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Edge devices are often deployed at scale, yet their environmental ‘;/ 5 i ié [ Contexts ] [Constraints ]
impact, shaped by complex interactions between hardware choices, § 5 ™
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across diverse conditions. Our results show that the most energy-
efficient processor is not always the most sustainable, and that am-
bient energy availability, inference rate, and deployment lifetime
can shift the carbon-optimal design by over an order of magnitude.
Through a real vision-based visitor detection and counting deploy-
ment in New York City parks, we demonstrate that heterogeneous,
location-aware designs reduce total emissions by 47.72% compared
to a homogeneous baseline.
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Figure 1: Left: Energy efficiency alone does not determine car-
bon emissions under solar harvesting, as shown by running
keyword spotting at 1 IPS under 900 W/m? solar condition
on two systems built using different MCUs. The total car-
bon emissions here includes not just the MCU used but also
energy harvesting devices and other necessary peripherals
components. Right: MicroGreen incorporates ambient energy,
usage frequency and deployment factors to estimate carbon
across scenarios.

1 Introduction

Increasingly prevalent edge devices already play a crucial role
across diverse applications, from air quality monitoring [24] and en-
vironmental sensing [4] to personal health tracking via wearables
and smartphones [13], spanning the broader Internet of Things
(IoT) ecosystem. Despite their myriad applications, edge devices
incur high environmental costs. Embedded and mobile systems
contribute nearly one third of the ICT footprint, which itself ac-
counts for roughly 4% of global carbon emissions, on par with the
aviation industry [32, 39]. While sustainable computing research
has largely focused on data centers and Al models [2, 39, 58, 62], the
high environmental impact of edge devices remains significantly
understudied.

To ensure the sustainability of the IoT ecosystem, we must con-
sider and optimize the lifecycle carbon footprint of IoT systems. Life
cycle carbon emissions include two key components — (1) embodied
carbon, which refers to emissions resulting from the manufacturing
of their components, such as PCBs, processors, sensors, and batter-
ies, and (2) operational carbon, which encompasses emissions asso-
ciated with powering, recharging the workload over time [38, 39].

Unlike energy-intensive datacenters [38, 39], edge devices use
low-power microcontrollers[5, 35], domain-specific accelerators [12,
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97], and efficient inference pipelines[22, 28, 81] to minimize run-
time energy [6, 26, 98] The carbon emissions edge systems produce
during operation do not dominate the total lifecycle emissions. Em-
bodied carbon accounts for nearly 75% of the overall environmental
impact of edge devices [39]. Additionally, embodied and operational
carbon cannot be evaluated independently for embedded devices;
compute, sensing, storage and power must be co-provisioned based
on application demands and environmental conditions. Small dif-
ferences in deployment context can shift optimal configurations
and dramatically change total carbon impact (up to 47.72% in our
case study). Energy-efficient MCUs can reduce operational energy
but increase embodied carbon. As shown in Figure 1, the NXP
RT1176+TPU is more energy efficient than the RP2350, yet it has
higher total carbon emissions due to greater embodied carbon.
Component-level life cycle assessment (LCA) [33, 78, 104] and run-
time energy optimization [5, 6, 80] cannot capture these intercon-
nected tradeofts.

Despite the importance of design-time trade-offs, tools remain
fragmented. LCA tools [43, 63, 72, 74, 104] provide coarse assess-
ments and do not account for workload-dependent behavior or
environmental variability. Power-management [44] and energy-
harvesting tools [5, 6, 35, 71, 98] focus on runtime energy and
ignore manufacturing emissions. No existing approach jointly mod-
els compute, sensing, storage, and power choices with application
requirements and spatio-temporal environmental conditions. De-
signers lack a systematic method to explore how device architec-
ture, workload, and deployment site collectively shape lifecycle
emissions. The combinatorial and contextual nature of these inter-
actions, demonstrated in Figure 2, makes manual design exploration
error-prone and impractical.

We propose MicroGreen, a design space exploration framework
for sustainable edge devices. MicroGreen integrates embodied-carbon
modeling, workload characterization, and environment-dependent
operational analysis to guide carbon-aware hardware and system
design decisions. It incorporates parametric embodied-carbon mod-
els for MCUs, sensors, regulators, storage, batteries, capacitors,
and solar panels, leveraging LCA databases [38, 55, 104]. Using
these models, MicroGreen takes as input application requirements
(e.g., workload, duty cycle, deployment lifetime) and environmental
traces (e.g., solar availability) and identifies carbon-optimal config-
urations. We empirically characterize a repository of MCUs under
diverse workloads, integrate peripheral and power-source options,
and generate Pareto-optimal designs to illustrate trade-offs between
carbon footprint, performance, and cost. We have open-sourced
the MicroGreen framework, as well as the carbon modeling and
profiling tools on github?!, supporting robust and sustainable edge
ML system design.

