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Abstract

The advent of edge computing and IoT technologies has led to the ubiquitous presence of IoT-edge
sensing systems, crucial for revolutionized data collection and analysis across numerous domains. How-
ever, the effective utilization and deployment of IoT-edge systems face significant challenges, particularly
in terms of energy management and computational resource constraints.

This dissertation addresses these challenges through a comprehensive approach that integrates three
critical research areas to enhance the sustainability and computing capabilities of IoT-edge systems. Firstly,
I introduce an innovative energy scheduling method for environmental sensors that harnesses solar power,
enabling sustained operation in areas lacking conventional power infrastructures. It leverages an AI energy
prediction model and a scheduler to optimize sensing activities in harsh, remote environments. Secondly,
the study enhances edge computing capability by incorporating deep learning (DL) models and advanced
system techniques leveraging AI multi-tenancy and heterogeneous AI accelerators. These techniques sig-
nificantly increase the processing speed, inference throughput, and efficiency of data processing, reducing
both network and computational delays. Finally, the research extends to the environmental monitoring
of coastal wetlands with a tailored IoT-edge soil monitoring system that employs energy optimization and
low-cost sensor calibration to effectively monitor soil properties under challenging field conditions.

This work integrated approaches improving the intelligent aspects of IoT-edge sensing systems and
contributes to the effective monitoring and conservation of critical ecosystems, demonstrating a balanced
focus on innovation and environmental sensing.
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Chapter 1

Introduction

The advancements in edge computing and Internet of Things (IoT) technologies have led to the widespread
adoption of IoT-edge sensing systems, which play a crucial role in various applications such as data moni-
toring, collection, storage, and analysis. These systems are important in emerging distributed applications
like autonomous vehicles, precision agriculture, and drone-based surveillance.

Despite their utility, IoT-edge sensing systems face several challenges that need to be addressed. One
significant challenge is energy management, especially in harsh environments where stable power infras-
tructure is lacking. While renewable energy sources like solar power are commonly used, ensuring a stable
energy supply remains a challenge. Additionally, facilitating the execution of complex deep learning (DL)
models on resource-constrained edge devices poses another challenge. DL models are highly accurate but
are resource-intensive, making their deployment on edge devices challenging. Moreover, IoT-edge systems
often operate in harsh environments like coastal wetlands, where continuous monitoring of soil health is
essential. Traditional soil sampling methods are costly and labor-intensive, necessitating the development
of IoT sensors capable of accurately monitoring soil parameters.

To address these challenges, researchers are focusing on developing novel resource and energy manage-
ment algorithms tailored to IoT-edge sensing systems. This research aims to build sustainable IoT-edge
systems capable of operating in challenging environments with unreliable power sources and resource-
constrained devices.

1.1 Background
With the advancements in edge computing and IoT technologies, IoT-edge sensing systems have become
ubiquitous [1], playing a significant role in data monitoring, collection, storage, and analysis [2]. IoT-edge
sensing systems are widely used in emerging distributed applications, including autonomous vehicles,
precision agriculture, and drone-based surveillance.

Environmental sensors need to be powered with energy storage units (ESUs). However, harsh envi-
ronments commonly lack stable power infrastructure (or power grid), elevating energy management to
be a primary research challenge [3]. While leveraging renewable energy sources is a widely adopted ap-
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proach, these energy sources do not always ensure a stable energy supply, demanding a high requirement
for sustainable operation capability in the sensing system [4].

Furthermore, as artificial intelligence (AI) and DL technologies continue to expand across diverse
domains, the need for facilitating the execution of DL models on IoT-edge devices is growing rapidly
[5]. These DL models are known to be highly accurate but are typically resource and energy-intensive
due to the large number of operational parameters in their architecture [6]. This makes their operation
on resource-constrained edge devices quite challenging. Despite attempts to overcome this limitation,
existing research has not fully addressed the challenge of efficiently deploying these DL models on such
devices [7, 8, 9]. We further discuss these challenges in IoT-edge sensing systems.

These IoT-edge systems are often deployed and operated in harsh environments e.g. coastal wetlands,
necessitating them to be sustainable and resilient [10]. Coastal wetlands are an important natural carbon
storage system, containing approximately half of the world’s blue carbon [11]. However, coastal wetland
ecosystems are facing increasing vulnerabilities from threats, such as coastal development, invasive species,
rising global temperatures, and sea-level rise [12, 13]. Therefore, it is imperative to preserve such wetland
areas by continuously monitoring and improving soil health in the coastal wetlands [14]. The traditional
soil sampling methods are not only costly but also labor-intensive and time-consuming [15]. Due to the
advancements in IoT (Internet-of-Things) technologies, various soil sensors have been developed. These
sensors are now widely used in various domains, such as agricultural systems [16, 17, 18]. Given their
capability to monitor crop yields and diverse soil parameters, they present a promising approach for soil
monitoring. Moreover, soil sensors are cost-effective, offering a more economical way than traditional soil
sampling methods and proving more accurate than conventional remote sensing.

1.2 Research Challenges
To build a sustainable and effective IoT-edge system, there are three research challenges. These three
research challenges involve energy management for energy harvesting (EH) systems, facilitating AI execu-
tions on resource-constrained edge devices, and in situ environmental sensing. the following subsections
describe the details of three challenges.

1.2.1 Challenge 1: Energy Management for IoT-edge Systems
IoT-edge systems are often deployed in challenging environments without stable power supply infras-
tructure. To address this, EH techniques, which leverage renewable sources such as solar power, wind,
and heat, are widely used approaches to supply energy for sensing and data processing operations [19].
Solar energy, in particular, is a popular choice, and many solar panels are compatible with edge computing
boards like Raspberry Pi and various IoT sensors. Yet, the reliability of solar energy is contingent upon
weather conditions. Sensing systems might encounter a series of rainy or cloudy days, leading to energy
shortages and disrupted sensing operations. Consequently, EH systems often incorporate energy storage
units (ESUs), like portable battery packs, linked directly to the sensors or computing boards. These units
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recharge during optimal conditions (e.g., sunny days), ensuring the sensors have a stable energy supply.
Moreover, these solar-powered EH IoT-edge systems often find themselves in extreme locations, such as
wetlands and reservoirs, where they monitor environmental conditions [20]. These areas typically lack
stable network connectivity [21], making it challenging to access timely weather forecasts from well-known
services. This lack of real-time information complicates energy management and efficient power distribu-
tions, potentially causing frequent interruptions in data collection. Thus, intelligently managing energy
while ensuring uninterrupted sensor operations within a constrained power budget remains a significant
challenge for IoT systems.

1.2.2 Challenge 2: Facilitating AI Executions on Resource-constrained Devices
edge computing devices and AI accelerators have been increasingly developed in recent years [22]. There
are various hardware, device, and accelerator configurations available on the market, such as Raspberry
Pi, Jetson boards, and edge TPU accelerators. For the deployment of complex DL/AI models on these
edge devices, it is essential for researchers and practitioners to understand the performance and execution
characteristics of their models and devices [23]. Subsequently, they can optimize scheduling and resource
allocation for DL/AI models to meet various performance goals, such as latency and service level objectives
(SLOs) [24, 25, 26]. Unfortunately, there is a lack of comprehensive performance studies for facilitating
AI/DL executions on various edge devices and accelerators. The comprehensive performance study should
cover a broad set of factors related to DL/AI models, such as different frameworks, software libraries,
and device-specific performance metrics. This analysis should involve various aspects, including but not
limited to throughput, latency, power efficiency, thermal metrics, resource utilization, the implications
of parallel and concurrent executions, as well as the performance variations introduced by heterogeneous
accelerators. Through these comprehensive characterizations, researchers and practitioners can enhance
system designs, advance hardware/accelerator development, and optimize model development. Therefore,
the absence of a comprehensive performance study represents a significant barrier to advancing DL and
AL models on edge devices.

1.2.3 Challenge 3: In Situ Environmental Sensing
When building an IoT system with soil sensors to monitor soil health in coastal wetlands, there are signifi-
cant research and engineering challenges. Many of these challenges arise due to the unique environmental
dynamics of the coastal wetlands [27]. For example, coastal wetlands often lack a stable power supply
to support the IoT system’s long-term sustainability and operability. To address this challenge, energy
harvesting (EH) emerges as a promising approach as it generates electricity from natural resources [28,
29]. Specifically, solar power is a widely used energy source for these EH systems. Various solar panels are
compatible with IoT computing boards, such as Raspberry Pi and Arduino, and with sensors. However,
due to the weather dynamics, solar power can exhibit non-uniform energy generation patterns [30]. Thus,
EH-based IoT systems need intelligent energy management for long-term operations at varying energy
harvesting rates. Additionally, while current sensors can measure multiple soil parameters, there is, to
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our best knowledge, no IoT sensor capable of directly measuring essential information for evaluating soil
health. For example, soil health can be deduced from the variance and quantity of soil organic carbon
(SOC) [31, 32], bulk density [33], and microbial biomass [34]. Therefore, these properties need to be esti-
mated from other environmental parameters (e.g., temperature, salinity, and pH) that can be collected by
soil sensors. To this end, domain scientists should determine the most appropriate sensors (with respect
to cost, accuracy, and data quality) that can measure environmental/soil parameters, and then they should
create a (machine learning or empirical) model to infer SOC, bulk density, and/or microbial biomass for
determining soil health.

1.3 Dissertation Research Design
This research aims to address the above research challenges by developing novel resource and energy
management algorithms specifically tailored to IoT-edge sensing systems. My research focuses on building
sustainable edge-IoT systems deployed in challenging environments and conditions with unreliable power
sources, frequent network disconnectivity, and resource-constrained devices. Specifically, I aim to answer
the following research questions (RQs).

RQ #1: In what ways can we formulate and implement intelligent and adaptive energy management
algorithms and policies specifically tailored for EH IoT-edge sensing systems, with the overarching
goal of guaranteeing prolonged and consistent operations in the long term?

RQ #2: When integrating multiple resource-constrained devices into IoT-edge sensing systems, what
performance outcomes (throughput, latency, energy consumption) can we expect? How can we
build novel management algorithms for DL models and edge devices/accelerators that can maxi-
mize the DL inference performance by leveraging the resource heterogeneity of edge devices and
accelerators?

RQ #3: How to evaluate and select low-cost sensors? How to design a low-cost and sustainable IoT
system for environmental sensing? How reliable is the low-cost sensors’ data for soil properties?

To answer the RQs above, this dissertation outlines the approaches as shown in Fig. 1.1.

1. Energy Scheduling. I will describe the desig of a power management algorithm for an in situ
IoT-edge device to dynamically adjust the energy allocation and sensors operation activities. A
simulator will be developed to accelerate this work. To determine the energy allocation, we need
to estimate the future energy gain. A more accurate energy predictor would facilitate the system
better on energy allocation. Therefore, an accurate energy predictor will be designed and developed
before the energy allocation. The energy allocation function will be designed and implemented on
the minimizing-interval principle.
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Energy Scheduling
Edge Computing

Capability
System

Deployment
Energy Source

Datacenter

IoT-edge System

Thrust #1 Thrust #2 Thrust #3

Figure 1.1: Research structure

2. Edge Computing Capability. I will thoroughly characterize the performance and behaviors of
different edge devices and accelerators during DL inference tasks. Furthermore, I’ll craft techniques
and resource management strategies to optimize DL inference by harnessing different resource mod-
els across edge devices and DL frameworks. To this end, I will begin by employing well-established
principles like parallel and concurrent executions to enhance DL inference performance. Ultimately,
my goal in this thrust is to devise algorithms that can dynamically exploit the resource heterogeneity
of edge devices and accelerators.

3. IoT-Edge System Deployment. Build a cost-effective, sustainable, field-ready IoT platform to
monitor soil health in coastal wetlands. Following this, we delve into selecting and evaluating
various soil sensors integrated into the platform. Moreover, a machine-learning model will be used
to predict one of the soil health indicators e.g., soil bulk density, using data measured by the soil
sensors.

1.4 Research Contributions
The most important contribution of this research is that I introduce an IoT-edge system for environmen-
tal sensing to ensure sustainability and performance. To this end, I design and develop three essential
components in the energy management system, DL acceleration on edge devices, and in situ system de-
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ployment, which address the implement of IoT-edge system to coastal marshland for facilitating domain
science and data collection. More specifically, this research makes the following contributions.

The contributions of this dissertation are as follows:
1. A sustainable energy management system with accurate DC power gain prediction and

dynamic energy scheduling algorithm. The DC power gain estimator in DynaES can accurately predict
ESU’s DC power gain by combining lightweight predictors, which are carefully determined by their
accuracy, overhead, and power consumption. This prediction mechanism enables solar-powered EH
sensors to perform stable operations without external support from online weather forecasting services.
DynaES’ scheduling algorithm shows effective utilization of harvested energy for sensors. This algorithm
dynamically adjusts the intervals and frequency of sensing operations, ensuring high energy efficiency and
preserving sensing data quality.

2. A thorough characterization and quantitative analysis of the performance with three
systematic techniques for maximizing DL inference throughput. We propose and develop three
techniques – batch inferencing, CME (Concurrent Model Executions), and DMP (Dynamic Model Place-
ments) – to maximize DL inference throughput on various edge devices. In particular, batched inferencing
is a throughput maximization approach for single DL tasks. Furthermore, CME and DMP maximize the
inference throughput with AI multi-tenancy. Based on these techniques, we provide a thorough char-
acterization and quantitative analysis of the performance (i.e., latency and throughput) of various edge
devices and AI accelerators when running DL tasks for image classifications. We also provide a thorough
analysis of the factors that affect the DL inference throughput.

3. Design of IoT system for low-cost, sustainable soil monitoring. We design an in situ, low-cost
IoT system for soil health monitoring. This system offers long-term, cost-effective, and non-intrusive
methods for data collection and in situ analysis of soil and environmental parameters. By incorporating
carefully selected yet accurate low-cost soil sensors, an energy harvesting mechanism and scheduling, and
a durable and robust mechanical architecture, this IoT sensing system can effectively and sustainably
monitor wetlands.

4. Data collection for domain science. In the absence of soil sensors that can directly monitor health
parameters such as SOC or bulk density, we used IoT soil sensor field measurements to estimate bulk
density, which is one of the critical metrics for determining soil health. Leveraging our domain knowledge
and various machine learning (ML) models, we developed an accurate and time-efficient method for
estimating bulk density. This approach addresses challenges posed by traditional sampling (which is time-
consuming and labor-intensive) and remote sensing methods (often limited by weak signals and low image
resolutions). Additionally, we conducted extensive evaluations of multiple ML models to optimize results,
cross-referencing our findings with baseline sensors and ground-truth data from the field.

1.5 Dissertation Organization
The rest of this dissertation is organized as follows: Chapter 2 discusses the related work of this research.
Chapter 3 presents the energy scheduling approach to manage unstable energy. Chapter 4 presents the
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approach to improving DL performance on resource-constrained edge devices. Chapter 5 presents the
in situ IoT-edge system with low-cost sensors and data analysis from this system. Chapter 6 provides
directions for future exploration and conclusions of this dissertation.
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Chapter 2

Related Work

This chapter discusses related research work. First, weather forecasting and sensor scheduling techniques
for EH sensors are described in section 2.1.1 and section 2.1.2 respectively. Then, we discuss research on DL
performance and acceleration on edge devices (Section 2.2) for cloud infrastructure and cloud application
management. Lastly, this chapter describes the in situ environmental sensing systems (Section 2.3).

2.1 Energy Management for IoT-edge Systems

2.1.1 Weather forecasting for EH sensors.
Exponentially weighted moving average (EWMA) is a commonly used approach for weather prediction
in EH sensors due to its lightweight nature [35, 36]. However, in section 3.2.1, HWES (a type of EWMA)
was shown to have lower accuracy compared to more advanced LSTM models. While we used HWES, it
is only for less significant parameters (e.g., temperature). Guermoui et al. [37] utilized SVR to predict solar
irradiance and demonstrated higher accuracy than a prediction model based on Multi-layer Perceptron.
However, this approach did not consider other important parameters for predicting solar irradiance. Jalali
et al. [38] used a variation of LSTM to predict GHI with historical data from weather stations, while
Capizzi et al. [39] employed a different variation of RNN to predict GHI by incorporating other weather
parameters. However, both approaches only provided short-term predictions of GHI (e.g., 2 days). In
contrast, DynaES can produce GHI predictions for a much longer period (at least weeks). Moreover, our
prediction goal is not only to predict GHI but also eventually estimate DC power gain by incorporating
other important parameters.

Sharma et al. [40] developed an approach to predict the energy harvested from natural sources (e.g.,
solar and wind) by combining forecast data (cloud coverage) from online weather forecasts [41] with
data collected from weather stations. While their approach shares a similar goal with the DC power gain
estimator in DynaES, we did not consider cloud coverage from weather forecasts for power gain prediction.
Furthermore, the DC power gain estimator in DynaES focuses on capturing the seasonality in various
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environmental parameters. Importantly, DynaES can be utilized for EH sensors without network access
to obtain online weather forecasting information.

2.1.2 Sensor scheduling in EH sensors.
Limited energy is a major challenge for EH sensors, and several schedulers have been proposed to tackle this
problem. Kansal et al. [36] designed a greedy algorithm that adjusts sensing intervals according to sensing
frequency requirements, but their approach did not consider the power consumption of each sensor.
Caruso et al. [42] and Loreti et al. [43] addressed scheduling using optimization techniques. Yang et al.
[44] also developed the AsTAR task scheduler that adjusted sensing intervals based on available energy.
However, all these approaches did not consider each sensor’s priority. In contrast, DynaES schedules
sensors with different priorities by giving high-priority sensors more energy and scheduling priority to
achieve their sensing goals, unlike most existing approaches that use a fixed sensor priority. Moreover, in
our evaluation, we compared DynaES against AsTAR, and DynaES significantly outperformed AsTAR
by performing more frequent sensing operations and having longer operation hours.

2.2 Facilitating AI Executions on Resource-constrained Devices
Several studies have conducted quantifying the performance of various edge devices for DL and ML
inference tasks [45, 46, 47, 48, 49, 50]. However, most studies have focused on characterizing performance
(e.g., latency and throughput) and efficiency (e.g., energy consumption) of edge devices and AI accelerators
with single DL tasks.

pCamp [45] evaluated ML packages and frameworks’ performance when executing image classifi-
cation tasks on edge platforms, including J.TX2, RPi4, and Nexus-6p. This work reported latency
(including model loading time), memory usage, and energy consumption from different ML packages.
Hadidi et al. [49] have characterized various edge devices and AI accelerators (e.g., EdgeTPUs) with DL
inference tasks. The authors analyzed the impact of DL frameworks and SW stacks and measured energy
consumption and temperature when performing DL inference tasks. Moreover, several studies [47, 46,
51] have focused on characterizing the performance of DL inference tasks on different HW architectures
and resource models (CPU, GPU, portable AI accelerator). EmBench [46] performed a per-layer analysis
of DL inference tasks to identify performance bottlenecks. Libutti et al. [48] conducted performance eval-
uations of DL inference tasks with portable, USB-based edge accelerators, including USB-Accelerator
and Intel Neural Compute Stick [52].

More recently, Liang et al. [50] have conducted an experimental study to evaluate model splitting and
compression techniques on edge devices and accelerators when performing co-inference tasks with clouds.
Network latency, bandwidth usage, and resource utilization with various configurations were also reported
when applying model splitting and compression to cloud-edge co-inference use-cases. Additionally, the
authors have evaluated the concurrency model executions for multi-tenancy use cases. However, the
concurrency evaluation is narrowly performed with only one model having a single batch size. Moreover,
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in addition to evaluating the CME strategy, our work also evaluates and characterizes the DMP strategy
for AI multi-tenancy that leverages heterogeneous resources in edge and EdgeTPU.

