms, thereby enhancing its utility
and relevance. In addition, conducting experiments with other types of data like text,
audio, and structured data as used in traditional machine learning may provide further
insights regarding the utility of shifting towards low-level ML libraries. We have also
planned to integrate real-time data tracking and analysis features to dynamically assess the
environmental impact of ML operations. This could enable more adaptive and responsive
ML development practices. Furthermore, there are other machine learning libraries that
can be used for comparisons. On the higher end, Python has libraries in TensorFlow
(particularly TensorFlow-Lite) that have similar possibilities for model training, and on
the lower end, there are libraries such as Candle developed by HuggingFace. Exploring
more machine learning libraries on resource-constrained devices is another avenue for
future work. By continually updating our framework to reflect the latest advancements in
technology and sustainability metrics, our aim is to contribute significantly to the reduction
in the ecological footprint of machine learning globally.

The limitations of this work are as follows: Raspberry Pi 4 is a widely supported device,
but it may not be indicative of all of the scenarios of deployment of deep learning models.
Other resource-constrained devices such as the Jetson Nano and Arduino Nano BLE are
lower-profile compared to the Raspberry Pi, and finding limitations on those devices
may yield fruitful results. Furthermore, the deployed settings may have bottlenecks in
communication and data transmission, not from CPU usage or time taken in training.
Research in a realistic network setting is another limitation of this work.
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