The core contributions of this paper are listed below:

e We propose MicroGreen, a design space exploration framework
with a component-level carbon model that enables carbon-aware
design decisions for IoT devices. MicroGreen’s rapid design space
exploration allows developers to tailor devices to individual envi-
ronmental conditions and use cases with sustainability in mind.

Uhttps://github.com/S4AI-CornellTech/MicroGreen
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Figure 2: Key factors influencing lifecycle carbon emissions
of IoT devices.

o Using MicroGreen we show ambient energy availability, device
lifetime, inference frequency (e.g., duty cycle), and power-system
choice all impact the carbon-optimal design.

e We demonstrate our framework by designing heterogeneous visi-
tor counters for multiple entrance locations in Central Park, each
with different light availability and visitor flow. This approach
reduces carbon emissions by up to 47.72% compared to a standard
homogeneous baseline.

2 Background & Related Work

Edge deployments involve many distributed devices operating con-
tinuously under strict energy constraints. Previous research [48,
53, 54] has focused on optimizing energy efficiency. Real-world
deployments operate under variable conditions: fluctuating power,
environmental unpredictability, and diverse operational constraints.
Field studies show that shading, weather, link instability, and main-
tenance significantly impact performance and lifetime [5, 23, 35,
92, 100]. Deployment-dependent dynamics affect both system re-
liability and environmental impact. Although energy efficiency is
essential for operating under these constraints, it does not guaran-
tee sustainability; the two are fundamentally distinct.

2.1 Sustainability of IoT Systems

Manufacturing edge devices requires resource-intensive processes.
Semiconductor production depletes aquifers through ultrapure wa-
ter consumption and damages ecosystems through critical material
extraction [89]. This work focuses on carbon sustainability, quanti-
fied using Global Warming Potential, measured in CO,-equivalent
units or COzeq.

Carbon emissions (COzeq) can be categorized into two types:
operational and embodied. Although edge device consume only
small amounts of power (e.g., milliwatts for embedded devices),
the embodied carbon footprint incurs high COzeq. Crucially, while
improving energy efficiency reduces operational energy use, it does
not address the significantly larger embodied emissions linked to
the hardware itself.

We evaluate all systems cradle-to-gate, focusing on the sustain-
ability obligations which designers and manufacturers have the
most control. Unlike datacenters, which have well-studied sec-
ondary markets and end-of-life procedures [93], the full lifecycle of
edge devices is difficult to evaluate comprehensively. While recent
work has explored reuse [64, 82, 95] and cradle-to-grave environ-
mental costs [72], the distributed and heterogeneous deployment
of edge devices limits the generalizability of device use and full
lifecyle assessments [14].
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2.2 Carbon Modeling and Lifecycle Assessment

Prior research on carbon modeling has examined emissions across
multiple layers of the computing stack. Works, such as ACT [38],
Chasing Carbon [39] and Bashir et al. [8], show that embodied
emissions from manufacturing and infrastructure dominate the
lifecycle footprint of modern compute platforms. System-level as-
sessments [49, 77], , including SCARIF [49] and Google’s TPU Life-
cycle Analysis [77] and many others [57, 60, 102], demonstrate how
larger dies, expanded memory hierarchies, and heterogeneous in-
tegration increase lifecycle emissions. For edge devices, embodied
carbon from production typically dominates total lifecycle emis-
sions [36, 39, 104].

Device carbon costs are evaluated through lifecycle assessment
(LCA) following ISO 14040, ISO 14044, and ITUL.1410 [31, 45, 46].
For each component, a LCA quantifies energy consumption, mate-
rial usage, and production yield during manufacturing. Recent work
has applied LCA analysis to device-specific emerging technologies
such as FEFET eNVMs [94] and photonic chips [30]. However, emis-
sions factors must be mapped from LCA databases with limited
data availability [9], and LCAs typically occur late in the design
process when changes are costly.

Bottom-up assessments [73, 75] reveal substantial variability in
IoT footprints due to component selection, battery maintenance,
and database uncertainties. Component-specific studies of sen-
sors [69], processors [11, 38, 49], memory [83, 91], and capaci-
tors [78] provide finer-grained emissions insights. Product-level
disclosures such as Fairphone [25] offer practical baselines, while
DeltaL.CA [104] enables comparative trade-off analysis without
absolute values that can be operationalized at design time.

However, existing approaches lack a unified view that jointly
considers hardware selection, workload behavior, deployment con-
ditions, and energy availability. IoT systems are often deployed as
networked fleets where deployment context, such as irradiance lev-
els and operational patterns, significantly impacts carbon footprint.
Our work enables customizing device configurations for specific
locations and applications rather than using standardized designs
across heterogeneous deployments.