2.3 In Situ Environmental Sensing
Coastal wetland soil monitoring typically employs remote sensing, utilizing satellites and UAVs. In con-
trast, smart agriculture leverages soil sensors extensively to assess nutrients, water availability, and micro-
climatic conditions, such as soil temperature, aiming to enhance crop yield predictions and disease in-
festation monitoring [16, 53, 54, 17, 18]. On-the-go, field-scale sensing predominantly adopts visible and
near-infrared spectroscopy, utilizing either handheld spectrometers or vehicle-mounted configurations
for immediate SOC predictions. Nonetheless, handheld sensor deployment in coastal wetlands incurs
significant costs, while vehicle-mounted systems introduce undue invasiveness.

Although some literature proposes the utilization of expansive soil sensor networks, like the wireless
soil water content system, SoilNet [16, 55, 56], these propositions often fall short in coastal wetlands due to
commercial or logistical constraints. Yin et al.. [16] advocate for multi-layered sensor networks, spanning
measurements of nutrients, pests, pH, moisture, temperature, and pollutants. Their ambit also extended
to plant-wearable sensors, integrating into a comprehensive smart agriculture system. However, such
intricate systems present substantial energy demands, rendering them logistically challenging in wetland
terrains. Furthermore, the financial implications associated with such expansive soil monitoring setups
may render them unsuitable for ecological monitoring in coastal wetlands.

Our IoT soil monitoring system is well-balanced, choosing necessary sensors while considering energy
efficiency and ease of maintenance. Core soil properties, commonly monitored, encompass soil moisture,
temperature, pH, and electrical conductivity. In agricultural frameworks, soil moisture monitors pre-
dominantly facilitate irrigation automation [57, 58, 59]. In contrast, within coastal wetlands, they serve
as invaluable tidal phase indicators. An intriguing approach by Knadel et al.. [60] utilized electrical con-
ductivity and temperature to deduce SOC within a Danish agricultural setting. However, their mobile
tractor-mounted sensing strategy, although innovative, is excessively intrusive for coastal wetland terrains.

Moreover, when deploying IoT sensors, energy limitations pose a significant challenge for EH sen-
sors, prompting the development of various scheduling strategies to address this constraint. Kansal et al.
[36] devised a greedy algorithm that adjusts sensing intervals based on sensing frequency requirements;
however, their approach does not account for the power consumption of individual sensors. In contrast,
Caruso et al. [42] and Loreti et al. [43] tackled scheduling through optimization techniques. Our sched-
uler outperforms baseline methods by enabling more frequent sensing operations and longer operational
hours, significantly enhancing its efficiency and effectiveness in EH sensor applications.
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Chapter 3

DynaES: Dynamic Energy
Scheduling for Energy Harvesting

Environmental Sensors

This chapter presents DynaES, a novel energy scheduling method for EH sensors without relying on online
weather forecasts. DynaES comprises two components: a DC power gain estimator that predicts future
power gain by individually estimating changes in environmental parameters and ensembling them, and a
dynamic energy scheduler that distributes energy to sensors based on priority and adjusts sensing intervals
and frequency. We evaluate DynaES via simulation-based studies on real-world datasets and compare its
performance against state-of-the-art baselines. Evaluation results show that DynaES accurately predicts
future energy gain with low estimation errors and enables 1.8× – 4× more frequent sensing operations
with shorter sensing intervals while achieving longer operation hours without complete battery drains.

3.1 Chapter Introduction
With the emergence of low-cost sensors and IoT technologies, various environmental sensors are increas-
ingly developed and deployed to monitor, collect, store, and analyze various environmental factors[61, 62,
63], such as soil [64, 65] and ecological properties [66]. One of the most critical design considerations
when deploying such systems is ensuring that the sensors have a stable and sufficient power supply to
remain operational. This becomes particularly challenging for deployment places where electric power
networks are not available [66].

Energy harvesting (EH) is a promising approach for powering sensors by converting and storing energy
from natural sources [28, 29]. In particular, solar energy is a widely used and convenient power source, and
various solar panels are well-operational with computing boards like Raspberry Pi and Arduino, as well as
IoT sensors. However, the stability of solar energy supply is subject to weather conditions. For example,
deployed sensing systems may face multiple rainy and cloudy days, resulting in an energy shortage and
discontinuation of sensor operations. Therefore, as shown in Fig. 3.1, EH sensing systems are typically
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Figure 3.1: Energy harvesting sensing pipeline

equipped with energy storage units (ESUs), such as portable battery packs, that are directly connected to
the sensors/computing boards. These units regularly recharge during sunny days to ensure a stable energy
supply and continuous operation of the sensors.

The instability of the power supply poses another challenge for solar-powered environmental sensors,
as these sensors are often deployed in harsh environments (e.g., wetlands, reservoirs) to collect environmen-
tal factors. Unfortunately, these areas often lack reliable network access, making it difficult to obtain timely
weather forecasts from well-known weather services [41, 67], thereby hindering the effective management
of charged energy levels and power distribution to the sensors. This can result in frequent interruptions
and delays in sensor operations to collect target sensing data. Therefore, it is crucial for EH environmental
sensors to manage their energy capacity intelligently [68] while enabling seamless sensor operations within
a limited power budget [69, 70].

This chapter directly tackles the energy management problem of EH environmental sensors, especially
when deployed in harsh environments without network access. We present DynaES that accurately esti-
mates the ESU’s battery level (DC power gain) and dynamic energy scheduling based on sensor priority.
We first develop a DC power gain estimator for DynaES to predict the available energy amount during
the next operation period. With a thorough analysis of the National Solar Radiation Database (NSRDB)
[71] and Photovoltaic Data Acquisition (PVDAQ) Public Datasets [72], we reveal that three parameters –
global horizontal irradiance (GHI) [73], temperature, and solar zenith angle (SZA) [74] – are most critical
to determine the DC power gain. The power gain estimator forecasts changes in these three parameters
for the upcoming sensors’ operation period (e.g., one or two weeks) and utilizes a random forest model
with the three estimated parameters to determine the final power gain. As this power gain estimator re-
quires in situ deployment with the various sensors, we carefully determine the best predictor for each
parameter based on the accuracy, overhead, and power consumption in a computing board (Raspberry
Pi). Specifically, we use a combination of lightweight deep learning and statistical time-series models for
estimating these parameters.

Moreover, the scheduling component in DynaES performs dynamic power distribution based on each
sensor’s priority (significance). The sensing priority is determined based on domain-specific characteristics
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(e.g., ideal sensing frequency for high data quality) and real-world metrics (e.g., power drain). The scheduler
then dynamically adjusts the intervals and frequency of sensing operations in order to ensure high energy
efficiency and preserve sensing data quality.

I created a trace-based simulator to evaluate the effectiveness of DynaES, which utilizes input data
created from two publicly available solar radiation datasets to estimate the DC power gain and simulate
dynamic power scheduling for different EH sensors. To ensure a realistic simulation study, we collected
data on the real power consumption of the DC power gain estimator and environmental sensors, including
pH, electrical conductivity (EC), oxidation-reduction potential (ORP), and temperature sensors. I used
this data as the simulation parameters for evaluating DynaES.

My evaluation of DynaES focused on measuring the accuracy of the estimated DC power gain, moni-
toring changes in the charged battery level, and analyzing the frequency and intervals of sensing operations
to determine whether DynaES can ensure sustainable sensor operations and data quality. According to
our evaluation results, DynaES was able to accurately estimate the DC power gain with a RMSE of less
than 100 within a week. I further compared the scheduling performance of DynaES with state-of-the-art
baselines. The results revealed that DynaES enabled 1.8× to 4× more sensing operations, with shorter
sensing intervals, without experiencing any outage caused by a complete battery drain.

3.1.1 Chapter Organization
The rest of this chapter is organized as follows: Section 3.2 describes the detailed design of DynaES. Sec-
tion 3.3 discusses our evaluations of DynaES, focused on its power gain prediction accuracy and energy
scheduling efficiency. Section 3.4 provides a discussion regarding this study. Section 3.5 summarizes this
chapter.

3.2 The Design of DynaES

This section describes the detailed design of DynaES. Fig. 3.2 shows the overall design of DynaES that
consists of two main components: ESU’s DC power gain estimator (section 3.2.1) and dynamic energy
scheduler (section 3.2.2) for various sensors. As stated in the introduction section, EH environmental
sensors often have constraints, such as unreliable network access, which prevents them from obtaining
timely weather information for future operational intervals. Consequently, DynaES should be capable
of knowing the future power gain from solar energy. To achieve this, the DC power gain estimator of
DynaES predicts future power gain by utilizing various parameters obtained by solar panels and equipped
sensors in the deployed system.

After obtaining the predicted power gain, the dynamic energy scheduler in DynaES performs energy
scheduling and distribution for various sensors based on their priority. The priority of each sensor is
determined by its sensing objectives, with input from domain experts. The goal of the scheduler is to
enable frequent operations of the more important sensors, thereby ensuring that the EH environmental
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Figure 3.2: The overall design of DynaES

sensors achieve their sensing goals efficiently while maintaining stable operations by avoiding a complete
battery drain.

3.2.1 DC Power Gain Estimation
To design the DC power estimator, we start by investigating the relationship between solar/environmen-
tal parameters and DC power gain through solar panels. Unfortunately, there is no single dataset/DB
containing solar energy-related factors and DC power gain. However, we found two datasets separately
containing solar and environmental factors (NSRDB [71]) and DC power gain via photovoltaic solar
energy (PVDAQ [72]).

Data preparation

NSRDB, maintained by the National Renewable Energy Laboratory (NREL), contains time-series data
of meteorological, environmental, and solar irradiance from various locations across the U.S. The DB
provides access to 19 critical environmental and solar-energy-related parameters, including temperature,
wind speed/direction, SZA, GHI, and other essential information. While NSRDB has various time-series
data regarding environmental parameters and solar irradiance, it lacks information connecting DC power
gain leveraging solar irradiance and other factors. Therefore, we decided to merge NSRDB with PVDAQ
DB.
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Figure 3.3: Correlation coefficient of environmental/solar-irradiation parameters with DC power gain

PVDAQ is also collected and maintained by NREL. The datasets contain large-scale time-series
data of PV (Photovoltaic) system metadata (e.g., PV system models and dimensions of solar panels) and
performance data (e.g., DC power gain) from various experimental and public PV sites across the U.S. To
merge these two separate datasets, we first found data chunks collected in the same locations and same
measurement periods. One challenge in the data integration was that PVDAQ often had missing data
points (data in specific months or days), so we had to focus on generating the longest continuous data
from two DBs. Specifically, we could create integrated datasets from 2015 to 2018 containing all parameters
in both DBs.

Estimating future changes in GHI and environmental parameters

With the integrated datasets, we performed correlation analysis to find the most significant environmental
parameters to determine the DC power gain. Fig. 3.3 shows the correlation coefficient of various parame-
ters (in NSRDB) with determining DC power gain (in PVDAQ), and we observed that GHI, temperature,
and SZA are strongly or moderately correlated with DC power gain.

GHI refers to the amount of solar irradiance received by a solar panel on a horizontal surface [73].
GHI is directly linked to the amount of energy the solar panel can generate. Additionally, the efficiency of
a solar panel in energy generation is directly impacted by ambient temperature. SZA is the angle between
the sun and the zenith and can be an important factor in determining the amount of sunlight that a solar
panel receives at different times of day and year [74]. When SZA is low, the sun is closer to the zenith,
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and the panel receives more direct sunlight, resulting in increased power generation. Conversely, when
the SZA is high, the sun is farther from the zenith, and the panel receives less direct sunlight, resulting in
reduced power generation. Therefore, these three parameters can be useful in predicting future DC gain.
Please note that while we analyzed the coefficient of all 19 parameters, Fig. 3.3 only reports the three most
important parameters.

To estimate the future DC power gain, it is critical to know the future changes of GHI, SZA, and
temperature. Moreover, the estimation of future parameter changes needs to be performed on a com-
puting board deployed together with EH sensors. Therefore, we should carefully decide to use proper
predictors for these parameters based on their performance and power consumption (as the predictors
should not consume a significant amount of power in the sensing system). For the predictor selection, we
tested three time-series predictors from deep-learning and statistical learning approaches: long short-term
memory (LSTM) [75], NeuralProphet (NP) [76], and Holt-Winters exponential smoothing (HWES)
[77] methods.

LSTM is a type of recurrent neural network (RNN) designed for sequence or time-series predictions.
In each inference task, LSTM generates both a prediction and hidden states. Specifically, the hidden
states are passed back into the model for the next prediction during each inference. These hidden states
store valuable information about the sequence of data, such as long-term and short-term trends in time
series, which can assist in making accurate inferences [75]. LSTM can be a suitable choice for predicting
future parameter changes since the seasonal period of each parameter could extend up to 3 months (the
average length of a meteorological season). In such cases, the long-term memory of LSTM can be useful.
Additionally, even within a specific season, environmental parameters can have fluctuations. Therefore,
the short-term memory of LSTM can be beneficial in such cases.

NP is also designed for time-series predictions with supporting automatic detection of trends and
seasonality in the given time-series dataset. NP is known to be an efficient approach in various time-series
prediction problems [76]. And finally, HWES is a lightweight and widely used time series model focusing
on capturing trends and seasonality in its forecasting. We chose HWES as it is lightweight (potentially
consuming less power), and the parameters (e.g., GHI and temperature) we want to predict can have
strong seasonality.

Accuracy
(RMSE)

Overhead (Time in Sec.) Power Consumption (mAh)
Inference Training Inference Training

HWES 150.8 0.04 – 0.01 –
NP 179.0 1.56 91.68 0.25 18.62
LSTM 117.9 6.45 138.41 0.99 25.52

Table 3.1: Accuracy, overhead, and power consumption measurement results of three prediction models
on Rasberry Pi. The bold values are the best results we obtain in the measurement.

To determine the proper predictor, we examined three candidates with GHI prediction, as GHI is the
most important contributor to determining DC power gain. This test was performed on Rasberry Pi 4B, a
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Figure 3.5: Accuracy evaluation results of three DC regressors

widely used general-purpose computing board. We measured the prediction accuracy (RMSE), overhead
in the training model and performing inference tasks, and actual power consumption. Specifically, we
used INA-2191, a voltage, current, and power measurement chip, for measuring the power consumption
of the models on the computing board.

The measurement results are reported in Table 3.2.1. LSTM produced the most accurate prediction re-
sults but required higher computation time in training and inference than the other two models. LSTM’s
power consumption measurements on Raspberry PI were 0.99mAh (inference) and 25.52mAh (training).
On the other hand, HWES showed a significantly lower overhead than the two other models, and its
power consumption was also negligible. But its prediction accuracy was worse than LSTM (but better
than NP).

1https://www.ti.com/product/INA219
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As both LSTM and HWES models have strengths and weaknesses, we decided to use different pre-
dictors for estimating different parameters based on their significance. Specifically, LSTM is used for
GHI predictions due to its strong correlation coefficient (0.9) with DC power gain. DynaES can leverage
the accurate prediction results powered by LSTM. For example, Fig. 3.4 shows 3-day GHI prediction
results by LSTM, and the figure shows that LSTM could accurately predict the GHI changes. Moreover,
LSTM’s power consumptions were only 0.99mAh (inference) and 25.52mAh (training), which can be
easily accommodated by the typical ESU’s capacity of 20,000 – 30,000mAh, given that training and in-
ference will be performed periodically (e.g., once a week). For the temperature and SZA, we decided to
use HWES as it has reasonable prediction accuracy and negligible power consumption.

DC power gain regression. The next step is to design a DC power gain regressor that takes three
predicted parameters from the previous step as inputs and estimates the future gains of DC power in ESU.
To achieve more accurate prediction, this DC power regressor also leverages the history of DC power
gains. To incorporate the predicted parameters and the DC power gain history, we considered various
regressors, including linear regression (LR) [77], support vector regression (SVR) [77], and random forest
(RF) [78] models.

LR is a commonly used approach for various regression problems due to its intuitive nature. We also
considered the SVR because it can model both linear and non-linear relationships between the parame-
ters and DC power via the kernel. Finally, we tested RF, which not only captures linear and non-linear
relationships (like SVR) but is also known for its robustness to outliers and over-fitting. To compare the
accuracy of these three regressors, we randomly selected two weeks of data from our dataset and assessed
the performance of each regressor on this data.

Fig. 3.5 shows the accuracy evaluation results of three DC power regressors. Specifically, Fig. 3.5a
reports the RMSE results of all the predictions. Overall, RF showed significantly higher accuracy than
the other two regressors. For example, RF’s RMSE results were 128 (week #1) and 108 (week #2), but the
other two regressors had around a RMSE of 155 (week #1) and 133 (week #2).

Additionally, it is also important for the DC regressor in DynaES to have minimal over-prediction
cases. Over-prediction occurs when the predicted DC power gain is higher than the actual DC power
gain, which can lead to several scheduling issues. i.e., overly allocating energy to sensors, resulting in more
frequent sensing operations than future energy gain. Fig. 3.5b shows the over-prediction rates of the three
regressors. Consistent with previous results, the RF-based regressor showed the lowest over-prediction
rates, with 38% (week #1) and 28% (week #2), respectively. In contrast, LR had over-prediction rates of
65% and 59%, and SVR showed over-prediction rates of 67% and 65% for weeks #1 and #2, respectively.

Our further analysis revealed that the better accuracy of RF is mainly due to its robustness to outliers.
For example, DC power gain prediction relies on various parameters with seasonality but can also be
impacted by several intra-seasonal variations (e.g., temperature changes within a specific season). RF is an
ensemble model that trains each constituent tree on a random subset of the features, indicating that an
outlier variable would not affect the prediction outcome of all the trees. Additionally, because the final
prediction outcome is an average of the prediction outcomes of each tree, the outlier variable would have
a reduced impact on the final prediction outcome in RF compared to other models.
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Figure 3.6: Overall prediction procedure to estimate DC power gain

With accuracy and over-prediction rate evaluations, we decided to use RF for our DC power regressor.
The overall prediction procedure is illustrated in Fig. 3.6. In summary, the power gain estimation process
in DynaES consists of two steps. The first step (step #1 in Fig. 3.6) takes past time-series data of GHI,
temperature, and SZA and predicts future changes in these parameters. In this step, a more accurate
LSTM is used to predict future GHI, while power-efficient HWES models are used to predict other
parameters. The DC regressor (step #2 in Fig. 3.6) then utilizes RF to predict future (e.g., 1-week) power
gain by taking predicted parameters (step #1) along with the history of DC power gains. The output from
the DC regression will be predicted power gain for the next week (hourly data for seven days, in total 24 ×
7 predictions), which is the energy budget for the dynamic energy scheduler in the following subsection
to facilitate further operations.

3.2.2 Dynamic Energy Scheduling
Given the prediction for future DC power gain (section 3.2.1), the dynamic energy scheduler in DynaES
creates scheduling plans for each sensor. Our scheduling algorithm is described in Algorithm 1. The
scheduler takes the following inputs: DC power gain prediction (Egain), sensor profile (SP ), battery
(ESU) profile (B), and scheduling time window (T ). Specifically, T refers to the duration for which
we intend to schedule the power distribution to sensors in advance. And the scheduler’s output is the
scheduling plan for sensors during T .

The scheduler initiates the power distribution process by computing the total (Etot) and accumu-
lated energy (Eaccum) for T (lines 1–5). T is a user-defined parameter (e.g.. one or two weeks). Follow-
ing this, the scheduler evaluates whether Etot is sufficient to meet the minimum energy requirement
(B[min_energy_required]) for non-sensing activities, such as power consumed by computing boards
or other equipment (line 6). If the energy is inadequate, then the EH sensor cannot carry out any sensing
operations during T (line 7).

19



Algorithm 1: DynaES Energy Scheduling Algorithm
Input: DC power (energy) gain prediction: Egain, sensor profile: SP , battery profile: B,

scheduling time window: T
Output: sensor schedule plan: sched

1 initialize hourly accumulated energy Eaccum[0] = Egain[0] +B[current_level]
2 calculate total energy amount over T Etot = B[currrent_level] + sum(E)
3 for t ∈ [1, T ] do
4 Eaccum[t] = Eaccum[t− 1] + Egain[t]
5 end
6 if Etot ≤ B[min_energy_required] then
7 sleep(T )
8 end
9 calculate energy priority ratio Epr = Etot ÷

∑
s∈SP s[priority]

10 calculate energy allocation to each sensor Es
alloc = Epr × s[priority]

11 calculate number of sensing operations for each sensor Ss
ops = Es

alloc ÷ s[consumption]

12 calculate the sensing period for each sensor Ss
period = T ÷ Ss

ops

13 choose the shortest sensing period T_min = min(Ss
period)

14 choose sensors with the shortest sensing period
Ss
min_period = {s : Ss

period == T_min ∀ s ∈ SP}
15 calculate the energy required for the schedule

Ereq = B[base_consumption] +
∑

s∈SP Ss
min_period × s[consumption]

16 for t ∈ [T_min, T ] do
17 search for the sufficient energy time
18 if Eaccum[t] > Ereq then
19 Tend = t
20 end
21 end
22 return [Ss

min_period, Tend]

The scheduler then assigns energy distribution priority (Epr) to each sensor (s,∀s ∈ SP ) based on
each sensor’s priority level (s[priority]) in line 9 and allocates energy for each sensor accordingly (Es

alloc)
as described in line 10. Subsequently, the scheduler calculates the frequency (line 11) and interval (line 12)
for each sensor during T . Also, the shortest sensing period is calculated as the sensing time (line 12). For
the sensors that have the shortest sensing period are selected to be scheduled (line 14). Next, the scheduler
calculates the required energy (Ereq) to execute all sensing operations (line 15) and searches the time that
has enough energy in Eaccum to determine the termination time (Tend) of sensing operations (lines 16-21).
Finally, the scheduler generates the schedule plan, which includes the calculated sensing interval Tend and
all sensors (Ss

min_period) for the sensing operations.
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3.3 Evaluation of DynaES

Our evaluation aims to assess the performance of the DC power estimator and energy scheduling in
DynaES. The accuracy of the DC power estimator is critical for DynaES as it predicts future energy gains
for scheduling operations. We measured the accuracy (RMSE) and over-prediction rate of the DC power
estimator, as well as the impact of various parameters on producing accurate prediction results.

Additionally, the performance evaluations of the dynamic energy scheduler were based on simula-
tions with realistic scenarios of EH environmental sensors. Specifically, we measured changes in energy
charging level in ESU, sensing operation frequency, and sensing intervals in DynaES with various sensors.
Furthermore, we compared the performance of our dynamic energy scheduling against three baselines:
static, adaptive energy scheduler, and AsTAR.

Evaluation dataset

As discussed in section 3.2.1, we merged two publicly available datasets collected by NREL to create new
datasets. For the performance evaluation, we prepared datasets for a two-year period (2017-2018). The
datasets include GHI, temperature, SZA parameters, and DC power gain in the Denver area, CO. It
is worth noting that the dataset used to design DynaES was not used for its performance evaluation to
ensure a fair evaluation.

Simulator design and implementation.

We developed a trace-based simulator modeled on the behavior of environmental sensors in EH systems.
The simulator has four main components: a timer, an energy generator, a battery, and a scheduler. The
timer component is responsible for controlling the simulation time. The energy generator takes a trace
file containing time-series data of GHI and other environmental parameters as input and generates corre-
sponding values for GHI, temperature, and SZA at predefined simulation times. The battery component
mimics the behavior of ESUs in EH sensors. This component simulates power charging and discharging
functions and generates a trace of the DC power history, which is used by the scheduler component. The
battery leak function is also implemented to simulate the real-world behavior of batteries. The scheduler is
the core unit of the simulator and performs critical operations. This component predicts DC power gain,
schedules energy delivery to sensors, traces all sensor operations and coordinates other system functions.
This component ensures that the simulator accurately mimics the behavior of EH systems in real-world
scenarios. This simulator is written in Python. Pandas2 [79] and Numpy3 [80] libraries are used to pro-
cess the time-series data. Scikit-learn4 [81] and TensorFlow5 [82] are used to implement RF and
LSTM models.

2https://pandas.pydata.org
3https://numpy.org
4https://scikit-learn.org
5https://www.tensorflow.org
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Figure 3.7: Accuracy evaluation results of three DC power gain estimators. (a) shows RMSE results for 12
weeks (the first week of every month) from September 2017 to August 2018. (b) shows the over-prediction
ratio of three estimators. Please note that Est.(GHI + DC) in the figure indicates the DC power estimator
using GHI and DC power history, and Est.(DC Only) is the estimator only using DC power history.
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3.3.1 Accuracy of DC Power Gain Estimation

Dataset for power gain estimation

We used 12 weeks of data spanning from September 2017 to August 2018. Specifically, we tested the
estimation accuracy of the first week of every month over a one-year period, resulting in a total of 12
prediction tests. This allowed us to determine if the DC power gain estimator consistently yields high
prediction accuracy.

Power gain estimators

While we previously revealed that GHI is the most important parameter for predicting future DC power
gain (in section 3.2.1), we also wanted to evaluate the contribution of other parameters, such as temperature,
and SZA. To this end, we created three different versions of the DC power gain estimator, which are
DynaES’ DC power estimator, a DC power estimator utilizing GHI and DC power history, and a power
estimator using only DC power history.

Evaluation results

Fig. 3.7 shows the accuracy results of the three power estimators. Specifically, as shown in Fig. 3.7a,
DynaES’ power estimator outperformed the other two models and consistently produced prediction re-
sults with low prediction errors. On average, DynaES’ estimator had a RMSE of 96. The second estimator
(Est.(GHI + DC) in the figure), which utilizes GHI and DC power history, had a RMSE of 143, which
is 50% higher than DynaES. As this estimator does not take into account the other three environmen-
tal parameters, the results indicate that both temperature and SZA parameters significantly contribute
to reducing prediction errors. The third estimator (Est.(DC Only) in the figure), which only utilizes
DC power gain history, had the highest prediction errors with a RMSE of 190, significantly higher than
DynaES. Moreover, the accuracy of the third estimator was much more variable than DynaES and the
second estimator. This finding highlights the importance of GHI and other parameters in improving the
prediction accuracy of future DC power gain.

Fig. 3.7b reports the over-prediction rates of all three power estimators. Over the one-year evalua-
tion period, DynaES had an over-prediction rate of 14% – 35%, with an average over-prediction rate of
25%. DynaES consistently generated lower over-prediction rates (32% – 47% lower) than the other two
estimators, which can lead to more stable management in energy scheduling to target sensors.

3.3.2 Energy Scheduling Evaluation
This evaluation is to test the effectiveness of the energy scheduling algorithm in DynaES. Our evaluation
involves monitoring changes in the charged energy levels of the ESU, as well as adjustments in the sensing
frequency and intervals. Specifically, monitoring charged energy-level changes in the ESU is to assess
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Figure 3.8: Evaluation results of energy scheduling performed by DynaES, ES-stat, ES-adap, and
AsTAR. (a) represents the evaluation results with a 20,000mAh of battery capacity in the 4th week of De-
cember 2017, and (b) shows the results with a 30,000mAh of battery capacity in the 2nd week of November
2017. The upper graphs show the battery level changes (charged by solar panel and the battery consump-
tion by sensing operations) during evaluation weeks. The lower graphs represent the sensing operation
frequencies.
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whether the EH sensors can operate efficiently without a complete power drain. Furthermore, changes in
sensing frequency and intervals are also essential metrics, as the EH sensors should not compromise their
performance simply to conserve energy for longer operation hours. To ensure efficient functionality, the
energy scheduling algorithm in DynaES should be capable of maintaining the frequency and interval for
each sensor based on its priority while considering the dynamics of the charged energy level.

Sensor and ESU models in simulation

We consider the deployment of an EH system with four sensors, including temperature, pH, EC, and
ORP sensors. We assume that temperature and pH sensors have higher sensing priority (more frequent
sensing operation, e.g., two operations per hour) and EC and ORP sensors have lower priority (e.g., one
operation per hour). For realistic simulation, we profiled the power consumption of all the sensors using
the same approach used in section 3.2.1 and used the profiled data as simulation parameters. For the
ESU models, we modeled ESU components in our simulator based on battery packs with 20,000 and
30,000mAh, commonly available on the market.

Dataset for scheduler evaluation

We randomly picked five individual weeks in our dataset. Three weeks are selected from 2017, and two
weeks are chosen from the 2018 dataset.

Baselines

Static energy scheduler (ES-stat), adaptive energy scheduler (ES-adap), and AsTAR are used as baselines.
ES-stat performs sensing operations based on a pre-determined sensing interval. As ES-stat does not
consider the changes in the ESU’s energy level or other environmental dynamics, ES-stat is to show the
baseline performance of the energy scheduler in EH sensors.

ES-adap dynamically adjusts sensor operation frequencies based on the current energy level in the
ESU. ES-adap starts scheduling by checking if the current energy level exceeds a threshold set to decrease
the chance of complete battery drain. If the current energy level is higher than the threshold, ES-adap
enables sensing operations. After each sensor operation, ES-adap updates the energy level by calculating
the energy gain and drain from the sensors. It then determines the next sensing interval by calculating:

α× battery_level − threshold

threshold
, (3.1)

where α is a scaling factor used to regulate the energy-capacity scaling. In this way, ES-adap adjusts
the sensing interval based on the current energy level. Thus, when the battery level is higher, ES-adap
schedules more frequent sensing operations, and when the battery level is lower, it schedules fewer sensing
operations.

AsTAR [44] is an energy scheduler focused on performing energy-aware adaptation for sensor tasks.
It aims to balance the trade-off between higher temporal resolution of sensed data and increased energy
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consumption. AsTAR is designed to operate without benchmarking or environmental modeling, instead
observing and reacting to the system state at runtime. This energy scheduler is also designed to address
platform heterogeneity and unpredictable energy-harvesting environments.

Evaluation results

We performed energy scheduling in the five weeks in 2017 and 2018 and measured energy level changes in
the ESU and sensing frequency (interval) in the five weeks. Fig. 3.8 reports the energy scheduling results
in two weeks. Please note that we only show two weeks’ results due to the page limit, and the other three
weeks had similar results. As shown in the upper graphs of Fig. 3.8 (the changes in battery level), DynaES
demonstrated its ability to effectively manage battery levels and enable more frequent sensing operations
without fully depleting the battery. Although there were fluctuations in the charged battery level, these
fluctuations were primarily due to weather dynamics. Conversely, the other three baselines could not
support sustainable operations of EH sensors. For example, ES-stat experienced a complete battery
drain on day 1 of both weeks and thereafter, ES-stat only conducted very limited sensing operations.
ES-adap performed better than ES-stat. However, ES-adap and AsTAR also encountered a complete
battery drain on days 3 and 4 of Fig. 3.8a and day 3 of Fig. 3.8b, leading to limited support for future
operations due to the shortage of charged energy.

The lower graphs of Fig. 3.8 further illustrate the sensing operation frequencies performed by DynaES
and three baselines. The results show that DynaES enabled 1.8× – 4× more frequent sensing operations,
indicating that DynaES does not sacrifice the frequency of its sensing operations to conserve more energy.
By conducting more sensing operations, the EH sensors equipped with DynaES can collect more data
from its sensors, thereby facilitating the achievement of the sensors’ objectives. Moreover, we observed
that DynaES could dynamically adapt the sensing interval based on the charged battery level. i.e., day 4
of Fig. 3.8b’s lower graph. DynaES extended the sensing interval to prevent the complete battery runout
because the less energy gain on day 4 was predicted from the DC power gain estimator.

Fig. 3.9 shows the CDF of the sensing interval for the four schedulers. The results show that the
sensing intervals for DynaES were consistently smaller compared to the three baselines. Conversely, the
three baselines exhibited long-tail distributions of sensing intervals, indicating their inability to support
consistent sensing operations. By having shorter sensing intervals (without long-tail distribution) in Fig.
3.9 and higher sensing frequency in Fig. 3.8, DynaES can support more frequent and consistent sensing
operations, leading to improving the sensing quality of EH sensors.

We also implemented and deployed DynaES in Athens, GA. RPi4 is used as the controller. The
power management chip is PiJuice HAT [83]. It can wake up RPi4 with a built-in timer function. The
baseline is ES-adap. AsTAR is not used due to that PiJuice can only provide the integer part of the battery
level. The decimal part is truncated, which leads to an imprecise reading of the battery level. This affected
AsTAR making a proper sensing schedule.

Fig. 3.10 illustrates the battery level change for the deployed schedulers. It is evident from the de-
picted data that DynaES exhibits a notably higher battery level compared to ES-adap. This observation
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Figure 3.9: CDF of sensing intervals in four schedulers

underscores the practical efficacy of DynaES in energy management strategies. Notably, these findings
corroborate the simulation outcomes, thus validating the efficacy and utility of the simulator.

In this evaluation, we showed that DynaES outperformed the three baselines. The better performance
of DynaES is primarily due to its accurate prediction of future power gain using various parameters
and its scheduling algorithm, which can dynamically adjust scheduling intervals to manage the battery
level, thereby supporting sustainable overall runtime of EH sensors with increased frequency of sensing
operations.

3.4 Discussion
This study presents DynaES, an energy scheduler for EH sensors without reliable network access to online
weather forecasting APIs. DynaES uses a DC power gain estimator to predict future solar panel power gain
for ensuring sustainable sensor operations. However, to utilize DynaES, EH sensors should be capable of
collecting GHI, temperature, and SZA parameters. This section discusses two key questions for adopting
DynaES in real-world deployments: 1) how to obtain GHI and other parameters for EH sensors, and 2)
DynaES’s performance when GHI and other parameters are not available.

27



400

1000

1400

1800

Day 1 Day 3 Day 5E
n
e
rg
y
 L
e
v
e
l 
(m
A
h
)

ES-Adap
DynaES

Figure 3.10: Changes in energy level for deployed schedulers.

0

5,000

10,000

15,000

20,000

Day 3 Day 6 Day 9 Day 12E
n
e
rg

y 
L
e
ve

l (
m

A
h
)

ES-adap
AsTAR

DynaES(DC only)
DynaES(All)

Figure 3.11: Changes in energy level by four schedulers. DynaES (all) refers to DynaES with DC power
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power gain estimation using DC power history. All the dots on the lines indicate sensing operations.

3.4.1 Question 1: How to collect GHI, SZA, and temperature parameters in in
situ EH sensors.

A pyranometer can collect GHI parameters [73]. A typical pyranometer setup includes a light sensor that
filters out non-sunlight waves. This light is then converted into thermal energy, which is subsequently
transformed into electricity using a thermoelectric device, such as a thermopile.

In a practical deployment of EH sensors, a pyranometer can be installed near or alongside the EH
sensors to collect GHI data. This information can then be utilized in our DC power gain estimator in
DynaES. Furthermore, the pyranometer can help to enhance the prediction accuracy of our power gain
estimator by comparing the predicted GHI parameters against the pyranometer’s actual measurements.

In addition, SZA parameters [74] can be calculated using equations that utilize the current time and
location coordinates (longitude and latitude). Temperature parameters can be obtained using low-cost
sensors widely available on the market.
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3.4.2 Question 2: The performance DynaES without GHI, SZA, and tempera-
ture parameters.

Given the critical role of GHI along with SZA and temperature parameters in estimating future DC power
gain, we seek to determine whether DynaES can still effectively schedule energy to sensors even without
GHI, SZA, and temperature parameters, as these sensors (e.g., pyranometer) may not always be available
in real-world deployment scenarios. In this discussion, we evaluate the performance of DynaES powered
solely by DC power gain prediction with historical DC power information, which can be easily obtained
by APIs supported by commercial battery packs.

Fig. 3.11 illustrates the changes in energy levels of four schedulers; DynaES(All), DynaES(DC only),
AsTAR (baseline), and ES-adap (baseline). DynaES(All) employs all parameters for DC power gain
prediction, while DynaES(DC only) only uses DC power history for energy-gain prediction. The results
show that DynaES(DC only) was not able to maintain the same energy level as DynaES(All) due to
lower accuracy of future energy gain prediction. However, it showed higher efficiency than the baseline by
managing the battery level and performing more sensing operations (dots on lines). Notably, DynaES(DC
only) was observed to perform a similar frequency of sensing operations with DynaES(All).
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Figure 3.12: CDF of sensing intervals of DynaES(All), DynaES(DC only), and ES-adap (baseline)

Additionally, we measured the sensing intervals performed by the schedulers. Fig. 3.12 reports the
CDF of the sensing interval. The results show that DynaES(DC only) had similar sensing intervals to
DynaES(All), with only the lower 20% of sensing intervals being slightly longer than those of DynaES(All).
Specifically, we did not observe a long-tail distribution of sensing intervals in DynaES(DC only), sug-
gesting that it can support sufficiently frequent sensing operations despite relatively inaccurate DC power
gain estimations.
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3.5 Chapter Summary
This chapter presents DynaES, a new energy scheduler for solar-powered EH environmental sensors,
which are deployed in environments without access to weather information networks. We designed
DynaES with two components: a DC power gain estimator and a dynamic energy scheduler. For the
DC power gain estimator, we first merged two datasets and then used deep learning and statistical time-
series approaches to predict changes in GHI, SZA, and temperature parameters to estimate future DC
power gain. DynaES schedules energy distributions to each sensor based on priority, dynamically adjusts
sensing intervals/frequency and ensures energy efficiency and data quality. Evaluation results showed that
DynaES accurately predicts future energy gain and effectively schedules energy to support more frequent
operations and longer battery life. In the near future, we plan to deploy solar-powered EH sensors with
DynaES and evaluate the efficacy and performance of DynaES in a real-world deployment.
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Chapter 4

Maximizing Deep Learning
Inference Throughput on Edge
Devices with AI Multi-tenancy

This chapter investigates system techniques, such as batched inferencing, AI multi-tenancy, and the cluster
of AI accelerators, which can significantly enhance the overall inference throughput on edge devices with
DL models for image classification tasks. In particular, AI multi-tenancy enables collective utilization
of edge devices’ system resources (CPU, GPU) and AI accelerators (e.g., Edge Tensor Processing Units;
EdgeTPUs). Furthermore, we present a detailed analysis of hardware and software factors that change
the DL inference throughput on edge devices and EdgeTPUs, thereby shedding light on areas that could
be further improved to achieve high-performance DL inference at the edge.