2.3 Carbon-Aware System Design and
Optimization

Mobile and networked edge devices are widely integrated across
diverse environments: offices use motion sensors for energy man-
agement [18], municipalities deploy vehicle counting cameras [47],
and wearables perform real-time health monitoring using on-device
ML [16]. IoT systems span agriculture [87], manufacturing [96],
healthcare [52], and environmental monitoring [65], with hard-
ware ranging from lightweight MCUs to embedded GPUs, ASICs,
and FPGAs [40, 51, 67].

Commercial-off-the-shelf (COTS) platforms enable rapid design
iteration while leveraging established hardware and software ecosys-
tems [66]. We categorize edge system built using COTS microcon-
trollers into four key subsystems:

e Power: Energy harvesters (solar panels, thermoelectric genera-
tors) and storage (supercapacitors, batteries).

e Sensors: Accelerometers, microphones, and cameras with vary-
ing complexity, resolution, and carbon footprints.
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e Processing: Microprocessors, sometimes supplemented by Al
accelerators for ML workloads, plus volatile (RAM) and non-
volatile (flash, EEPROM) memory.

o Networking: Wireless protocols (WiFi, Bluetooth, BLE, LoRa,
LTE/5G) requiring specialized radio ICs and antennas.

Design choices made for one subsystem constrain choices made
in the others. More powerful MCUs require more power generation
and storage, higher frequency sensing requires processing and
networking systems capable of transforming and sending that data.

Prior work has explored carbon- and energy-aware optimization
for these systems. Carbon-aware schedulers such as GreenScale [79]
and CASPER [80] adjust execution based on spatial and temporal
variation in carbon intensity across mobile, edge, and cloud re-
sources. Complementary work by Desai et al. [43] illustrates how
sensing, communication, and cloud analytics jointly influence sys-
tem carbon impact. Batteryless and energy-harvested computing
systems such as REHASH [6] and Amulet [44] provide adaptive
runtime support for intermittent devices or long-lived sensing de-
vices. CO2CoDe [71] demonstrates how hardware choices, such as
capacitor type, can directly influence embodied carbon.

These approaches primarily optimize at execution time and treat
deployment conditions, lifecycle modeling, and energy-aware exe-
cution as separate concerns. In contrast, our work provides a unified
design-time framework that jointly considers hardware selection,
embodied costs, workload requirements, deployment environments,
and energy availability. By co-optimizing across these dimensions,
we reveal carbon trade-offs that existing LCA tools and runtime
optimizers cannot capture, enabling heterogeneous deployments
where devices are customized for specific locations and conditions
rather than standardized across a fleet.

3 Embodied Carbon Modeling

As mentioned in background, modeling embodied carbon emis-
sions at the component level is key to supporting carbon-aware
design decisions for edge devices, particularly given the diversity
of components used across platforms. Thus, to understand the en-
vironmental footprint of edge devices and enable carbon-aware
system design, we decompose each subsystem into its fundamental
electronic components, for example integrated circuits, resistors,
batteries, and auxiliary parts such as connectors. This section ex-
plains how MicroGreen quantifies the embodied carbon of edge
devices by modeling emissions across basic electronic components.

To illustrate the modeling results, Table 1 reports the embodied
emissions of minimal implementation boards for eight example
COTS processors. For each device, we extract the full Bill of Mate-
rials (BoM) from schematics or publicly available documentation,
categorize every component on the board, and compute embodied
carbon using process-specific literature or emissions factors from
industrial life-cycle databases.

3.1 Integrated Circuits

Given their complexity and manufacturing cost, integrated circuits
(as shown in Figure 3) typically account for a significant portion
of edge device’s embodied carbon. For the purposes of this work,
integrated circuits span system-on-chips and MCU’s, memories
devices, and CMOS image sensors.
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Table 1: List of microcontrollers used in the experiment with processor information, carbon emission and cost.

ML

Board CPU Accelerator RAM Flash  Framework kg CO; eq Cost ($)
Coral Dev NXP i.MX RT1176 MCU G ]
Bga? | Meicm Cortex-M7 @ 800 MHz EgofTePU 64MB 128 MB  FreeRTOS 1.14 £0.1151  79.99
Cortex-M4 @ 400 MHz &
Adafruit Feather Nordic nRF52840 .
nRF52840 Express Cortex-M4F @ 64 MHz N/A 256 KB 1 MB Arduino 0.18 £ 0.0307 24.95
. RP2040 Dual-core .
Raspberry Pi Pico Cortex-M0+@ 133 MHz N/A 264KB 2MB Pico SDK 0.32 £ 0.0066 4.00
. RP2350 Dual-core .
Raspberry Pi Pico 2 Cortex-M33@ 150 MHz N/A 520 KB 4 MB Pico SDK 0.39 +£0.0129 7.00
Dual-core Xtensa LX6
ESP32 @ up to 240 MHz N/A 520 KB 4 MB ESP-IDF 0.21 £ 0.0206 8.00
Single-core RISC-V
ESP32-Cé6 @ up to 160 MHz N/A 512KB 4 MB ESP-IDF 0.20 £ 0.0165 14.95
Dual-core Xtensa LX7
ESP32-S3 @ up to 240 MHz N/A 512KB 8 MB ESP-IDF 0.26 + 0.0323 17.5
STM32F411 ARM Cortex-M4F
BlackPill @ 100 MHz N/A 128 KB 512KB STM32Cube 0.45 £ 0.0233 16.5