4.1 Introduction
High network latency and privacy concerns have hindered the adoption of cloud computing for Internet-
of-things (IoT) and cyber-physical system (CPS) applications that require prompt responses and collect
sensitive user information [84, 85]. Wide-area data transmission from IoT sensors to cloud data centers
often causes intolerable network latency [86, 87]. Moreover, IoT systems that monitor user activity
(e.g., smart homes, activity tracker) have the risk of a privacy breach because all sensing data need to
be stored and processed in cloud data centers [88, 89]. Edge Computing, a new computing paradigm,
attempts to address those issues by placing computing resources at the edge of the Internet (or closer
to data sources) [90, 91, 92]. The proliferation of IoT sensors and single-board computers (SBCs), e.g.,
Raspberry Pi [93], enables the adoption of edge computing paradigm across a wide range of latency-
sensitive applications, including emergency alert services, traffic monitoring, wearable cognitive-assistance
systems, and augmented reality [94, 90].

However, there are computationally-intensive edge applications and tasks that still need offloading
to clouds. A typical example is deep learning (DL) applications. While DL technologies are increasingly
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leveraged in real-world edge applications, the majority of DL tasks are still relying on resources in cloud
data centers rather than being processed at the Internet edge. [87, 95, 96]. Steep resource requirements (e.g.,
CPU, memory, and GPU) of DL tasks arising from high dimensionality of input data and a large number
of floating-point operations means that the DL tasks often need to be sent to more powerful cloud data
centers [97, 98, 99, 100, 101]. Therefore, emerging edge applications, such as autonomous driving, disaster
response systems, drone-based surveillance [102, 103, 104], may offer poor quality of services (QoS) and
user experience due to high network latency and privacy issues.

Significant efforts have been conducted to bring DL to the edge of the Internet. In particular, opti-
mizations in hardware and software functionalities are carried out to ensure that the DL models fit in
the resource-constrained devices. For example, model compression [105, 106] and quantization [107, 108]
techniques are developed to downsize DL models without significant degrade in their accuracy [109, 110,
111]. Similarly, studies involving efficient partitioning of heavier models and subsequent offloading to the
cloud [87, 112, 113] show how the edge-cloud hybrid model could be leveraged for DL inference tasks.
Moreover, light-weight machine learning (ML) frameworks, e.g., Tensorflow Lite [114], mobile neural net-
work [115], are developed for enabling on-device inference. Finally, the advent of edge devices with GPUs,
e.g., Nvidia’s Jetson Series [116, 117, 118], and AI accelerators, e.g., Google’s Coral Accelerator [119] and
Intel’s Neural Compute Stick [52], have played a significant role in enabling edge-based DL inferencing.

Given the significant technological advancement for enabling DL inferencing at the edge, it is crucial
to understand the opportunities and limitations of various edge devices and AI-accelerators for real-world
DL deployment scenarios. Existing works [45, 46, 47, 48, 49, 50] have quantified the efficiency of various
edge devices for DL inference tasks. However, most existing studies have focused on characterizing per-
formance (e.g., latency and throughput) of edge devices and AI accelerators with single DL tasks, which
is a significantly limiting assumption in the DL deployment scenario. In real-world edge applications,
AI multi-tenancy-based deployments are widely required, in which multiple DL tasks are co-running on
edge devices. For instance, drone-based surveillance requires simultaneous executions of inference tasks on
video and audio streams [120]. Furthermore, system approaches to maximize DL inference throughputs
(e.g., the number of inferences per second) on edge devices have not been deeply investigated.

In this chapter, we start by characterizing the performance (e.g., inference throughput) of various edge
devices and AI accelerators with a set of pre-trained DL models and popular DL frameworks. Through
the characterization step, we obtain the baseline performance of various edge devices/AI accelerators and
investigate factors that change the throughput of DL inference tasks on such devices. We then employ
three techniques to maximize the DL inference throughput on the devices with single and multi-tenancy
based use cases: batched inferencing, concurrent model executions, and dynamic model placements. Batched
inferencing is for single-tenancy use cases on edge devices and maximizes the DL inference throughput by
exploiting the parallel computing capabilities of computing resources on edge devices. Both concurrent
model executions (CME) and dynamic model placements (DMP) are techniques for maximizing DL in-
ference throughput with AI multi-tenancy. CME allows the deployment of multiple DL models on either
GPU or EdgeTPU resources and runs them parallel to improve the overall DL inference throughput by
simultaneously enabling the execution of different DL models. DMP enables AI multi-tenancy by de-
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ploying and executing DL models on different resources on edge devices at the same time. e.g., DL models
on both GPU and EdgeTPU. DMP is particularly useful when AI accelerators (e.g., EdgeTPU) enhance
edge devices, and it can significantly increase the resource utilization and the DL inference throughput by
utilizing multiple resources on the devices and the accelerators. Furthermore, we evaluate DL deployment
strategy on edge devices with multiple AI accelerators (e.g., EdgeTPU cluster) and report the benefits and
limitations of the deployment scenarios with EdgeTPU clusters.

Our extensive evaluation results confirm that the DL inference throughput on edge devices and Ed-
geTPU accelerators can be significantly improved by leveraging the three approaches proposed in this work.
For the DL single-tenancy use cases, compared to the single-batch inferencing, batched inferencing can
process up to 2.4× more inferences per second on devices equipped with high-performance GPUs, in-
cluding J.Nano, J.TX2, and J.Xavier. For the AI multi-tenancy, CME on edge devices’ GPU shows
up to 3× improvement, and EdgeTPUs shows up to 10× improvement in the DL inference throughput
over the single-tenancy (with batched inferencing). We further perform CME evaluation with EdgeTPUs
cluster and, with two USB-Accelerators, we observe that about 20% of throughput improvement
can be achieved by EdgeTPU cluster over CME with a single EdgeTPU accelerator. Additionally, DMP,
which leverages the collective power of GPUs and EdgeTPUs, outperformed GPU-only and EdgeTPU-
only DL inference performance by a factor of 10. Finally, a detailed analysis of the factors (hardware and
software) that affect the DL inference throughput at the edge is presented, thereby shedding light on areas
that could be further improved to achieve high-performance DL inference at the edge.

In particular, to the best of our knowledge, this work is the first study on evaluating DMP on het-
erogeneous edge resources/EdgeTPUs and characterizing the performance of EdgeTPU cluster for DL
inference tasks.

4.1.1 Chapter Organization
The rest of the chapter is structured as follows. Section 4.2 provides the description of edge devices,
EdgeTPUs, DL models, and DL frameworks used in this chapter. Section 4.3 describes the evaluation
design and the benchmark tools used for accessing edge devices and AI accelerators. Section 4.4 reports
evaluation results with single DL tasks (single-tenancy). Section 4.5 provides evaluation results when
deploying multiple DL models (AI multi-tenancy). Section 4.6 provides the discussion and lesson learned
from this research. Section 4.7 summarizes this chapter.

4.2 Approaches for Deep Learning Inference Throughput Maxi-
mization

The goal of this study is to investigate different system approaches for maximizing the DL inference
throughput on various edge devices and AI accelerators. For the DL single-tenancy use cases, we investigate
the batching approach. For the AI multi-tenancy use cases, two approaches are studied; concurrent model
executions and dynamic model placements.
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Figure 4.1: DL inference for AI single-tenancy on edge devices. (a) shows single-batch inferencing. (b)
shows batched inferencing.

4.2.1 DL Throughput Maximization for AI Single-Tenancy on Edge Devices
For AI single-tenancy cases, where only one DL model is running on an edge device, we use batched
inferencing (or multi-batch inferencing) to maximize the DL inference throughput. In the context of
inference, Batching refers to enabling a single DL model to process multiple inputs simultaneously by
implementing the concept of single instruction/multiple data operations. Fig. 4.1 illustrates single batch
inferencing and batched inferencing in single-tenancy on edge devices.

In real-world use cases, batched inferencing is beneficial as edge devices are often required to handle
batches of data either from multiple IoT sensors (e.g., autonomous cars with multiple cameras) or from
end devices that collect data over a period of time and send requests in batch (e.g., traffic monitoring,
wearable devices). Therefore, we investigate the impact of batched inferencing on the overall throughput,
specifically on GPU-enabled devices (J.Nano, J.TX2, J.Xavier). The batch size (the number of input
images to models) gradually increases in powers of two as GPUs can efficiently map virtual processing units
onto physical processing units if the data to be parallelized is in the power of two [121]. Also, optimized
libraries working with matrix operation can be effectively performed when processing batches of size in
the order of powers of two [122].

4.2.2 DL Throughput Maximization for AI Multi-Tenancy on Edge Devices
We investigate techniques for maximizing DL inference throughput for AI multi-tenancy, in which multi-
ple DL models are running simultaneously on the same edge devices (or with AI accelerators). In particular
two techniques are investigated for AI multi-tenancy at the edge: 1) concurrent model executions and 2)
dynamic model placements.

34



CPU or GPU

“Cat, Dog, Bird, …”

Edge TPU

(a) Multi-Tenancy with CME on GPU (b) Multi-Tenancy with CME on TPU

“Bird, Cat, Dog, …”

“Dog, Bird, Cat, …”

“Bird”

“Dog”

“Cat”

Edge TPU

(c) Multi-Tenancy with DMP

“Zibra”

“Fox”

CPU or GPU

“Dog, Bird, Cat, …”

“Bird, Cat, Dog, …”

“Cat, Dog, Bird, …”

Figure 4.2: DL throughput improvement techniques for AI multi-tenancy on edge devices. Fig. 4.2(a)
and (b) illustrate CME on edge devices (using CPU or GPU) and on EdgeTPU respectively. Fig. 4.2(c)
shows DMP on edge devices with AI accelerator (EdgeTPU).

Concurrent Model Executions (CMEs)

CME leverages the idea of parallel processing and enables AI multi-tenancy by simultaneously executing
multiple DL inference tasks (models) on edge devices’ resources (either GPU or EdgeTPUs). Fig. 4.2(a)
and (b) illustrate the CME on edge devices and AI accelerators.

CME can provide two potential benefits to edge devices and EdgeTPUs; 1) improvement in the overall
DL inference throughput and 2) ability to run multiple (often different) DL (e.g., inference) tasks. How-
ever, due to the resource-constrained nature of edge devices (e.g., limited memory sizes and the number of
CPU cores), it is unclear how many DL models can be concurrently executed and which level of concur-
rency yields the maximum throughput. Therefore, it is important to empirically identify the upper bound
of throughput improvement and the concurrency level (the number of co-running DL models) on the
devices by CME. To this end, we will measure throughput changes with different levels of concurrency.
The concurrency level obtained from the last successful execution will be considered as the maximum
concurrency level supported by the edge devices and EdgeTPUs. Furthermore, because CMEs provide
software-level parallelism, we will also evaluate the impact of introducing the idea of EdgeTPU-cluster (e.g.,
running DL models on multiple USB-Accelerators) for maximizing the DL inferencing. Running
concurrent models with more resources can lead to higher throughput, but other hardware bottlenecks
like USB bandwidth can hinder the performance.

Dynamic Model Placements (DMPs)

DMP is another approach for maximizing DL inference throughput for AI multi-tenancy with the idea of
leveraging heterogeneous computing resources. DMP leverages the collective powers of edge devices and
USB-Accelerator (EdgeTPU). In other words, it allows running multiple DL models simultaneously
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by placing DL models on an edge device’s resource (CPU and/or GPU) and other DL models on EdgeT-
PUs. Fig. 4.2(c) shows the DMP approach for AI multi-temancy on edge devices and AI accelerators.

Furthermore, because USB-Accelerator relies on USB interfaces to connect edge devices, the po-
tential benefits from DMP can be improved DL inference throughput using heterogeneous resources
in both edge devices and USB-Accelerator and high resource utilization of both resources. However,
DL inference tasks from both on-board edge resources and USB-Accelerator are managed by the host
edge devices so that there can be a performance penalty from resource contention. Therefore, we will
thoroughly investigate and analyze this penalty when employing DMP in section 4.5. Moreover, similar
to CME, we also study the performance impact of using the EdgeTPU cluster for DMP.

4.3 Evaluation Process and Benchmarker Design
This study investigates systematic approaches to maximize the DL inference throughput on edge devices
and AI accelerators. The primary performance metric thus is the DL inference throughput. For the base-
line performance (single-tenancy case), the DL inference throughput for single computing resource
(Tsingle,) is generally calculated by DL inferences per second, as expressed below.

Tsingle =
The number of inferences

Total execution time
(4.1)

However, the definition of the number of inferences varies with the type of experiment. For instance,
when leveraging the single-tenancy with batched inferencing (feeding multiple input images into one DL
model on a device), the number of inferences in equation-(4.1) is “batch size (bs)” × “the number of
batches (bc).” The equation for batched inferencing throughput (Tbatch) is formulated below.

Tbatch =
bs× bc

Total execution time
(4.2)

On the other hand, when leveraging AI multi-tenancy with CME, the number of inferences will be
calculated by “concurrency level (cc)” × “bs” × “bc”. The DL inference throughput with CME (Tcme)
is expressed in equation-(4.3).

Tcme =
cc× bs× bc

Total execution time
(4.3)

For the DMP evaluation, which uses multiple resources like both GPUs and TPUs, the total inference
throughput (Tdmp) is the sum of the throughput of all used resources. The equation for DMP throughput
is expressed as,

Tdmp =
n∑

i=1

Tcmei , (4.4)

where i represents various computing resources for DL inference (e.g., CPU, GPU, and TPU), and n

indicates the number of different resources employed by DMP.
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Figure 4.3: Benchmark Procedure

Benchmarker Design

We develop a benchmarker that measures the DL inference throughput and collects other necessary system
statistics together. We deploy it along with an image classification application on the edge devices and
EdgeTPUs accelerators. The measurement procedure of the benchmarker is illustrated in Fig. 4.3.

The benchmarker is invoked from a bash script ( 1 in Fig. 4.3) that takes parameters in a config file
specific to a measurement. The config file specifies the DL model, framework, and the number of it-
erations to run the experiment. The config file also contains other parameters that are common across
experiments, such as the number of warmup executions to perform, the input batch size, the number of
batches, and resources (CPU, GPU, or EdgeTPU) used for the inference task. The bash script then runs
the benchmarker (written in Python) with all these configurations. Invoking the Python interpreter using
the bash script ensures that the cache constructed and maintained by the Python runtime gets cleared
with each new iteration.

The benchmarker then prepares a framework-specific data-loader ( 2 ) that uses the validation dataset
fromImageNet ILSVRC-2012 to construct batches of inputs for the DL model. Next, the benchmarker
initiates a DL framework as per the config file. It loads the DL model into the memory and configures the
model to be executed on CPU, GPU, or EdgeTPU ( 3 ). The next step ( 4 ) is the warm-up phase, which
ensures all the necessary components are loaded, and the DL framework configures suitable optimization
strategies before performing the measurement. After the warm-up phase, the benchmarker creates a new
background monitoring thread that captures system statistics while executing the model ( 5 ). Simultane-
ously, the main thread of the benchmarker starts to run inference tasks using the DL model and the input
data from the data-loader ( 6 ). Once the pre-defined number of input batches is processed, the main
thread instructs the monitoring thread to stop capturing system statistics ( 7 ). Finally, a measurement
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Figure 4.4: Experimental setup for power measurement. Power consumption by a target edge device is
being measured and transmitted to a computing board using I2C cables by INA-219 chip.

report of throughput and system statistics is saved ( 8 ). This entire benchmarking process is performed
at least 30 times for each set of configurations to guarantee the statistical confidence of the measurement.

The monitoring thread is responsible for collecting diverse system statistics using sysstat, usbtop,
andjtop. sysstatmeasures CPU and memory usage during the benchmark. usbtopmeasures USB IO
bandwidth, and jtop collects power consumption statistics. However, jtop is only available to measure
power-related statistics for Nvidia’s Jetson devices. So, we also employ INA-219 [123], a voltage, current
and power measurement chip, for measuring the power usage of non-Nvidia devices (RPi4 and ODN2).
With a default resistance of 0.1Ω, the chip allows measuring the power consumption with a current
sensing range of ±3.2A and a voltage range of 0V to 26V. We use pi-ina219 [124], a Python library
to communicate with the INA-219 chip. The experimental setup with INA-219 is shown in Fig. 4.4.

4.4 Evaluation with DL Single-Tenancy
We first report the evaluation results with single-tenancy on edge devices and EdgeTPU accelerators. As
single-tenancy is a common use case of running AI tasks at the edge, it can be used on edge devices (with
CPUs or GPUs) or EdgeTPUs. Regarding the single-tenancy on edge devices, section 4.4.1 provides DL
inference throughput with single-tenancy on edge devices. Moreover, as an approach for maximizing the
inference throughput for single-tenancy, we evaluate the impact and performance of batched inferencing,
where a DL model processes a batch of input images and outputs the classification results of all the images
simultaneously. For single-tenancy on EdgeTPU, section 4.4.2 discusses the evaluation results on EdgeT-
PUs. Finally, section 4.4.3 thoroughly analyzes the experiment results and identifies the factors altering
the DL inference throughput on edge devices and EdgeTPUs. The results reported in this chapter will
serve as the baseline performance to evaluate throughput maximization approaches (CME and DMP) for
AI multi-tenancy on edge devices.
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Figure 4.5: DL Inference Throughput Variations across Models, Edge Devices and DL Frameworks with
a Batch Size of 1

4.4.1 DL Inference Throughput on Edge Devices (CPU or GPU) with Single-
Tenancy

The first set of experiments measured the inference throughput of all the DL models on edge devices with
a batch size of 1. i.e., single input image per model per iteration. Fig. 4.5 reports the average DL inference
throughput for all the models using the three DL frameworks. Please note that the results of J.Nano,
J.TX2, and J.Xavier are DL inference throughput on GPUs while the results from RPi4 and ODN2 are
measured on CPUs.

DL Model Size

Fig. 4.5 shows that the inference throughput varied significantly across different DL models. In partic-
ular, DL models with fewer parameters and floating-point operations (e.g., AlexNet, MobileNet-V1,
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SqueezeNet-V1) showed higher throughput than DL models with a higher number of operations (e.g.,
DenseNet-161,Inception-V3,VGG-16). We observed that the throughput differences between smaller
and larger models were more prominent in CPU-based devices (RPi4 and ODN2). The inference through-
put with SqueezeNet-V1 on RPi4 and ODN2 reported 10× – 22× higher than the throughput with
DenseNet-161. Both RPi4 and ODN2 had a throughput of less than 1 (one inference per sec.) for all
the DL frameworks when running DenseNet-161, amplifying the difference over SqueezeNet-V1’s
results on those devices. On the other hand, SqueezeNet-V1’s throughput on GPU-equipped edge
devices (e.g., J.Nano, J.TX2, and J.Xavier) was only 3× – 8× better than DenseNet-161’s through-
put. These results indeed confirmed the benefits of using GPUs over CPUs for DL inferencing. Without
the support for data parallelism in CPUs, very deep models (e.g., DenseNet-161, Inception-V3) that
involved extensive floating-point operations, the CPU-only inferencing had to spend a significant amount
of time on processing the models, hence significantly decreasing the inference throughput.