System-on-Chip (SoC) and Microcontroller Units. We esti-
mate the embodied carbon of each SoC following the methodology
in ACT [38], an widely used, open-source tool in the computer
architecture and systems community to quantify the embodied
emissions of SoC’s [2, 42, 58, 88]. ACT models emissions as the
product of two main parameters: die area and carbon intensity
per unit area. Die areas when not directly accessible, are inferred
from package-to-die ratios from DeltaLCA [104] and empirical
relations in prior studies [56]. Carbon intensity depends on the
semiconductor technology node and fabrication region, with values
derived from ACT [38], iMec’s device characterization [10, 34] and
the Life-Cycle Assessment of Semiconductors [11]. While carbon
accounting for integrated circuit can faces a lot of uncertainties
due to manufacturing time and location, we include the potential
uncertainty range of SoC accounting based on CarbonClarity [15]
in Table 1.

Memory Devices. For DRAM, SRAM, and NAND flash, we esti-
mate embodied carbon based on memory density and fabrication
technology using published characterizations of semiconductor
memory manufacturing [38, 83, 91].

CMOS Image Sensors. The embodied carbon of CMOS image sen-
sors is influenced by pixel size, resolution, and technology node. We
estimate sensor area using pixel-array dimension with an additional
0.3 mm margin for interconnects [69]. When datasheets omit the
technology node, we approximate it using a pixel-pitch-to-node
ratio of 20:1 [85].

3.2 Peripheral Components

Capacitors, Resistors, and Inductors We estimate the embodied
carbon of passive components using a combination of package-
based and weight-based methods. When available, package-resolved
data from DeltaLCA [104] is used directly. When capacitor package
information goes beyond the coverage of DeltaLCA, we apply emis-
sion factors from prior studies specific to capacitor chemistries [71,

78, 99]. For resistors and inductors not covered by package-specific
datasets, we use generic emission factors from Ecolnvent [33].
Printed Circuit Boards (PCBs) Printed circuit boards serve as the
structural and electrical foundation of embedded systems. We esti-
mate PCB embodied carbon using an emission factor of 0.006125 g
COze per mm? per 1 mm-thick layer, based on established PCB
LCAs [29, 61, 104]. The total emissions scale with board area and
layer count, which are obtained from schematics and vendor docu-
mentation.

Connectors, Switches, and Other Components Several common
board components lack detailed peer-reviewed LCA documents and
reports, including connectors, diodes, transistors, switches, ther-
mistors, ferrite beads, timing devices, and microphones. For those
component categories, we use emissions factors from industrial
LCA databases Ecolnvent v3.11 [33].

3.3 Power Systems

For the carbon emissions of batteries, we use an embodied footprint
of 0.107 kg COze per AA alkaline cell [41], and 21.8 kg COze per
kilogram of rechargeable Li-ion battery mass, based on Ecolnvent
data [33]. For solar panels, we adopt the Ecolnvent value of 122 kg
COge per square meter for crystalline silicon photovoltaic panels.

3.4 MCU LCA Results and Discussion

Table 1 documents the absolute embodied carbon emission for 8
example COTS devices. The absolute emissions vary from 0.18 kg
COge to 1.14 kg CO,e for the Adafruit Feather nRF52840 and Coral
Dev Board micro, respectively. Despite this nearly 6.3x variation
in embodied carbon the cost difference between the two devices is
3.2%, highlighting the distinct range difference between cost and
embodied carbon.

Figure 3 shows a breakdown by component category for each of
the 8 COTS devices. Generally, integrated circuits (e.g., SoCs, mem-
ory, and coprocessors) are the dominant contributors for over 42.1%
of emissions for all the devices and up to 77.6% of emissions for the
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Figure 3: The carbon breakdown of various components in
the minimal implementation of the processors we examined.
Integrated circuit is the number one carbon emission con-
tributor.

higher compute intensity Coral Dev Board Micro (RT1176 w/TPU).
The high embodied carbon intensity of IC’s reflects the the high
energy intensity and material use of semiconductor fabrication [38].
For compute-lean microcontroller boards such as the STM32F411FE
and nRF52840, auxiliary components such as switches and timing
devices (Others) can contribute a notable share, up to around 40%,
of the total footprint because of their relative size and mass on
the board. The following section proposes a framework that uses
the embodied carbon models to co-optimize carbon emissions of
devices based on not only their fixed design time costs but also
operational characteristics.