GPU vs. CPU

Fig. 4.5 also confirms that, for single-batch inference, the GPU-based devices’ DL inference throughput
significantly outperformed the CPU-based devices’ inference throughput. The edge devices with GPUs
(J.Nano, J.TX2, and J.Xavier) processed 4× – 80× more inference requests than the devices without
a GPU (RPi4 and ODN2) for all the models across all three frameworks. The advantage of using GPU is
dominantly observed when DL inference using PyTorch. On average, J.Nano, J.TX2 and J.Xavier
showed 17×, 30×, and 38× higher throughput than RPi4, respectively, and the DL inference through-
put results on these devices were 38×, 62×, and 75× higher than ODN2. The results also showed the
performance differences among the three GPU-based edge devices. Regarding the GPU performance,
J.Nano has the least powerful GPU, which was clearly observed in the results. There was no clear winner
between J.Xavier and J.TX2. But, J.TX2’s GPU frequency (1.3 GHz) is slightly higher than that of
J.Xavier’s (1.1 GHz). This can be attributed as the reason why J.TX2’s results were better, particu-
larly when performing inferences on MxNet and TensorFlow. For PyTorch, however, we observed that
J.Xavier outperformed J.TX2. This result was partly because of the difference in DL framework capa-
bility and partly due to the different GPU core numbers. PyTorch has better parallelization support than
the other two frameworks. Also, J.Xavier has more GPU cores (384) than J.TX2 (256 GPU cores). As
a result, PyTorch had better support in parallelizing its dynamic computation graph on more numbers
of cores than the other two frameworks, hence producing higher DL inference throughputs.

DL Frameworks

Among the three DL frameworks, PyTorch showed the highest throughput on GPUs. On average, the
throughput of DL models with PyTorch was 31% and 26% higher than MxNet and TensorFlow, respec-
tively. PyTorch’s superiority on GPUs was because of Torch library designed to make tensor operations
on GPU faster and more efficient. On the other hand, TensorFlow significantly outperformed the other
two on CPUs. The average throughput across all the models on CPUs using TensorFlow was about 5×
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the results from MxNet and 10× from PyTorch. This result was due to TensorFlow’s design to support
mapping nodes (from computational graph) across multicore CPUs [125]. Therefore, TensorFlow could
enable faster computation, processing more DL inferences on CPUs than the other two frameworks.

MxNet, on all the devices, was the least performing framework. We observed that two MobielNet
models’ throughput with MxNet on J.Nano was exceptionally lower than the throughput with other
frameworks. For example, both models processed less than 5 inferences per second, which was even 4× less
than the throughput of the same models with the other two frameworks. Such lower throughput is because
of two reasons. First, when MxNet leveraged GPUs, the framework first performed an “auto-tunning"
process that used Nvidia’s cuDNN library to automatically tune convolution layers. In other words,
MxNet tried to find the best performing convolution algorithm in its first run, enabling subsequent model
executions to run faster. Unfortunately, this process is a highly memory-intensive operation, andJ.Nano’s
4GB memory is not large enough to complete this process, frequently resulting in out-of-memory errors.
Because of the above reason, the measurement had to be performed with disabling “auto-tune”, meaning
that MxNet relied on sub-optimal convolution algorithm. Second, the twoMobileNetmodels performed
frequent small-size memory-bound element-wise operations, such as ReLU [110]. Without optimization
strategies like operator fusion [126] enabled, the processing time of such models increased steeply. Such
performance tuning strategies worked only well on edge devices with larger memory size, but not on edge
devices with smaller memory sizes like J.Nano.

Impact of Batched Inferencing

As discussed in section 4.2.1, batched inferencing is the approach to maximize the throughput for single-
tenancy. Fig. 4.6 reports the DL inference throughput of batched inferencing with increasing batch sizes,
on the three ML frameworks. Please note that Fig. 4.6 includes the results of five models on four devices
due to the page limitation, and other omitted results have similar patterns. We observed that there was a
significant throughput improvement with increasing batch size for GPU-enabled devices. On average, a
batch size of 32 showed 240% higher DL inference throughput. The impact of batching on J.Xavier,
with more GPU cores, was higher than in J.TX2 and J.Nano. Specifically, J.Xavier’s results were 25%
and 42% greater than J.TX2 and J.Nano, respectively. Another interesting observation is that, while a
larger batch size appeared to increase the throughput, large batch sizes (> 128) may not always improve
the throughput. For example, when using AlexNet, the batch sizes of 4, 8, or 32 often showed higher
throughput than the throughput with the batch sizes of 128/256 on J.Nano (Fig. 4.6b and Fig. 4.6f).

Another observation is that the inference throughput did not always increase as batch size increased.
While inferencing without batching, there is an interval between computations in two activation layers
in the model. With batched inferencing, the model can calculate other images’ activation layers in the
same batch and store the results in the memory for the next layer. The batch size is limited by an edge
device’s memory capacity [127]. If the memory is sufficient enough to store all the activations, that batch
can be processed directly [128]. However, when the memory size is insufficient, batching would trigger
the edge device’s memory saving mechanism, such as swap space. The data in the memory will then be
moved to the storage (SD card in edge devices). This mechanism can slow down the inference speed, hence
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Figure 4.6: Throughput Variation across DL Models, Edge Devices and DL Framework with Different
Batch Sizes

decreasing inference throughput. Therefore, employing the right (or optimal) batch size is a critical factor
for maximizing the DL inference throughput on edge devices.
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Model Host Device+ Edge TPU Avg. Infer. Through. Std. Dev.

Inception -V3 RPi4 + USB-Acc 12.35 0.35
ODN2 + USB-Acc 15.59 0.47
J.Nano + USB-Acc 16.42 0.34
J.TX2 + USB-Acc 18.54 0.48
J.Xavier + USB-Acc 17.28 0.38
DevBoard Only 13.26 0.19

MobileNet -V1 RPi4 + USB-Acc 54.65 4.03
ODN2 + USB-Acc 58.84 6.73
J.Nano + USB-Acc 63.60 5.58
J.TX2 + USB-Acc 64.65 5.45
J.Xavier + USB-Acc 64.01 2.73
DevBoard Only 59.02 2.48

MobileNet -V2 RPi4 + USB-Acc 55.79 4.15
ODN2 + USB-Acc 59.70 5.78
J.Nano + USB-Acc 66.61 4.23
J.TX2 + USB-Acc 64.01 6.57
J.Xavier + USB-Acc 64.69 2.41
DevBoard Only 60.67 5.23

Table 4.1: DL inference throughput of the three quantized DL models on EdgeTPUs

4.4.2 DL Inference Throughput on EdgeTPU with Single-Tenancy
EdgeTPUs are designed to support faster processing of tensors (one of the primary components of CNNs),
which in turn, can boost the DL inference throughput. Note that the USB-Accelerator requires a
host device to run because it is a USB-type portable accelerator. We used all five edge devices with a
USB-Accelerator to measure the throughput from the USB-Accelerator. Inception-V3, Mobil-
eNet-V1, and MobileNet-V2 were used for this evaluation.

Table 4.4.1 reports the DL throughput fluctuations on EdgeTPUs connected with different host de-
vices, and the throughputs fluctuated across the different host devices. For example, whenUSB-Accelera-
torwas connected with Jetson devices, its inference throughput could reach as high as 65 inferences per
second for MobileNet-V1/V2 and 16 inferences per second for Inception-V3 However, the through-
put decreases when usingRPi4 andODN2 as the host device. Several factors could result in such throughput
fluctuations. Memory bandwidth on the (host) edge devices is one of the factors for such fluctuations. For
example, the latency when swapping in/out of a DL model and its parameters between the host devices
and USB-Accelerator rely on the memory bandwidth. Furthermore, USB IO can also change the DL
inference throughput. Such factors will be analyzed in section 4.4.3.
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The benefits of using EdgeTPUs are confirmed by comparing the inference throughput against other
edge devices’ (CPU- and GPU-based) throughput results. As shown in Fig. 4.7, USB-Accelerator and
DevBoard showed significant improvement in DL inference throughput of all three models compared
to the edge devices (RPi4 and ODN2) relying on CPU resources. On average, EdgeTPU processed 8.5×
(DevBoard) and 9× (USB-Accelerator) more image classification tasks than CPU-based inferencing.

Compared to GPU-based inferencing on Jetson devices, EdgeTPUs outperformed J.Nano for all
three models, andUSB-Accelerator andDevBoardwere able to manage similar performance toJ.TX2
and J.Xavier when processing MobileNet-V1/V2 models. However, both accelerators appeared to
have lower performance for processing the Inception-V3 model. In particular, the throughput with
Inception-V3 reached only 35% (DevBoard) and 48% (USB-Accelerator) of that of J.Xavier. Our
further analysis revealed that lower throughput with Inception-V3 was related to the model size. Large
models like Inception-V3 have much more parameters (compared to smaller models like MobileNet-
V1/V2) stored in the main memory, and the parameters have to be constantly swapped between the host
memory and EdgeTPU. Unfortunately, DevBoard we used in this work has only 1GB of main memory,
which is not large enough to store all the parameters of Inception-V3. USB-Accelerator has only 8
MB of cache memory, requiring frequent parameter swap operations between the host edge devices and
EdgeTPU, resulting in a considerable decrease in the DL inference throughput.

Moreover, we observed that DevBoard showed slightly lower throughput over USB-Accelerator
even though both have the same co-processor. This was mainly due to the overhead associated with
the management in process, memory, and other operating system-related tasks, which do not apply to
USB-Accelerator. (Host edge devices performed such management tasks for USB-Accelerator).
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Figure 4.8: Correlated factors that change the inference throughput. (BS: Batch Size, CPU: CPU usage,
MEM: memory usage, PW: Power consumption, USB-IO: USB IO bandwidth usage)

4.4.3 Analysis of Factors for Influencing DL Inference Throughput with Single-
Tenancy

In this section, we further discuss the analysis of factors that can affect DL inference throughput on edge
devices and EdgeTPUs when employing DL single-tenancy.
Correlation Analysis Between System Factors and DL Inference Throughput. We first performed
correlation analysis to investigate the factors that change the DL inference throughput on edge devices and
EdgeTPUs. The correlation analysis was performed by calculating the Pearson Correlation Coefficient
(equation-(4.5))between measured throughput results and resource usage statistics [129].

cov(x, y)

σxσy

=

∑n
i (xi − x)(yi − y)√∑n
i (xi − x)2(yi − y)2

(4.5)

This coefficient represents the linear relationship between two variables, ranging from−1 to 1. Please note
that the coefficient of 1 indicates an ideal positive correlation, negative values mean reverse correlation,
and 0 means there is no correlation between two variables.

Model Batch
Size

Avg.
Throughput

Avg. CPU
Usage(%)

Model Batch
Size

Avg.
Throughput

Avg. CPU
Usage(%)

AlexNet
1 2.85 53.9

MobileNet-V2
1 4.05 60.9

32 4.63 100.0 32 4.92 87.4

DenseNet-161
1 0.53 76.5

ResNet-18
1 2.61 73.1

32 0.56 100.0 32 2.90 98.3

Inception-V3
1 1.02 81.0

ResNet-50
1 1.16 72.8

32 0.95 100.0 32 1.34 98.1

MobileNet-V1
1 4.14 59.2

SqueezeNet-V1
1 5.89 53.3

32 5.51 93.0 32 7.86 85.8
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Table 4.2: Change in CPU usage and inference throughput (on TensorFlow) with varying batch sizes in
RPi4

Fig. 4.8 shows the correlated factors for the DL inference throughput when using CPUs, GPUs, and
EdgeTPUs. For the CPU-based inferences on RPi4, ODN2 (shown in Fig. 4.8a), the batch size, CPU, and
memory strongly correlated with the inference throughput changes. This is because the CPU is the main
computing resource for performing the DL tasks, and memory resources are used to load and store the DL
models. The inference tasks with larger batch sizes naturally increase the input data for processing so that
an increase in the batch sizes can improve the throughput until the limit of device resources. Table 4.4.3
summarizes the impact on throughput with increasing batch size and the corresponding increment in
CPU usage on RPi4. Heavier models like DenseNet-161 and Inception-V3 did not show significant
changes in throughput with increased batch size on CPUs because of the high processing demands, as
highlighted by the 100% CPU usage. However, for the lighter models (AlexNet, MobileNet-V1/V2,
SqueezeNet-V1), on average, there is a gain of 40% in throughput with a nearly 70% increase in CPU
usage with increasing batch size.

For the GPU-based inference tasks on J.Nano, J.TX2, and J.Xavier (shown in Fig. 4.8b), memory,
power consumption, and inference batch sizes had a relatively stronger correlation with the DL inference
throughput. Specifically, the power consumption showed a strong correlation with the throughput as
the GPU module in edge devices consumed more power than typical CPUs in edge devices. We further
observed that, on average, a 15 – 20% increase in power usage corresponded to a 90 – 100% gain in through-
put. Regarding the batch sizes, as we discussed in section 4.4.1, increasing batch size could significantly
change the DL inference throughput, and it was clearly observed with the correlation analysis. On the
other hand, CPU, as expected, showed a relatively weaker correlation with the DL inference throughput
as CPU is primarily used for managing the device and non-DL tasks rather than performing GPU-based
inference tasks.

For the inference tasks on EdgeTPU accelerators (especiallyUSB-Accelerator), as shown in Fig. 4.8c,
the USB bandwidth between a host edge device and the USB-Accelerator and memory usage on host
edge devices had a strong correlation with the inference throughput. Both memory and USB IO were
closely related to each other for executing DL models onUSB-Accelerator. BecauseUSB-Accelerator
does not have main memory (RAM)1, it relies on the host device’s memory system to store models and uses
context switching to swap models/parameters between the host device’s RAM and EdgeTPU to perform
DL inference tasks. Therefore, low USB IO bandwidth between the host device and USB-Accelerator
limited data rates for switching models/parameters so that the throughput could be decreased.
Impact of USB Bandwidth on USB-Accelerator’s DL Inference Throughput. To investigate the
impact of the USB IO bandwidth, we measured the inference throughput changes onUSB-Accelerator
by connecting it to two edge devices (RPi4 and J.Nano) with different USB interfaces; (a) USB 2.0 with
up to 0.5GB of bandwidth, (b) USB 3.0 with up to 10GB of bandwidth. Fig. 4.9 shows that USB’s IO
bandwidth could considerably change the inference throughput of EdgeTPUs. With larger IO bandwidth,
RPi4 achieved 1.3× (MobileNet-V2) and 7× (Inception-V3) higher throughput when moving from

1USB-Accelerator only have 8MB of cache memory (SRAM).
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Figure 4.9: Difference in DL inference throughput and data transfer with USB 2.0 and 3.0 interfaces. (DT:
Data Transfer Rate)

USB 2.0 to 3.0. J.Nano also showed 1.4× (MobileNet-V2) and 8.7× (Inception-V3) higher through-
put with USB 3.0 than that with USB 2.0. Larger USB IO bandwidth facilitated faster swapping of
model parameters and input data between the host device and USB-Accelerator, enabling faster DL
inferences.

4.5 Evaluation with AI Multi-Tenancy
CME (Concurrent Model Execution) and DMP (Dynamic Model Placement) are two approaches to
maximizing the DL inference throughput with AI multi-tenancy. This secction reports our measurement
results with CME and DMP and discusses the benefits and limitations of both approaches.

4.5.1 Concurrent Model Executions (CME)
We first describe the evaluation procedure of CME and then report CME measurement results on GPUs
on edge devices and EdgeTPUs. Finally, we will discuss CME results with a cluster of EdgeTPUs. In this
evaluation, we seek answers to the following research questions:

1. What is the maximum DL inference throughput of the edge devices and EdgeTPUs with CME?

2. What is the maximum concurrency level on the edge devices and EdgeTPUs with CME?

3. What is the concurrency level on edge devices and EdgeTPUs to maximize DL inference through-
put?

4. What are the benefits and limitations of leveraging multiple EdgeTPUs (a.k.a cluster of EdgeTPUs)
with CME for maximizing the DL inference throughput?

For the rest of this study, we only use three DL models, Inception-V3, MobileNet-V1, and
MobileNet-V2, because pre-trained versions of these models are officially available for all the edge de-
vices, including EdgeTPUs. Furthermore, we also exclude TensorFlow from this CME evaluation due
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(c) MobileNet-V2 with CME (PyTorch)

Figure 4.10: Concurreny measurement results on J.Nano, J.TX2 and J.Xavier GPUs with PyTorch
(BS: Batch Size)

to software issues with kerascv [130] and tf.Graph [131] APIs, which do not fully support concur-
rent executions (e.g., not thread-safe). Finally, regarding the throughput calculation with CME, we use
equation-(4.3) to calculate DL inference throughput in section 4.3.

Evaluation Procedure

Based on the measurement results from single-tenancy cases (section 4.4), we gradually increase the num-
ber of co-running DL models (“concurrency level”) on the devices and EdgeTPU to find the maximum level
of concurrency and throughput improvement with CME. This process continues until the benchmarker
fails to run for one of the following reasons. 1) the memory is fully saturated or 2) the device can no longer
create more DL tasks. The concurrency level obtained from the last successful execution is considered as
the maximum concurrency level supported by the edge devices and EdgeTPUs. In this measurement, we
only report the results with leveraging CME on GPUs (J.Nano, J.TX2 and J.Xavier) and EdgeTPUs
(DevBoard and USB-Accelerator). We omit the measurement results from CPU-based inferencing
(e.g., RPi4 and ODN2) because, while we could find some benefits of CME on CPUs, e.g., six concurrent
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(b) MobileNet-V1 with CME (MxNet)
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Figure 4.11: Concurreny measurement results on J.Nano, J.TX2 and J.Xavier GPUs with PyTorch
(BS: Batch Size)

models could be executed on CPUs of RPi4 and ODN2, the throughput benefits were marginal. The
measured throughput results were exceptionally lower than the results with CME on either GPUs or
EdgeTPUs.

The benchmarking process described in Fig. 4.3 (section 4.3) is tweaked such that instead of running a
model in the main thread ( 6 in Fig. 4.3), new threads are created to run models concurrently (i.e., separate
copies of the model are created for each thread). The main thread then waits for all the models to finish
execution and finally terminates the script, followed by steps similar to the previous workflow.

CME Evaluation Results on GPU in Edge Devices.

The next evaluation is to measure the DL inference throughput of GPUs with CME and increasing
concurrency levels using PyTorch (Fig. 4.10) and MxNet (Fig. 4.11), respectively, on J.Nano, J.TX2, and
J.Xavier. As shown in the results, CME can significantly improve the overall DL inference throughput
on GPUs by executing multiple DL inference tasks simultaneously. Similar to the results of batched
inferencing, CME of lighter models like MobileNet-V1/V2 (Fig. 4.10b, 4.10c, 4.11b, and 4.11c) yielded
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Figure 4.12: Resource utilization and inference throughput changes with CME (PyTorch). J.Nano uses
a batch size of 4, and J.TX2 employs a batch size of 8.

higher gain in throughput while heavier models, e.g., Inception-V3 (Fig. 4.10a and 4.11a), showed minor
improvement. In particular, compared to single-tenancy with bached inferencing, CME resulted in 1.4× –
2×, 1.8× – 2.7×, 1.7× – 3.0× increase in overall throughput on J.Nano, J.TX2, J.Xavier respectively,
across all the three models with PyTorch (Fig. 4.10). The results with MxNet (Fig. 4.11) were less impressive
in that relatively lower throughput improvements were observed; 1.3×– 1.5×onJ.TX2 and 1.5×– 1.8×on
J.Xavier. J.Nano’s results with MxNet were particularly low. The worst-case we observed was 13% lower
throughput than single-tenancy. The J.Nano’s low throughput was because the J.Nano’s experiments
were performed by disabling MxNet’s cuDNN auto-tune [132] process as J.Nano’s memory size (4
GB) was not sufficient enough to perform such memory intensive optimization. Enabling or disabling
auto-tune option could significantly impact DL inference throughput. If auto-tune was enabled,
MxNet first ran a performance test to seek the best convolutional algorithm, and the selected algorithm
was then used for further inference tasks.