4 MicroGreen Design Framework

Designing sustainable edge systems involves navigating a large
design space that spans application requirements, environmental
conditions, and power system constraints. As shown in Figure 4,
MicroGreen enables designers to consider tradeoffs between perfor-
mance, carbon, and cost when designing edge devices. MicroGreen
implements three main phases. First, given example workloads and
available hardware components (e.g., MCU’s, power sub-system,
sensors) we conduct offline profiling to produce performance, en-
ergy, and carbon databases. Second, based on target workflows,
power modes, deployment time and locations, MicroGreen con-
ducts carbon-aware design-space exploration and produces a list of
Pareto-optimal devices. Finally, designers can design purpose-built
heterogeneous platforms to minimize environmental impacts and
costs of edge device deployments. This section details each of these
three key phases below.

4.1 Offline Profiling and Database Construction

MicroGreen begins with detailed offline profiling to construct per-
component databases used during design-time exploration. For
MCUs and COTS processors, we measure performance, power,
and energy for representative ML workloads (e.g., keyword spot-
ting [7, 84]) across diverse embedded hardware, forming the core
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characterization database in MicroGreen. We also build databases
for power subsystems (solar panels, capacitors, batteries), wireless
modules (BLE, WiFi), and sensors. Power components are char-
acterized by material type, size (e.g., panel area, battery capacity,
capacitor charge), and recharge or recovery time. Wireless modules
capture communication range, connection latency, energy per trans-
mission, and throughput, while sensors include pixel dimensions
and physical footprint. These properties, along with embodied car-
bon modeling, enable mix-and-match evaluation of heterogeneous
device designs and support carbon-aware design space exploration
within MicroGreen.

To populate characterization databases, we collect fine-grained
power measurements using a Nordic Power Profiler Kit II [68], iso-
lating MCU and accelerator power by supplying a regulated 3.3V
directly to the MCU rails. For each MCU, we record startup behav-
ior, a loop of 10 inferences, and entry into the deepest available
sleep state. Networking measurements similarly capture BLE and
WiFi power for connection establishment and data transmission,
using 244-byte BLE packets at 33ms intervals over a 0.5m link and
1460-byte WiFi packets sent to a router 4m away. Throughput and
success rates are logged to compute energy-per-bit across platforms.
These profiling results form the component databases that underpin
MicroGreen’s carbon-aware design space exploration.

4.2 Carbon-aware Design Space Exploration

In step two, MicroGreen uses the inputs shown in yellow in Fig-
ure 4—the application workflow, deployment duration, deployment
location, and power mode—to generate Pareto-optimal device con-
figurations. The inputs configurations are used to filter viable device
components (e.g., MCU’s, sensors, power systems, wireless mod-
ules) based on the offline component databases. Each of the four
inputs influences the design space exploration is distinct ways:
Workflow. The workflow specifies the ML models and operations
to be executed and their invocation frequency. Figure 4 shows an
example keyword spotting model running once every second and
wirelessly transmitting results when keyword is spotted. Workflow
specifications determine the space of feasible sensors, processors,
and wireless modules. For instance, a vision-based workflow re-
quires selecting a camera with adequate resolution, a wireless mod-
ule with appropriate range, and processors capable of sustaining
the desired frame rate.

Deployment Location. Deployment location dictates both the
energy available for harvesting and the frequency of events the
system must process. Solar irradiance varies by time of day, season,
and geography, while event arrival rates influence processor usage
and wireless transmission frequency. Based on the specified loca-
tion, the framework simulates both solar energy traces and event
arrival patterns to approximate real deployment conditions and
estimate harvesting capability and expected energy demand.
Power Mode. We provide three power modes: solar harvesting only,
battery only, and hybrid. Power mode selection matters because
some deployments occur in locations where human maintenance is
infeasible. A design that relies exclusively on battery replacement
or recharging may therefore be unsuitable. Solar harvesting mode
assumes energy is captured through a solar panel, stored in capaci-
tors, and used to power the compute system. Different capacitor
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Figure 4: Overview of the MicroGreen framework. The system takes application requirements—including workload charac-
teristics and deployment duration—and combines them with environmental factors such as deployment location and target
power mode. It then selects compatible processors, sensors, wireless modules, and power systems, and evaluates each candidate
design using a carbon modeling database. The evaluation reports estimated carbon emissions, monetary cost, and accuracy,

enabling identification of Pareto-optimal configurations.

types provide different carbon footprints emission factor, and degra-
dation patterns. Solar panel size also influences harvestable energy;
we focus on crystalline silicon panels because they are the most
common in IoT applications [3]. Battery powered mode draws all
inference energy from batteries, either single-use or rechargeable.
Maintenance is assumed to be available for battery replacement
or charging. For rechargeable batteries, we assume the carbon in-
tensity of electricity follows the US grid mix at 380 g CO,e per
kWh [38]. Hybrid mode allows users to specify a solar panel size for
harvesting, with the system automatically falling back to battery
power when solar energy is insufficient.

Deployment Time. Deployment duration affects sustainability in
two primary ways. First, it determines total lifetime energy con-
sumption, which affects the number of batteries or recharge cycles
required. Second, it interacts with component degradation, which
is particularly significant for capacitors. Most components are de-
signed for three to five years of typical IoT lifetime, so degradation
is negligible in many cases. Capacitors are an exception. Frequent
charging and discharging under energy harvesting can noticeably
reduce effective capacitance. Studies show that, under realistic har-
vesting conditions with a power failure frequency of 0.3 Hz [17, 76],
supercapacitors may lose more than ten percent of their capacitance
within a few days [17]. MicroGreen assess carbon footprint over
device lifetimes by capturing both recoverable and non recoverable
degradation mechanisms. Although supercapacitors can recover
their nominal capacitance after a rest period [17, 76], other capaci-
tor types such as ceramic MLCCs cannot, and must be replaced once
degraded. For this study, we assume supercapacitors degrade by ten
percent every one hundred fifty thousand power cycles, consistent
with the five-day cycle observed in prior studies, and to recover
after a two hour rest period. MLCCs are treated as non-recovering
components with a degradation horizon of one month, consistent
with prior characterizations [17].

For each candidate device, based on filtered device components,
the framework reports total carbon emissions, monetary cost, ac-
curacy, and performance or energy traces when needed. Designers
can evaluate designs through Pareto optimal analysis across carbon
emissions, cost, and accuracy to select the design best suited to
their application.

4.3 Heterogeneous Device Deployments

Given the Pareto analysis based on the deployment-aware design
space exploration, the final step in MicroGreen is enabling heteroge-
neous device deployments. When deploying a network of sensing
nodes or edge devices, designers typically build devices with a sin-
gle homogeneous configuration. Rather than deploying uniform
devices, MicroGreen enables designers to construct heterogeneous
edge device systems tailored to diverse constraints. Each device
can be optimized for its available harvesting potential, and perfor-
mance requirements, allowing practical per-device co-design for
sustainable IoT deployments. Specifically, MicroGreen proposes de-
ploying devices with the minimum carbon footprint that meet the
application requirements (e.g., frame rate or duty cycle, accuracy).
A use case of this heterogeneous system design is presented and
evaluated in Section 6.

5 Evaluation

We evaluate MicroGreen by estimating the total carbon emissions of
edge systems configured with different processors under varying
light conditions, workloads, inference-per-second (IPS) targets, and
power modes. Our goal is to identify design choices that minimize
overall carbon footprint across diverse deployment scenarios. We
begin by presenting our offline profiling results for the selected pro-
cessors and ML workloads, then analyze high-level carbon trends
under hybrid power to illustrate how irradiance and workload de-
mands impact the carbon-optimal choice in processor. Finally, we
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Figure 5: Runtime per inference and energy per inference for all processors running all workloads we characterized.
Table 2: Inference workloads used in our experiments, in- Figure 5 orders processors by embodied carbon from low to
cluding person presence detection small (PPD-S) and large high (left to right) and highlights how runtime and energy per
(PPD-L) and keyword spotting models—small (KWS-S) and inference vary substantially across workloads. Performance and
large (KWS-L) and person detection . energy efficiency are not monotonic with respect to carbon foot-
Workload Dataset Model Size print: lower-carbon processors do not always deliver slower latency
or higher energy, and this pattern holds across all workloads. For
KWS-S [84] Speech CNN 117KB example, the Coral Dev Board Micro is up to 3.38X-186.6X more
Commands [90] energy efficient than other devices for KWS-L, but it carries a signif-
KWS-L [7] Speech DS-CNN 384 KB icantly higher embodied carbon cost (Table 1), which underscores
Commands [90] that sustainability depends on more than raw energy efficiency
PPD-S [84] VWW [59] MobileNet  294KB alone.
PPD-L [7] VWW [59] MobileNet 325KB
PD-MbV2 [20] COCO [19] MobileNetV2 6.7 MB
PD-YOLO [50] WiderPerson [101] YOLOv38 3.3MB
provide detailed carbon breakdowns across components, compare 5.2 Overall Carbon Trends
solar- and battery-powered deployments, and examine how de- We first evaluate how irradiance and workflow requirements (IPS)
ployment lifetime affects total emissions across solar, battery, and influence total carbon emissions in hybrid-powered deployments,
hybrid systems. The evaluation highlights the need for MicroGreen— where systems use both a battery and solar harvester with the solar-
a sustainability-aware IoT design space exploration framework. panel area capped at 611 cm? [3]. Figure 6 presents the ranking of

total carbon emissions for systems built around different processors,
evaluated across a range of IPS values and three irradiance levels. A
lower rank indicates lower total emissions, with Rank 1 representing