Input batch size and level of concurrency complemented the performance gain as both the approaches
rely on running multiple inferences simultaneously. However, due to memory and CPU usage constraints
on edge devices, we could not indefinitely increase both to maximize performance. In our study, we
observed that 5 to 6 of the concurrent level with a batch size of 8 resulted in the maximum emphrical
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throughput improvement. After that, we observed increasing either of the two parameters (concurrency
level and batch size) resulted in lower performance.

The level of concurrency was directly related to the size of the model and the available memory
in edge devices. J.Nano could run 8 (Inception-V3) to 25 (MobileNet-V1/V2) models concur-
rently on GPU while J.TX2 and J.Xavier were able to run approximately 25 (Inception-V3) to 80
(MobileNet-V1/V2) models on their GPUs simultaneously when using a batch size of 1. With increased
batch sizes, the level of concurrency decreased as lesser memory became available. Fig. 4.12 shows that the
maximum throughput highly correlated with memory utilization. As shown in the figures, after reaching
the maximum throughput, the throughput was either decreased or stabilized with high memory utiliza-
tion (or memory saturation). It is worth noting that the high correlation between memory utilization and
throughput increase is consistent with our observation reported in Fig. 4.8.

CME Evaluation Results on EdgeTPUs

The second evaluation for CME was to measure the DL inference throughput on EdgeTPUs, and Fig. 4.13
shows CME results on TPUs (both DevBoard and USB-Accelerator). The result includes all the
combinations of edge devices and USB-Accelerator as well as DevBoard.

Like the previous GPU results, CME on EdgeTPUs also increased throughput over the single-tenancy
cases. ForInception-V3 (Fig. 4.13a),DevBoard showed1.3×higher throughput, andUSB-Accelerator
had 1.25× improved throughput over single-tenancy cases. For both MobileNet-V1 (Fig. 4.13b) and
MobileNet-V2 (Fig. 4.13c), EdgeTPUs showed 3.3× higher throughput over the single-tenancy cases.

We found two interesting observations about the throughput improvement. One is that CME’s
throughput increase with Inception-V3 (1.3×) was much smaller than MobileNet-V1 /V2 (3.3×).
The other is that MobileNet-V1/V2 reached the maximum throughput with lower concurrency lev-
els, and the throughput was decreased and stabilized with higher concurrency levels. Our further analy-
sis revealed that the above two issues were related to the model size and EdgeTPU’s small SRAM size
(8MB) used to cache the DL model’s parameters. In particular, a smaller throughput increase with
Inception-V3 was because 25MB of Inception-V3 model size could not be fully loaded into the
EdgeTPUs’ cache (SRAM), and thus, model parameter swapping operations between the EdgeTPU’s
cache and the edge devices’ memory were continuously being performed. Therefore, the increased con-
currency level was not always increasing the inference throughput due to the high overhead in the model
parameter swaps. On the other hand, if the model size was small, e.g., 4MB of MobileNet-V1/V2, the
model could be fully loaded into EdgeTPUs’ cache and did not require frequent operations of model
parameter swapping. As a result, EdgeTPUs with CME could significantly improve the DL inference
throughput with low USB IO overhead.

The second observation (Fig. 4.13b and 4.13c) – the maximum throughput gain ofMobile-Net-V1/V2
was achieved with a lower concurrency level – was because the EdgeTPU cache was enough to load even
multiple smaller models simultaneously. While EdgeTPU could leverage only one model at a time, other
loaded models in its cache could obtain data from the host device’s memory, hence minimizing the delay
when switching models in EdgeTPUs. On the other hand, if the concurrency level was high, frequent
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Figure 4.13: Results of CME measurement on EdgeTPU

model swaps needed to be frequently performed in EdgeTPU’s cache, resulting in increased data transfer
between EdgeTPU and the host edge device’s memory. As a result, USB IO was quickly saturated, which
in turn, decreased throughput. This was why bothMobileNet-V1 andMobileNet-V2 reached the max-
imum throughput with a low concurrency level, and throughput could be decreased or stabilized with
higher concurrency levels. This analysis suggests that, when using CME on EdgeTPU, model size and
concurrency level should be carefully determined to maximize the throughput. Moreover, model com-
pression techniques [84], e.g., quantization and parameter pruning, should be considered for optimizing
model size for EdgeTPUs.

Furthermore, all three models reported much higher concurrency levels on EdgeTPUs than on GPUs.
For example, DevBoard supported the concurrency level of 20 for Inception-V3 and 80 – 85 for both
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Figure 4.14: Resource utilization changes with increased concurrency level (EdgeTPUs)

MobileNet-V1/V2 models. USB-Accelerator reached various maximum concurrency levels, and
USB-Accelerators’ concurrency levels vary considerably across different host edge devices. For example,
for Inception-V3, the maximum concurrency level from USB-Accelerator with RPi4 was 48, but
the maximum concurrency level when it uses J.TX2 or J.Xavier as the host device reached 270. For
MobileNet-V1/V2, the maximum concurrency level from USB-Accelerator with RPi4 was about
160, but it could be 1100 when leveraging J.TX2 or J.Xavier as the host device.

Regarding the varying concurrency levels, Fig. 4.14 shows resource utilization changes with differ-
ent concurrency levels measured on USB-Accelerator with J.TX2 and DevBoard. We observed that
memory utilization increased as the concurrency level increased. The maximum concurrency level was de-
termined when the memory utilization reached close to 100%, indicating that memory size and bandwidth
often limited the supported concurrency level DL models when enabling CME on USB-Accelerator.

We also measured the changes in the host edge device’s memory and USB bandwidth when throughput
changes. Our observation is that the memory utilization kept increasing as the inference throughput
degraded after the peak throughput. However, the USB bandwidth kept stable after reaching the peak
throughput.

Finally, compared with CME on GPUs, the maximum throughput of EdgeTPUs was nearly 230
inferences per second when running concurrent MobileNet-V1/V2. And this maximum throughput
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Figure 4.15: EdgeTPU-cluster composed of four EdgeTPUs (USB-Accelerator) connected with
J.Xavier

was almost 2× higher throughput than CME on GPUs. However, this was not the case for larger models
like Inception-V3. The maximum achievable throughput with Inception-V3 using EdgeTPUs was
nearly half the value when using GPUs. These observations suggest that careful consideration of model
(size) and device (GPU or EdgeTPU) is critical to maximizing the overall throughput.

CME evaluation results on EdgeTPU Cluster

USB-Accelerator could significantly improve DL inference throughput with CME as shown in the
previous section. To maximize the performance of USB-Accelerator, we performed further evalua-
tions using multiple USB-Accelerator (called EdgeTPU cluster) with CME. The idea of EdgeTPU
cluster is to connect more than one USB-Accelerators with a host edge device and employ CME on
eachUSB-Accelerator (shown in Fig. 4.15). To this end, we usedEdge TPU Python API [133] to load
models in specific devices to ensure an equal number of models were running on all theUSB-Accelerators.

We started the experiment by running each of three quantized models (Inception-V3,MobileNet-V1,
MobileNet-V2) on two USB-Accelerators simultaneously on each device. Similar to the previous
CME evaluations, the experiment was repeated for multiple levels of concurrency to find one that pro-
duced the maximum throughput. Once we found the maximum throughput with two accelerators, we
gradually increased the number of USB-Accelerator (as well as the concurrency level) and repeated
this procedure until the throughput reached the maximum with four USB-Accelerators with CME.
The measurement results are reported in Fig. 4.16. In general, EdgeTPU-cluster could increase the DL
inference throughput over a single accelerator, but the throughput differences among two, three, and four
USB-Acceleratorwere marginal. In particular, when using EdgeTPU-cluster composed of two accelera-
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Figure 4.16: DL inference throughput variation with multiple USB-Accelerators (EdgeTPU cluster)

tors, on average, we observed a 15 – 30% increase in throughput over a single accelerator forMobileNet-V1
(Fig. 4.16b) and MobileNet-V2 (Fig. 4.16c) across all devices. Such throughput increase was because two
models could simultaneously be processed in two accelerators while, for one accelerator, the inference task
had to wait for the single EdgeTPU to finish the current task before moving on to the next task. Moreover,
with two USB-Accelerators, the throughput improvement could not reach 2× as desired because the
USB ports in all devices have an internal shared hub for the USB interface. This shared USB hub caused
a certain delay (due to its serial processing characteristics) in data transfer, hence increasing the overall
latency. For Inception-V3 with two accelerators (Fig. 4.16a), the throughput improvement was smaller
than the improvement observed with MobileNet-V1/V2. As mentioned earlier, Inception-V3 was
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Figure 4.17: Total USB bandwidth usage and bandwidth consumed by each USB-Accelerator when
using EdgeTPU-cluster with J.TX2.

too large to fit in aUSB-Accelerator and thus requires constant swapping of model parameters with the
host device. This, along with the serial nature of USB ports due to the presence of the shared hub, limited
the parallelism that could have been achieved from multiple EdgeTPU-cluster with USB-Accelerators.

The EdgeTPU-cluster with three or four USB-Accelerators did not show meaningful throughput
improvement over the cluster with two accelerators. Such limited throughput improvement was also due
to the internal shared hub for the USB interface, which limited the total USB bandwidth while the device
has the increased number of accelerators. Fig. 4.17 shows the overall bandwidth as well as the bandwidth
consumed by each accelerator with J.TX2 when running MobileNet-V2. It is observed that the band-
width available to each accelerator decreases with every addition of a USB-Accelerator. This reduced
bandwidth and data transfer rate directly degrade the overall performance of the USB-Accelerators
and negate the benefits of having extra processing powers (EdgeTPU). Based on this evaluation, using two
accelerators with CME appears to be the most effective approach to maximize DL inference thorughbput
when using EdgeTPU-cluster.

4.5.2 Dynamic Model Placements (DMP)
This section evaluates the dynamic model placement (DMP) technique for AI multi-tenancy on edge
devices and EdgeTPUs. DMP allows running multiple DL models simultaneously by placing DL mod-
els on an edge device’s resource (CPU and/or GPU) and other DL models on EdgeTPUs. Because
USB-Accelerator can be connected to edge devices via USB interfaces, the potential benefits from
DMP can be improved DL inference throughput using heterogeneous resources in both edge devices
and USB-Accelerator. However, DL inference tasks running on both on-board edge resources and
USB-Accelerator are managed by the host edge devices so that there can be a performance penalty
from resource contention. Therefore, in this evaluation, we focus on seeking answers to the following
research questions:
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(a) Inception-V3 on DMP (GPU: PyTorch, EdgeTPU: TensorFlow Lite)
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(b) MobileNet-V1 on DMP (GPU: PyTorch, EdgeTPU: TensorFlow Lite)

Figure 4.18: Throughput changes with different concurrency level on both GPU and EdgeTPU when
enabling DMP. We omit the results of MobileNet-V2 because the results are similar to the results of
MobileNet-V1 (Fig. 4.18b)

1. What are the performance benefits (e.g., DL inference throughput) from DMP on heterogeneous
resources?

2. What are the actual performance penalties of using DMP, compared to CME for AI multi-tenancy?

3. What are the performance benefits and limitations of using EdgeTPU-cluster for DMP?

Similar to the previous CME evaluations, we used three DL models (Inception-V3,MobileNet-V1,
and MobileNet-V2) because these models could perform inference tasks on all resource types in edge
devices and EdgeTPUs. Moreover, as CME showed significant throughput improvement in our previous
evaluation, we enabled CME on both edge devices andUSB-Acceleratorwhen measuring the inference
throughput with DMP. To calculate the throughput, we used equation-(4.4) in section 4.3.

We initially used all edge devices connected with USB-Accelerators and deployed DL models on
both edge resources and EdgeTPUs. However, we omit the evaluation results of RPi4 and ODN2 because
we could not observe the benefits of using DMP on such devices. Specifically, CPU resources on RPi4
and ODN2 were quickly saturated by both CPU-based and EdgeTPU-based DL inference tasks, and the
overall inference throughput results with DMP on RPi4 and ODN2 were even lower (about 10%) than
EdgeTPU-only inference throughput.

DMP Evaluation Results on Edge Device and a single USB-Accelerator

As described above, CME was also enabled for DMP. The first step of this evaluation was to find an
empirically optimal concurrency level that could produce the maximum DL inference throughput. While

57



 0
 40
 80

 120
 160

GPU
Only

TPU
Only

DMP

GPU Portion
TPU Portion

T
hr

ou
gh

pu
t

Jetson Nano

 0
 40
 80

 120
 160

GPU
Only

TPU
Only

DMP

T
hr

ou
gh

pu
t

Jetson TX2

 0
 40
 80

 120
 160

GPU
Only

TPU
Only

DMP

T
hr

ou
gh

pu
t

Jetson Xavier

(a) Inception-V3

 0
 50

 100
 150
 200
 250

GPU
Only

TPU
Only

DMP

T
hr

ou
gh

pu
t

Jetson Nano

 0
 50

 100
 150
 200
 250

GPU
Only

TPU
Only

DMP
T

hr
ou

gh
pu

t

Jetson TX2

 0
 50

 100
 150
 200
 250

GPU
Only

TPU
Only

DMP

T
hr

ou
gh

pu
t

Jetson Xavier

(b) MobileNet-V1

 0

 50

 100

 150

 200

GPU
Only

TPU
Only

DMP

T
hr

ou
gh

pu
t

Jetson Nano

 0

 50

 100

 150

 200

GPU
Only

TPU
Only

DMP

T
hr

ou
gh

pu
t

Jetson TX2

 0

 50

 100

 150

 200

GPU
Only

TPU
Only

DMP

T
hr

ou
gh

pu
t

Jetson Xavier

(c) MobileNet-V2

Figure 4.19: Comparison of DL inference throughput between DMP and single-tenancy

we reported the throughput changes with different concurrency levels on either GPU or EdgeTPU in
section 4.5.1, such high concurrency levels may not be achievable for DMP. This is because the edge device
needs to manage multiple inference tasks on both GPU and EdgeTPU, and there will be a contention of the
edge device’s resources (e.g., memory). Therefore, we re-measured the throughput changes with different
concurrency levels on both GPU and EdgeTPU for DMP. The evaluation results are shown in Fig. 4.18.
As expected, much lower levels of concurrency were supported by edge devices and USB-Accelerator.
We further observed that memory resources on the edge device were quickly saturated with lower levels
of concurrency because the device needed to handle more inference tasks and frameworks for DMP.

Then, we measured the overall throughput with DMP, and the evaluation used to concurrency lev-
els for GPU and EdgeTPU that could produce overall (accumulated) maximum DL inference through-
put. Fig. 4.19 shows DMP’s DL inference throughput improvement against the single-tenancy cases.
All J.Nano, J.TX2, and J.Xavier showed significantly increased throughput compared to the single-
tenancy GPU or EdgeTPU-based inferences. On average (across all three models), J.Nano had 6.2× im-
proved throughput over the single-tenancy on GPU and 2× increased throughput over the single-tenancy
on EdgeTPU. Both J.TX2 and J.Xavier also showed significant throughput improvement for all three
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Figure 4.20: J.TX2’s DL inference throughput comparison between (ideal) results from CME and DMP.
The (ideal) results from CME are calculated by the sum of separately measured CME throughput on
GPU and EdgeTPU.
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Figure 4.21: Resource usage comparison between (ideal) sum of CME on GPU/EdgeTPU and DMP.

models ranging from 2× – 9.9× over GPU-only or EdgeTPU-only inferencing with single-tenancy (with
bached inferencing). However, this improved throughput can be in part due to leveraging both CME
and DMP. Therefore, we also compare the DL inference throughput between the ideal throughput up-
per bound based on CME results (section 4.5.1) and DMP. Please note that the ideal throughput upper
bound is calculated by accumulating GPU throughput with CME and EdgeTPU throughput with CME
measured separately.

Fig. 4.20 reports the throughput comparison between (ideal) CME results and DMP results. The
figure contains the results measured from J.TX2 when using PyTorch/MXNet (for GPU) and TFLite
(for EdgeTPU). Please note that we omit the results from J.Nano and J.Xavier, but those omitted
results show similar patterns with Fig. 4.20. As shown in the figure, while the differences between the
ideal throughput and DMP’s throughput varied with DL models and DL frameworks, J.TX2with DMP
showed 34.6% and 25.3% lower DL inference throughput than the ideal throughput with CME (on both
GPU and EdgeTPU). Such differences were mainly due to the resource contention and resource limits in
the edge devices.

To understand the gap between the DMP’s throughput and ideal throughput, we performed further
analysis on resource consumption. Fig. 4.21 shows the resource utilization (CPU, memory, USB IO)
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Figure 4.22: Throughput comparison between DMP with 1 EdgeTPU and DMP with 2 EdgeTPUs
(EdgeTPU-Cluster)

between the ideal sum of CME on GPU/EdgeTPU (measured in section 4.5.1) and DMP. The figure
shows that the ideal throughput often could not be achievable with current HW specifications. Specifically,
CPU (Fig. 4.21a) and memory (Fig. 4.21b) utilization should exceed the HW limits of the edge devices
(more than 100%) to reach such high throughput. Moreover, similar to the CME analysis, memory was
identified as a critical resource when enabling DMP. Specifically, we observed that memory utilization
reached 100% with DMP while CPU utilization did not reach 100%. Based on this observation, the DL
inference throughput, when the memory resource is saturated, can be the empirical performance upper
bound when enabling DMP. We also observed that resource contention could impact the DL inference
throughput because the shared resources, such as memory and CPU, were needed to manage multiple DL
models running on different resources. The decreased USB IO utilization (about 8% to 15%) with DMP
(Fig. 4.21c) was because of such resource contentions, and the reduced USB IO utilization could decrease
DL inference throughput from in USB-Accelerator.

DMP Evaluation Results on Edge Device and EdgeTPU-cluster

The next evaluation is to measure the throughput improvements of DMP when leveraging EdgeTPU-
cluster. As shown in section 4.5.1, EdgeTPU-cluster with two accelerators showed almost maximum
performance improvement due to the limitation of USB bandwidth. Therefore, in this evaluation, we
used a EdgeTPU-cluster with two accelerators.

Fig. 4.22 reports DL inference throughput changes from DMP employing EdgeTPU-cluster. Please
note that the figure only shows the results from J.Nano and J.Xavier due to the page limitation. Also,
we only report the combination of Inception-V3models on GPU and EdgeTPU-cluster (Fig. 4.22a and
Fig. 4.22b) andMobileNet-V1 on GPU and EdgeTPU-cluster (Fig. 4.22c and Fig. 4.22d). Other omitted
results showed similar results with Fig. 4.22. As shown in the figure, when using EdgeTPU-cluster on
DMP, we observed a marginal improvement in DL inference throughput. On average, J.Nano and Xavier
showed a 11% and a 5% increase in DL inference throughput over DMP with a single EdgeTPU accelerator.
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More specifically, EdgeTPU cluster could increase 11% (J.Xavier) to 20% (J.Xavier) of DL inference
throughput with multiple accelerators, but at the same time, J.Nano’s GPU showed a 12% decreased
throughput and J.Xavier’s GPU showed 3% decreased throughput. This decreased GPU throughput
was mainly due to the resource contention and the resource-constrained nature of edge devices. Because
the edge devices do not have sufficient CPU and memory resources (of course limited USB bandwidth)
to process many tasks for multiple accelerators, the devices naturally allocated less computing powers. As
a result, the DL inference throughput of GPUs was directly impacted (and decreased).