5.1 Offline Profiling Results

Table 1 lists the boards used in our study. We select MCUs that the most carbon-efficient design.
span a range of cost, architectures, and performance levels and The results demonstrate that the optimal design varies signifi-
are designed for wireless or mobile computing. The ML workloads cantly with both the workload and environmental conditions. We
in Table 2 represent established edge benchmarks [7, 20, 50, 84], derive several key insights from our framework based on the proces-
covering models from 117 KB to 6.7 MB—the upper bounds of what sors and workloads evaluated. First, light availability significantly
our devices can deploy. influences the relative carbon efficiency of different processors. Pro-
For each workload, we measure inference latency and energy cessors that trade off energy efficiency for lower embodied carbon
across all boards, as shown in Figure 5. The two largest models, benefit in high-irradiance scenarios, as greater solar input compen-
PD-MbV2 and PD-YOLO, run only on the Coral Dev Board Micro sates for their higher operational energy demands, such as RP2040
due to flash constraints. PPD-S does not compile for the Coral’s for KWS-S in Figure 6.
Edge TPU and is therefore executed on its CPU. Model accuracy Second, the computational capability of each processor con-
values were obtained from the MLPerf Tiny [7] and Tensorflow strains the achievable inference rate. Due to differences in process-
Lite [84] benchmark’s respectively. Once weights are compiled for ing time per inference, only more compute-intensive processors
Tensorflow Lite, inference runs single-threaded and sequentially, can sustain higher inference-per-second (IPS) targets. For instance,
operate deterministically. Accuracy rates from the test set should for PPD-L, only the NXP RT1176 paired with the Edge TPU is able

not vary when compiled for a specific microcontroller. to achieve inference rates beyond 11 IPS.
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Figure 6: Total carbon emissions of edge systems designed with specific processors, ranked across varying inference-per-second
(IPS) settings under three irradiance levels (Rank 1 = lowest carbon emission = best). Carbon emissions are computed under a
hybrid power mode, with the solar-panel area capped at 611 cm? [3]. Results show that the carbon-optimal processor varies with
irradiance, and achievable IPS is limited by each device’s per-inference processing time, rendering some processors infeasible
at higher IPS targets.
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Figure 7: Energy-efficiency ranking of different microcontroller units (MCUs) across varying inference-per-second (IPS) rates
under distinct workload profiles. The processor configuration that is optimal with respect to energy consumption does not
necessarily coincide with the configuration that minimizes carbon emissions, as illustrated in Figure 6. IPS and ambient energy
availability can differentially influence the total carbon footprint of the system in ways that extend beyond what is captured

by energy-efficiency metrics alone.

Third, the presence of an Edge TPU accelerator introduces a
substantial tradeoffs in performance and carbon-efficiency. In the
PPD-S scenario, the model cannot be compiled for the Edge TPU,
and therefore runs solely on the NXP RT1176 CPU, making it less
competitive than the ESP32-S3. In contrast, PPD-L, which can be
offloaded to the Edge TPU on the Coral Dev Board Micro, bene-
fits from substantial acceleration and improved energy efficiency.
However, the sustainability gains of using the accelerator only ma-
terialize under high inference rates or low-to-medium irradiance

levels, where its high energy efficiency offsets its much larger em-
bodied carbon cost (Table 1). This highlights a key trade-off: while
the accelerator delivers clear performance and energy advantages,
its sustainability benefits depend on deployment conditions rather
than being universally dominant.

Last but not the least, we compare the carbon-emission-optimal
configurations in Figure 6 against the energy-efficiency-optimal
configurations in Figure 7 to demonstrate that systems built with
the most energy-efficient processors do not necessarily yield the
lowest carbon emissions. For example, under the KWS-S workload,
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Figure 8: Carbon emissions of different boards operating
under various light conditions for solar-harvesting-only de-
ployments running KWS-L at 1 inference per second. The
number on the bars represent the size the solar pannel needed

in cm?.

the most energy-efficient solution, NXPRT1176 with EdgeTPU, is
carbon-optimal only in dim lighting conditions above 9 IPS, whereas
the third most energy-efficient solution, RP2040, is the carbon-
optimal choice under bright light conditions at below 13 IPS. These
results highlight that carbon emissions must be evaluated more
holistically, accounting for deployment environment (e.g., ambient
energy availability) and application requirements (e.g., duty cycle).

In the following evaluation section, we provide a detailed break-
down of embodied carbon to further analyze these observations
illustrated in Figure 6.