4.6 Discussion and Lesson Learned
Through the study, we saw that, AI-enabling ASICs like EdgeTPU are superior to other edge devices
for DL inferencing at the edge. The superiority is in terms of both performance (throughput) and cost-
effectiveness (price and power). However, they impose restrictions such as support for only quantized
models and no support for batched inferencing. Despite these limitations, the throughput provided by
these devices far exceed the throughput of even GPU-embedded devices while also utilizing significantly
lower resources. In addition, the ability to connect USB-Accelerators with TPU to existing edge
devices allowed us to evaluate model placement strategies for higher throughput.

Multi-tenancy for DL inferencing was evaluated by employing multi-threading capabilities provided
by modern operating systems and programming languages (e.g., python). However, the restriction im-
posed by python’s Global Interpreter Lock(GIL) to avoid deadlocks and race-condition by ensuring that
only thread can hold the control of the python interpreter at a time, limits true concurrency. While
workarounds like using multi-processing instead of multi-threading or using a different python inter-
preter (e.g., Jython) can resolve the issue, these solutions have their own limitations and overheads. With
python being the primary language for DL applications, this issue could pose to be a serious bottleneck
for multi-tenant DL applications.

Despite the limitations associated with the programming language’s design, we observed significant
benefits in running multiple models simultaneously on edge devices. This is an important discovery, as
many applications of DL at the edge necessitate the processing of multiple inputs concurrently. In most
practical scenarios, these inputs are diverse in nature. For example, in drone-based surveillance, it is crucial
to simultaneously process audio and video inputs to achieve comprehensive situational awareness.

In this study, however, we confined our evaluation to a single application domain, specifically image
classification. This focused approach allowed us to deeply analyze the performance and benefits within
this context. Nevertheless, our findings suggest that expanding the scope of evaluation to include the
concurrent execution of a heterogeneous set of DL models across various application domains could yield
even more insightful and impactful results.

By investigating how multiple models from different fields, such as audio processing, natural language
understanding, and video analysis, perform when executed concurrently on edge devices, we can better
understand the broader implications of AI multi-tenancy. Such an expanded evaluation could reveal
novel insights into resource management, model interaction, and performance optimization, ultimately
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pushing the boundaries of what is achievable with DL inferencing on resource-constrained edge devices.
This comprehensive approach would not only validate our current findings but also pave the way for more
versatile and robust implementations of deep learning at the edge, catering to a wider array of real-world
applications.

4.7 Chapter Summary
This study conducted an in-depth investigation into various system approaches aimed at maximizing
DL inference throughput on resource-constrained edge devices and EdgeTPU accelerators. It specifically
focused on scenarios involving AI multi-tenancy to optimize performance and efficiency.

This chapter first evaluated various DL models’ performance with image classification tasks on edge
devices and AI accelerators, including CPU, GPU, and EdgeTPU. Based on the evaluation, we further
investigated three system approaches for maximizing DL inference throughput. Batched inferencing is
the approach for maximizing the throughput with DL single-tenancy use cases. With batched inferenc-
ing, GPU-equipped devices showed significant throughput improvement as multiple images could be
processed in parallel on the GPU resources. We then explored the feasibility and effectiveness of AI multi-
tenancy at the edge. Notably, two approaches were applied – CME (Concurrent Model Executions) and
DMP (Dynamic Model Placements). CME exploits the available system resources (CPU, memory, GPU)
to load more models into the system and process multiple inference tasks in parallel. DMP, on the other
hand, leverages available, heterogeneous computing resources by placing models on different processors
(GPU and EdgeTPU) and processes DL inference tasks on both the processors/accelerators simultane-
ously. Our evaluation results confirmed that CME and DMP were viable and successfully improved the
system’s overall throughput, including GPU and EdgeTPU, by a significant factor.

However, we also observed the limitations of the three approaches that will be future research explo-
rations. For batched inferencing, the performance improvements started decreasing once the batch size
exceeds a certain threshold (e.g., the number of GPU cores). Besides, due to the limited memory size, there
was a limit to the number of input images that could be simultaneously loaded into the memory. For CME
and DMP with multi-tenancy, we started getting diminishing returns once the number of concurrently
processed models exceeded the number of concurrent threads (or cores) supported by the CPUs. System
memory is also turned out to be a bottleneck as we increased the number of concurrent models. Finally,
since USB bandwidth drived the rate at which USB-Accelerators could process models, multi-tenancy
on EdgeTPUs showed performance gain only when fewer data transfers (because of model parameters
swapping) were involved. Inherently sequential hardware design, such as shared internal USB hubs, was
also a restricting factor when using multiple USB-Accelerators simultaneously.

This study confirmed that implementing AI multi-tenancy on edge devices is a promising technique
for enhancing the performance of DL tasks. The results demonstrated that AI multi-tenancy can sig-
nificantly improve the efficiency and effectiveness of DL inferencing on resource-constrained devices.
However, to fully realize the potential of this approach, further research is necessary. Specifically, in-
vestigating the strategic placement of models to minimize resource contention is crucial. Additionally,
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developing robust isolation mechanisms for dynamic control of DL inference throughput can further
push the performance boundaries of DL inferencing.

Moreover, given that multi-tenant applications share the same system memory, a thorough analysis
of the security of individual applications becomes imperative. Ensuring isolation from other models is
essential to maintain the integrity and security of the system. Techniques such as CME and/or DMP
must be carefully evaluated to ensure they are suitable for deployment in environments where security is
a paramount concern. This study underscores the importance of addressing these challenges to make AI
multi-tenancy a viable solution for improving DL task performance on edge devices.
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Chapter 5

Toward Low-Cost and Sustainable
IoT Systems for Soil Monitoring in

Coastal Wetlands

This chapter provides a field-deployable IoT-based soil monitoring system tailored for long-term coastal
wetland monitoring. This study mainly introduces two core components of our system: energy man-
agement/optimization and the calibration/evaluation of low-cost soil sensors. We develop a novel energy
management mechanism powered by multiple predictors, optimizing sensing efficiency and supporting
long-term operability, and our contribution incorporates a calibrated set of cost-efficient sensors, ensur-
ing precise soil property estimation. We evaluated our energy management with long-term, real-world
weather data. The results show our approach allows more frequent sensing without interruptions, out-
performing two common energy management mechanisms and ensuring sustained soil sensor operation
in wetlands without a power grid. We also explored the use of low-cost sensors to timely and efficiently
estimate complex soil health indicators, particularly bulk density, which is traditionally determined via
labor-intensive lab tests.

5.1 Introduction
Coastal wetlands and nearshore environments are important natural carbon storage systems, containing
approximately half of the world’s blue carbon [11]. They also serve as highly efficient carbon sequestration
systems, capable of isolating carbon at rates 55× higher than mature tropical rain forests annually [134,
135]. Beyond this, wetland ecosystems store vast amounts of organic carbon in the soil, often called soil
organic carbon (SOC). In particular, while coastal wetlands only cover 5% of the global land area, they
account for 20% – 25% of the global SOC stock [134].

Coastal wetland ecosystems face increasing vulnerabilities from threats, such as coastal development,
invasive species, rising global temperatures, and sea-level rise [12, 13]. Therefore, it is imperative to pre-
serve such wetland areas by continuously monitoring and improving soil health in the coastal wetlands
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[14]. However, traditional soil sampling methods are not only costly but also labor-intensive and time-
consuming [15]. Specifically, the traditional approach requires pre-processing of soil samples, such as
air-drying, sieving (wetland soils get very hard after drying), and pulverizing, which takes even longer
for wetland soils. Furthermore, the traditional approach lacks space and time scalability for soil prop-
erties measurements. While remote sensing offers a more convenient and cost-efficient alternative, this
approach has its own challenges, including weak signal detection and difficulties in accurately observing
non-exposed soil and surface water [136, 137].

Due to the advancements in IoT (Internet-of-Things) technologies, various soil sensors have been
developed. These sensors are now widely used in various domains, such as agricultural systems [16, 17,
18]. These IoT-based soil sensors play an important role in optimizing water and nutrient application to
crops. Given their capability to monitor crop yields and diverse soil parameters, they present a promising
approach for soil monitoring. Moreover, soil sensors are cost-effective, offering a more economical way
than traditional soil sampling methods and proving more accurate than conventional remote sensing. In
coastal wetlands, these sensors can be used to measure various soil/environmental parameters, including
soil moisture, electrical conductivity, redox potential, soil salinity, and soil pH [16].

When building an IoT system with soil sensors to monitor soil health in coastal wetlands, there are
significant research and engineering challenges. Many of these challenges arise due to the unique environ-
mental dynamics of the coastal wetlands [27]. For example, coastal wetlands often lack stable power supply
to support the IoT system’s long-term sustainability and operability. To address this challenge, energy
harvesting (EH) emerges as a promising approach as it generates electricity from natural resources [28,
29]. Specifically, solar power is a widely used energy source for these EH systems. Various solar panels are
compatible with IoT computing boards, such as Raspberry Pi and Arduino, and with sensors. However,
due to the weather dynamics, solar power can exhibit non-uniform energy generation patterns [30]. Thus,
EH-based IoT systems need intelligent energy management for long-term operations at varying energy
harvesting rates.

Additionally, while current sensors can measure multiple soil parameters, there is, to our best knowl-
edge, no IoT sensor capable of directly measuring essential information for evaluating soil health. For
example, soil health can be deduced from the variance and quantity of soil organic carbon (SOC) [31, 32],
bulk density [33], and microbial biomass [34]. Therefore, these properties need to be estimated from other
environmental parameters (e.g., temperature, salinity, and pH) that can be collected by soil sensors. To
this end, domain scientists should determine the most appropriate sensors (with respect to cost, accuracy,
and data quality) that can measure environmental/soil parameters, and then they should create a (machine
learning or empirical) model to infer SOC, bulk density, and/or microbial biomass for determining soil
health.

This chapter details our preliminary findings in building a cost-effective, sustainable, field-ready IoT
platform to monitor soil health in coastal wetlands. Our insights stem from two distinct research domains:
computer science and domain science (e.g., soil science and remote sensing). We first outline the design
of our IoT sensing platform, focusing on its overall architecture and its energy scheduler. This scheduler,
designed to optimize energy management across various sensors, stands as a key novelty of our platform,
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Figure 5.1: Soil coring activities by our interdisciplinary research team in a wetland near the
Savannah area, Georgia, United States.

ensuring long-term operational capability. Following this, we delve into selecting and evaluating various
soil sensors integrated into the platform. Moreover, we introduce our machine-learning model designed
to predict one of the soil health indicators e.g., soil bulk density, using data measured by the soil sensors.

5.1.1 Chapter Organization
The rest of this chapter is organized as follows: Section 5.2 describes the background of soil monitoring.
Section 5.3 details our IoT-based soil monitoring system, focused on its design, energy management mech-
anism, and low-cost sensors. Section 5.4 presents evaluation results, emphasizing the performance of
the energy management mechanism and our machine learning models for soil bulk density estimation.
Section 5.5 summarizes the chapter.

5.2 Background of Soil Monitoring
We now describe the background, advantages, and challenges of soil monitoring approaches, including
traditional sampling methods, remote sensing, and soil sensors.
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5.2.1 Soil Sampling Method
The traditional and most accurate method of measuring soil health/properties is based on field soil sam-
pling through labor-intensive coring, as shown in Fig. 5.1. Subsequent soil property determinations are
made through laboratory testing. While several essential parameters for determining soil health can be
directly obtained using traditional soil sampling methods, these techniques are often expensive, labor-
intensive, and time-consuming. For example, some laboratory tests, e.g., soil carbon testing, necessitate
air-drying the samples. This process can often take months, especially for wetland soils, as per the guide-
lines from United States Department of Agriculture (USDA) [138].

5.2.2 Remote Sensing Method
Given the high costs and labor-intensive nature of conventional soil sampling, remote sensing has emerged
as a more practical and cost-effective alternative. As illustrated in Fig. 5.2, remote sensing utilizes drones
or satellites to obtain visible and near-infrared surface reflection images. These image datasets are subse-
quently leveraged to build either empirical or machine-learning-based models for predicting soil properties.
Several studies have found bandwidths in the visible and near-infrared regions of the electromagnetic spec-
trum that correlate with soil attributes [139, 140, 15]. Yet, achieving a robust signal from the soil via remote
sensing remains a challenge. This issue predominantly stems from the weak signal-to-noise ratio (SNR)
observed with soils [15]. The challenge is even more complex to address in coastal wetlands. The consistent
year-round vegetative cover means that bare soil exposure is infrequent, hindering the precision of remote
sensing. Additionally, the regular influx of tidal water can blur soil signatures with those from surface
water, further diminishing the clarity of the soil signal.

5.2.3 IoT Soil Sensing Method
The advancement in IoT technologies has catalyzed the development of cost-effective sensing methods,
enhancing the monitoring, collection, and storage of environmental data [61]. These IoT systems offer
efficient, automated, and non-intrusive monitoring, proving invaluable for traditionally understudied
ecosystems like coastal wetlands [141]. Regarding soil sensing, various, low-cost soil sensors are now avail-
able, capable of measuring a set of soil parameters such as soil salinity, redox potential, electrical conduc-
tivity, pH, and temperature [142, 143, 144, 145]. By integrating these sensors into an IoT system, we can
directly deploy the system onto the wetland soil surface. This IoT-based sensing system addresses chal-
lenges (e.g., weak SNR) of remote sensing and significantly reduces the time and labor efforts required
by traditional sampling methods. Furthermore, this IoT system can be enhanced with advanced deep
learning, edge devices, and AI accelerators, such as Raspberry Pi, Jetson Nano, and Google’s edge TPUs
[146, 147, 66], allowing for in situ, lightweight AI analysis of collected soil parameters for supporting
timely decision-making.

However, building and deploying an IoT system for soil monitoring presents unique challenges:
1) determining the most suitable sensors and creating an accurate (empirical or ML) model to assess soil
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Figure 5.2: Remote-sensing workflow to monitor and predict soil properties. Note that the left-
bottom part of this figure also includes coring for soil sampling. Both remote sensing and soil sampling can
be used together to enhance the accuracy and validate the results from remote sensing.

health indicators such as SOC and bulk density and 2) ensuring a consistent and reliable energy supply and
management for enabling the sustainable system’s operations.

For the first challenge, while various soil sensors are available, their accuracy, precision, and reliability
vary. More importantly, there is no specific sensor designed to measure essential soil health indicators
(SOC and bulk density) directly. These essential metrics need to be estimated from the data captured
by the available sensors. In this chapter, we present our empirical study to determine the best-suited soil
sensors for collecting base parameter parameters. Additionally, we introduce our ML models designed to
accurately estimate bulk density trained on the data collected by low-cost soil sensors.

For the second challenge, energy harvesting (EH) techniques [28, 29], such as solar or wind power, can
be a promising approach. However, EH methods can often be unreliable due to weather dynamics such
as rain, snow, or cloudy days. Therefore, in this chapter, we introduce a method to predict future solar
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Figure 5.3: IoT soil monitoring platform.

energy gains without relying on external services (but rather using local environmental parameters that
sensors can collect). We also present a novel scheduling strategy to manage energy resources efficiently,
ensuring the long-term operability of IoT soil sensing systems.

5.3 IoT-based Soil Monitoring
The goal of this study is to establish an efficient and practical solution to soil monitoring by creating long-
term, field-deployable IoT platform. This chapter elaborates on our initial way to achieve this objective.
We first discuss the design of our soil monitoring system (section 5.3.1), with an emphasis on its
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energy harvesting and management features. Specifically, our energy management algorithm can be readily
applied to other EH IoT systems across various domains. We then discuss our initial performance study
of various low-cost soil sensors (section 5.3.2) with the high-end sensors widely used in domain-specific
scientific projects. We also delve into our feasibility study on building ML models. These ML models,
trained using data collected from our selected soil sensors, are designed to estimate bulk density, a key
indicator of soil health.

5.3.1 IoT Soil Monitoring System
Coastal wetlands have unique environmental characteristics like soft soil, clear water, and dense vegetation,
requiring tailored platforms for IoT devices and soil sensors for long-term deployment. Our IoT platform,
shown in Fig. 5.3, has a central post with a solar panel on top and a camera (color sensor) below. We place
soil sensors connected to a Raspberry Pi at the base for protection against ater exposure and excessive heat.
To ensure stability in the soft wetland terrain, our design employs a four-way chassis to prevent sinking
or tilting.

Moreover, wetlands are typically located away from conventional power grids, we face significant
challenges in ensuring a consistent energy supply. Solar power, as highlighted in §5.2, has become a widely-
adopted approach, capturing sunlight and storing it in batteries for ongoing energy needs. Nonetheless,
solar power’s reliability can often be affected by changing weather conditions. Accurate weather fore-
casts are essential for energy planning, and many online services provide this information [41]. However,
wetlands often lack consistent and reliable networks, making it difficult to access these forecasts.

To ensure a stable power supply, we developed an energy management mechanism that performs energy
gain prediction and scheduling tailored to our IoT soil monitoring system. Specifically, this mechanism
does not rely on external, online weather forecasting services by considering unique environmental chal-
lenges (frequent network disconnectivity) in coastal wetlands. Instead, our insight is that we use in situ
measurable weather parameters that can estimate the total energy gain from solar energy. Specifically, we
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focused on three weather parameters, e.g., global horizontal irradiance (GHI) [73], solar zenith angle (SZA)
[74], temperature, and their correlation with the strength of sunlight. Eventually, we target to predict the
total amount of energy the solar panel in the IoT platform will harvest. Regarding these three weather
parameters’ correlation with the energy gain, we refer the interested reader to [30] for further details. The
workflow of this energy management mechanism is illustrated in Fig. 5.4 and consists of two components
1) energy gain predictor using weather parameters and 2) energy scheduler for soil sensor management.

Energy gain predictor

To predict the future energy gain from solar energy, we focused on three weather parameters: GHI, SZA,
and temperature, which can be collected through in situ measurements. Among them, we found that
GHI is particularly important for this prediction as it is directly correlated with cloudiness [73]; therefore,
we consider this parameter as a key feature of this prediction task. Moreover, GHI has a strong correlation
with other SZA and temperature parameters. Therefore, achieving accurate GHI predictions becomes
a vital problem for this energy gain prediction. To obtain accurate future GHI values, we compared
the prediction accuracy, overhead, and power consumption of three models: Holt-Winters Exponential
Smoothing (HWES) [77], NeuralProphet [76], and Long Short-Term Memory (LSTM) [75], testing them
on a Raspberry Pi, which is the main computing board installed in our IoT sensing platform. HWES was
the fastest but least accurate, while LSTM was the slowest but most accurate. Given GHI’s importance,
we selected LSTM for GHI prediction. For SZA and temperature predictions, we chose HWES because
of its decent accuracy and low power consumption.

We use the predicted values of the three weather parameters as input features for our energy regressor.
This regressor is designed to estimate the future energy that the solar panel on our IoT platform will
harvest. We evaluated various ML models for this purpose, including random forest (RF) [78], support
vector machine (SVM) [77], and linear regression [77]. The RF model was chosen for the energy regressor
because it surpassed the others in prediction accuracy.

Energy scheduler

With the estimated future energy gain, the energy scheduler allocates energy to soil sensors. This scheduler
has five steps to ensure soil sensors’ operations under a contained energy budget.

The first step in this scheduling process involves calculating the total available energy. This includes
the energy predicted to be gained during the upcoming time interval and the energy stored in the sensor’s
battery. Considering these factors, the scheduler obtains a comprehensive overview of the energy resources.
With the available energy information, the scheduler allocates energy to each sensor within the system.
This allocation is done by the sensors’ priorities, which are determined based on their importance and
relevance. Sensors with higher priority receive a larger share of the available energy, ensuring that critical
sensing tasks are adequately supported. Once the energy allocation is completed, the scheduler calculates
the number of sensing operations that each sensor can undertake during the specified time period. This
calculation is based on the energy allocated to each sensor and the energy consumption associated with
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individual sensors. The next critical aspect of the scheduler’s role is the distribution of sensing operations
over time. To minimize the overall sensing interval and ensure consistent data collection, the scheduler
evenly spreads out the sensing operations across the defined time frame. This even distribution helps
maintain a steady pace of data acquisition. However, a potential challenge arises when scheduled sensing
operations coincide with low available energy periods, such as at night when solar power generation is
minimal. To address this issue, the scheduler incorporates a thoughtful time delay mechanism. This
mechanism identifies the earliest feasible time for conducting sensing operations while guaranteeing that
the available energy is sufficient to support them.

Soil Property Vendor/Model Price ($) Image

pH
Atlas Scientific-pH $162.99

Grove - pH Sensor $17.50

EC
(Electrical
Conductivity)

Gravity EC Sensor - K10 $79.90

Groove EC Sensor Kit $35.90

ORP
(Oxidation-
Reduction
Potential)

Vernier - ORP Sensor $89.00

Grove - ORP Sensor Kit $43.90

Moisture Gikfun Capacitive Soil
Moisture Sensor

$7.48

Temperature DS18B20 Temperature Sensor $9.99

Table 5.1: Vendor details and cost of soil sensors deployed on IoT soil sensing system.

5.3.2 Preliminary Performance Evaluation of Soil Sensors
As we discussed in section 5.2, IoT soil sensing can be a promising direction by addressing the limitations
of existing methods. As a prerequisite, we should perform rigorous testing on various soil sensors and
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select sensors that will be integrated into our IoT soil monitoring system. We first focus on low-cost soil
sensors (as shown in Table 5.1), ranging in price from $7.48 to $162.99, capable of measuring five soil
properties: pH, electrical conductivity (EC), oxidation-reduction potential (ORP), temperature, and
moisture.

We evaluate the feasibility of these sensors, particularly in their ability to infer one key soil health
metric: bulk density. And this evaluation compares the bulk density results calculated from measurements
using the Hanna HI98196 multiparameter sensor1. The Hanna HI9819 sensor is a widely used, high-end
handheld device in domain-specific science, is priced at approximately $3,000.

In this evaluation, we used soil samples collected from seven carefully chosen study sites along the
Georgia coast, as depicted in Fig. 5.5. These sites are situated on Skidaway Island (2 study sites), Sapelo
Island (2 study sites), and near salt marshes in South Newport (1 study site) and Hinesville, GA (2 study
sites). Each location represents different water flow patterns from upland to coastal wetlands. Besides
recording soil sensor measurements, we collected surface soil samples to determine soil bulk density and
soil organic carbon (SOC) content. Our data collection spanned five field expeditions conducted between
March 2022 and May 2023.

To infer soil bulk density, we employed various machine learning models, including random forest
(RF), support vector machine (SVM), extreme gradient boosting (XGBoost) [148], and neural networks
(NN) [149]. We compared the estimated bulk density with soil properties collected by both the low-cost
soil sensors and the baseline Hanna sensor, alongside lab test results. Our performance metrics include
mean absolute error (MAE) and the coefficient of determination (R2). Detailed evaluation results are
discussed in section 5.4.2 and section 5.4.3.

5.4 Evaluation Results
This chapter presents the evaluation results of our IoT soil monitoring system. We first discuss the per-
formance of the energy management mechanism for the system (section 5.4.1). We then delve into the
calibration and lab test results of the low-cost soil sensors (section 5.4.2). Finally, we report our initial
evaluations regarding the estimation of soil bulk density through real-world deployment of the IoT soil
monitoring system (section 5.4.3).

5.4.1 Evaluation Results of Energy Management for IoT Soil Monitong System
We conducted an evaluation to assess both the energy gain predictor and the energy scheduling com-
ponent (the first and second component shown in Fig. 5.4). The accuracy of the energy gain predictor is
particulary important as it establishes the basis for predicting future energy gains, which are essential for
scheduling operations. To evaluate this accuracy, we measured the root mean square error (RMSE) and

1https://www.hannainst.com/hi98196-multiparameter-ph-orp-do-temperature-waterproof-
meter.html
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Figure 5.5: Study sites along the GA coast. In the north Skidway Island, and Near Hinesville,
South Newport, and Sapelo Island sites in the mid-Georgia coast.

over-prediction rate of the DC power estimator, investigating how different parameters affect prediction
precision.

Additionally, we evaluated the performance of our energy scheduler through simulations that reflected
real-world scenarios for EH environmental sensors. This evaluation involved observing changes in battery
charging levels, variations in sensing operation frequencies, and adjustments in sensing intervals for various
sensor configurations. Furthermore, we compared the performance of our energy scheduling approach
with two benchmark strategies: static and adaptive energy schedulers.

Evaluation dataset

We combined two openly available datasets [72, 71] from NREL (National Renewable Energy Laboratory)
to create new datasets for our evaluation. These datasets cover a two-year period from 2017 to 2018 and
include various meteorological parameters like GHI, temperature, and DC power gain data captured by
solar panels installed in Denver, Colorado, USA. The baseline schedulers used in this evaluation are a
static scheduler (es-stat) and an adaptive scheduler (es-adap). ‘es-stat’ employs a fixed sensing interval for
sensing operations, while ‘es-adap’ adjusts the sensing interval based on the battery level.
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Figure 5.6: Battery level changes in three energy schedulers.

We evaluated the energy management mechanism’s performance using a trace-based simulator with
real-world power consumption data from soil sensors and the energy gain predictor. These experiments
took place over five random weeks in 2017 and 2018, focusing on changes in battery levels and sensing
frequency.

Evaluation results

Fig. 5.6 reports the results for one of those weeks due to space constraints, but similar outcomes were
observed in the other weeks. This figure demonstrates that our scheduler effectively managed battery levels,
allowing for more frequent sensor operations without completely draining the battery. The fluctuations
in battery level were primarily influenced by changes in weather conditions.

In contrast, the baseline approaches faced challenges in maintaining EH sensor operations. For in-
stance, the ‘es-stat’ scheduler experienced complete battery depletion on the first day of the week, resulting
in minimal sensing operations thereafter. Although ‘es-adap’ performed better than ‘es-stat,’ it also en-
countered complete battery depletion on specific days, limiting its capacity to support future operations
due to insufficient stored energy.

These evaluation results confirm that our energy management mechanism enabled more fre-
quent and reliable sensing operations, ultimately enhancing the overall quality of EH sensor
data. For comprehensive evaluation results of our energy management mechanism, please refer to [30].

5.4.2 Lab Test and Calibration Results of Low-Cost Soil Sensors
We evaluated the performance of the low-cost sensors (listed in Table 5.1) intended for integration into
our IoT soil monitoring system through laboratory testing. Fig. 5.7 shows the soil property measurement
results obtained from the low-cost soil sensors compared to the Hanna sensor, represented as ‘GT’ in the
figure.
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Figure 5.7: Low-cost soil sensor calibration based on test solutions and Hanna sensor. GT: ground
truth (Hanna sensor); pH: pH sensor; TM: Temperature sensor; ORP: Oxidation-Reduction potential sensor;
EC: Electrical conductivity sensors. All x-axes are the number of data samples.

During the pH and temperature tests, the pH sensor (Fig. 5.7a) and temperature sensor (Fig. 5.7b)
closely matched the readings of the Hanna sensor when testing pH solutions and known temperatures.
However, we also obeserved that there were variations in the measurements of the EC (Electrical Con-
ductivity) sensor (Fig. 5.7d) and ORP (Oxidation-Reduction Potential) sensor (Fig. 5.7c) between the
low-cost sensors and the Hanna sensors. This discrepancy might be attributed to their sensitivity to
temperature changes since both EC and ORP readings rely on temperature sensor data. Errors from tem-
perature sensors in both the low-cost and Hanna sensors could propagate to EC and ORP measurements.
Nevertheless, the EC and ORP sensors generally followed a similar trend to that of the Hanna sensor.

For further testing, we collected in situ soil measurements to analyze the overall trends in soil properties
along the salinity gradient and to estimate soil bulk density using data from our IoT soil sensors.

5.4.3 In Situ Test Results of IoT Soil Sensors
We conducted a preliminary analysis of in situ soil properties collected from IoT soil sensors, as shown in
Fig. 5.8. These figures report the distribution of soil properties along the diagonals, scatter plots depicting
relationships between soil properties (bottom-left of diagonal), and indicate the strength and significance
of the linear correlations between these soil properties. Please note that all soil properties, except for
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(a) Evaluation Set #1 (b) Evaluation Set #2

Figure 5.8: Linear correlation matrix for soil properties measured from IoT soil sensors The diago-
nal represents the distribution of soil properties; the top-right of the diagonal shows linear correlation strength
and significance; the bottom-left of the diagonal shows a scatter plot between the soil properties.

soil bulk density, were gathered from IoT soil sensors. Soil bulk density was determined based on lab
measurements.

Soil pH and soil temperature values showed similar distributions for our evaluation sets. However,
soil properties, such as soil moisture, EC, and ORP, had different distributions for both sets. There
are some expected correlations between the soil properties. For example, Soil ORP and EC are highly
correlated to each other. Other studies have found a correlation between soil ORP and EC [150]. However,
the directionality of correlation was different for experiment set #1 (Fig. 5.8a) and set #2 (Fig. 5.8b). This
could be because of sensor-to-sensor fluctuations. All collected soil properties had a strong and statistically
significant correlation with soil bulk density. This confirms our hypothesis that soil properties collected
from IoT soil sensors can be used for predicting complex soil properties (bulk density).

Next, we perform the evaluation of various ML models to estimate soil bulk density with two datasets
(evaluation set #1 and #2) collected by IoT soil sensors and a dataset from the baseline Hanna sensor. In
this evaluation, we found that our ML models’ outcomes were influenced by the choice of training and
testing data divisions. This might be due to higher unpredictability in the soil bulk density estimates. To
address this, we also included average statistics along with a 90% confidence interval (CI) for MAE andR2,
derived from a Leave-One-Out Cross-Validation. Table 5.2 reports the MAE and R2 for models trained
using data from IoT soil sensors (evaluation set #1 and #2) versus the Hanna sensor, which serves as our
baseline.
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Table 5.2: Performance of ML models for BD estimation based IoT soil sensors (Evaluation Set #1
and #2) and Hanna sensor.

Evaluation Set #1
Average MAEs

(g/cm3)
CI of MAEs

(g/cm3)
Average R2

(%)
CI of R2

(%)
RF 0.30 0.28 – 0.31 51.5 49 – 54

SVM 0.24 0.23 – 0.25 59.9 58 – 61
XGBoost 0.40 0.35 – 0.44 46.8 42 – 51

NN 0.73 0.45 – 1.2 22.2 1 – 43
Evaluation Set #2

Average MAEs
(g/cm3)

CI of MAEs
(g/cm3)

Average R2

(%)
CI of R2

(%)
RF 0.34 0.33 – 0.35 67.1 64 – 69

SVM 0.32 0.31 – 0.33 57.8 57 – 59
XGBoost 0.45 0.41 – 0.50 45.2 38 – 54

NN 1.09 0.59 – 1.9 39.7 12 – 61
Hanna Sensor (Baseline)

Average MAEs
(g/cm3)

CI of MAEs
(g/cm3)

Average R2

(%)
CI of R2

(%)
RF 0.42 0.39 – 0.44 60.3 56 – 64

SVM 0.47 0.46 – 0.48 37.3 36 – 38
XGBoost 0.83 0.71 – 0.97 41.3 31 – 54

NN 1.23 0.75 – 1.99 12.0 0 – 35
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From our results, both RF and SVM outperformed XGBoost and NN for our dataset derived from
both IoT sensors and the Hanna sensor. The better performance of RF and SVM aligns with other
research findings for soil property estimation [140, 151, 152]. Moreover, models trained on both IoT-based
evaluation sets had lower error rates than the Hanna sensor-based model. This difference might be due to
their measurement methods: IoT sensors measure directly from the surface soil, while the Hanna sensor
only reads from soil pore water.

Comparing SVM and RF, SVM consistently outperformed with the lowest MAE for both sets. More-
over, SVM showed greater stability, having the narrowest 90% CI width for MAE in both sets. Interestingly,
models trained on the evaluation set #1 had slightly better accuracy in error estimates and R2. Among
the IoT soil sensors, all the models trained on the evaluation set #1 performed slightly better than the
models on the evaluation set #2. This difference is highlighted by distinct CIs for both MAE and R2.
However, please note that, due to the sensitivity of our ML models to the specific training-testing data
splits, further testing is required to make more reliable conclusions about sensor set performance. This
sensitivity prompted our choice of leave-one-out cross-validation to reduce the bias of dataset splits, but
some bias inevitably remained. Moreover, the potential impact of extended use on the IoT soil sensor
performance remains an open question.

5.5 Chapter Summary
Coastal wetlands are invaluable carbon repositories. However, monitoring and collecting data from such
regions has historically been labor-intensive and time-consuming. IoT-based systems present a promising
solution, but two primary challenges arise: 1) ensuring a continuous energy supply for long-term IoT
operation and 2) selecting precise soil sensors to accurately determine essential metrics like soil bulk density
and organic carbon.

This study addressed the first challenge by developing a novel energy management mechanism de-
signed explicitly for solar-powered IoT systems. This mechanism does not rely on accessing online weather
services. Instead, it employs LSTM and statistical methods to predict changes in critical weather param-
eters, such as GHI, SZA, and temperature. These predictions enable accurate DC power gain forecasts.
With these predictions, our energy management mechanism can dynamically allocate power to the sensors
based on their importance, thereby enabling the long-term sensing operation of the system.

For the second challenge, we thoroughly evaluated various low-cost soil sensors. The objective was to
evaluate their potential in estimating complex soil health indicators, specifically bulk density, a metric usu-
ally determined through time-intensive lab tests. By harnessing field metrics like ORP, EC, temperature,
and pH, we tested the performance of various ML models to estimate this bulk density. Our preliminary
results confirm the need for extended testing to ensure accuracy. However, promisingly, our ML models
trained on data from these low-cost sensors outperformed those based on the high-end Hanna sensors.

In the future, we aim to deploy our IoT soil system for long-term soil monitoring and enhance our
energy management mechanism by considering both sensor data quality and in situ analytics. Additionally,
we will refine and extend our ML models to achieve more accurate inferences of key soil metrics, including
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both bulk density and SOC. Ultimately, our goal is to provide a non-invasive and cost-effective solution
for monitoring critical, yet challenging-to-study, ecosystems like coastal wetlands.
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Chapter 6

Future Directions and
Conclusions

This chapter delves into potential future research directions and presents the conclusions derived from
this dissertation.

6.1 Future Research Considerations
This dissertation sets the stage for real-world deployment and comprehensive validation of IoT-edge sys-
tems. There are two future directions for this work.

The first future direction involves exploring the extensive impact of environmental factors on the
performance of edge devices when deploying AI applications. Environmental factors such as temperature,
humidity, dust, air pressure, X-ray radiation, and exposure to various weather elements can significantly
influence the reliability and efficiency of hardware used in edge computing. For instance, extreme tem-
peratures might induce thermal throttling in processors, directly reducing the operational speed of AI
tasks, while high humidity levels can lead to corrosion or electrical shorts in circuitry, causing system
malfunctions. Additionally, the presence of dust and particulate matter can obstruct cooling mecha-
nisms, further degrading device performance. Understanding how these and other environmental factors,
like salt air in coastal areas or vibration in industrial settings, affect edge device performance could lead
to the development of more resilient systems. These systems would not only maintain high efficiency
and reliability under diverse environmental stresses but also adapt in real-time to optimize performance
and longevity. This research would be important in ensuring that edge computing devices can robustly
support AI applications across a wide range of challenging and variable environments.

The second future direction for enhancing edge computing performance includes two approaches that
aim to expand the computational capabilities of edge devices for processing heavy deep learning models.
The first approach involves creating and optimizing clusters of edge devices. By interconnecting multiple
edge devices into an edge cluster, computational tasks can be distributed across the network, significantly
increasing the overall processing power available for complex AI computations. This distributed pro-
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cessing framework not only improves the computational throughput but also enhances system resilience
and fault tolerance, making it particularly valuable in scenarios where quality of service is critical. More-
over, this setup can dynamically allocate resources based on workload demands, ensuring optimal use of
computational resources.

The second approach focuses on the optimization of various advanced model compression techniques
to reduce the size and computational requirements of deep learning models. Techniques such as quan-
tization, which reduces the precision of the numbers used in computations; pruning, which eliminates
unnecessary information in the neural network; and knowledge distillation, where a smaller model is
trained to replicate the performance of a larger one, are critical in making it feasible to run large AI models
on resource-constrained edge devices. These methods help in creating a balance between performance
and computational efficiency, minimizing memory usage and enhancing the speed of model inference.

Incorporating these techniques can significantly transform edge computing into a robust platform
capable of executing more complex AI tasks directly at the data source. This not only reduces the latency
associated with data transmission to centralized cloud servers but also improves data privacy by processing
sensitive information locally. As edge computing continues to evolve, these advanced approaches will
enable a wide range of applications, from autonomous vehicles and smart cities to IoT in industrial settings,
to leverage the full potential of AI without the traditional constraints imposed by limited edge resources.
These future directions will pave the way for broader and more effective deployment of AI capabilities in
edge computing environments, pushing the boundaries of what these technologies can achieve.

6.2 Conclusions
This dissertation consolidates findings across three areas: energy management for IoT-edge systems, op-
timization of DL performance on edge computing devices, and the deployment of IoT-edge systems for
environmental sensing.

An advanced energy scheduler is designed for environments lacking access to weather information
networks. Utilizing a combination of deep learning and statistical time-series methods, DynaES accu-
rately predicts energy gains from solar inputs and dynamically allocates energy based on sensor priority,
enhancing operational frequency and extending battery life. The integration of these forecasts allows for
efficient scheduling of energy distributions, ensuring that the IoT-edge systems can operate longer and
more reliably without needing constant recharging.

In edge computing, this work explored the enhancement of DL inference throughput on resource-
constrained devices through innovative system approaches such as AI multi-tenancy (CME and DMP)
and batching. These strategies have shown substantial improvements in handling parallel processing
tasks on GPUs and EdgeTPUs. However, the research also highlighted the limits of scaling such methods,
including memory bottlenecks and inefficiencies in USB bandwidth, which restrict the performance gains
from multi-tenancy.

For the environmental monitoring of coastal wetlands, this dissertation evaluated multiple low-cost
soil sensors to determine key soil health indicators. This approach addressed the challenge of the accuracy

82



of soil metrics like bulk density, traditionally assessed through labor-intensive lab tests. The study’s find-
ings advocate for further testing and refinement of machine learning models to enhance the predictive
accuracy of soil health indicators based on data from these sensors.

This dissertation represents a pioneering effort in optimizing in situ IoT-edge sensing systems, fo-
cusing on enhancing their energy efficiency, deployment flexibility, and AI performance. By addressing
key challenges in sensing systems, this research holds immense potential to improve sustainability, perfor-
mance, and deployability in diverse environments, ranging from the challenging conditions of wetlands
and forests to the controlled settings of farms and greenhouses.
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