5.3 Detailed Carbon Insights

We present the estimated carbon emissions analysis for the solar-
powered deployment in Figure 8 for KWS-L running at 1 IPS for
deployment lifetime of a year. The graph on the left displays total
carbon emissions across different irradiance levels for each board.
The nRF52840 and STM32F4 are excluded from this analysis be-
cause they do not meet the performance requirements of 1 IPS. The
graph illustrates that irradiance density significantly influences
the optimal design choice. For instance, while the NXP RT1176
w/ TPU has the lowest emissions (3.20 kg COze) under low-light
indoor conditions (50 uW/cm?), it drops to the third-best option
(1.31kg CO,e) under bright outdoor irradiance of 60000 puW/cm?,
where the RP2350 (0.59 kg CO,e) emerges as the most carbon-efficient
configuration.

Additionally, Figure 8 provides a component-level breakdown of
the three processors with the lowest emissions in both low-light
and bright-light scenarios. In dim indoor conditions, the embodied
cost of the solar panel dominates total emissions, with the required
panel area increasing to approximately 113-2237 cm® depending on
the processors used, overshadowing contributions from the board,
capacitors, and other passive components. Conversely, under bright
outdoor conditions, the required panel area shrinks to just 0.1-1.9
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Figure 9: Total Carbon emission and monetary cost for bat-
tery powered scenario of KWS-S with varying IPS under
five-year deployment. The number on the embodied carbon
bar is the needed number of AA batteries per day.

cm?, causing board level components, primarily integrated circuits
and capacitors, to contribute up to 87% of total emissions.

Although the NXP RT1176 with TPU is the most energy-efficient
processor for KWS-L (see Figure 5), it is only carbon-optimal for
indoor use due to its smaller solar panel requirement. In contrast,
under higher/outdoor irradiance, its total carbon footprint becomes
2.22x higher than that of the lowest carbon emission solution
provided by RP2350. Takeaway 1: Ambient energy availabil-
ity strongly shapes carbon-optimal IoT design: under low-
light conditions, devices require larger solar panels, making
energy-efficient processors more favorable, whereas in the
bright-light environments, leaner processors with smaller
panels become the more sustainable choice.

Figure 9 illustrates the carbon emissions and monetary costs of
battery-powered deployments running the KWS-S model at two
IPS rates: 0.1 and 10. Only three processors, ESP32-S3, RP2350, and
NXP RT1176 with Edge TPU, can sustain 10 IPS, and thus they are
selected for detailed breakdown.

Without solar harvesting, total emissions are dominated by the
embodied carbon of the board and the number of AA batteries re-
quired over a five-year deployment, and actual maintenance for bat-
tery replacement may introduce additional carbon burdens beyond
those captured here. The numbers shown above each bar represent
the daily AA battery requirements (e.g., 0.01 for the ESP32-S3 at an
IPS of 0.1). Processors with higher per-inference energy consump-
tion, such as the ESP32-S3 (see Figure 5), require more frequent
battery replacements, which substantially increases their carbon
footprint.

At lower IPS rates, the RP2350 stands out as the most carbon-
efficient option due to its low embodied cost and modest energy
consumption. However, at an IPS of 10, the NXP RT1176 with TPU
becomes the carbon-optimal choice because its higher energy effi-
ciency reduces the total number of required battery replacements
by 26.9% compared to the RP2350. Nonetheless, this improvement
does not translate to cost, as the RP2350 remains the least expensive
option at both IPS levels. As shown in Figure 9, carbon emissions
and monetary cost diverge across inference rates. In the blue panel
(low IPS), the RP2350 has the lowest carbon emissions due to re-
quiring the fewest AA batteries per day, yet its cost is similar to
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Figure 10: Lifetime carbon emissions for local inference
versus data offloading over BLE for PPD-S across different
MCUs.

higher-emission boards such as the ESP32-S3. In the red panel (high
IPS), the NXP RT1176 with TPU becomes the carbon-optimal design
because of its higher energy efficiency, despite its larger embodied
footprint and higher price. These trends illustrate that market cost
does not track carbon impact, and both must be jointly considered
during design. Takeaway 2: Application-level requirements
such as inference rate constrain viable processors and shift
the carbon-optimal choice, while cost and carbon efficiency
often diverge.

Beyond local processing efficiency, networked deployments must
also consider the carbon costs of data transmission. Networked and
mobile edge devices send data back to a host system. MicroGreen
considers the combination of inference and transmission costs to
determine whether it is better to perform inference locally or of-
fload the raw sensor data for remote processing. Figure 10 compares
lifetime carbon emissions for two inference strategies applied to
the PPD-S workload at 1 IPS over BLE: (1) local inference with
transmission of inference results and (2) offloading raw input data
for remote inference. For most processors local inference is more
carbon efficient as the energy required to transmit raw sensor data
exceeds the cost of on-device processing. However, for less capable
processors like the nRF52840, offloading and running inference
remotely may be more carbon-efficient. This would depend on the
carbon cost and grid intensity of remote inference. Takeaway 3:
The optimal choice between local inference and data offload-
ing depends on processor efficiency; transmission costs do
not always favor edge processing.

Figure 11 shows how deployment lifetime affects the carbon
emissions for three types of power mode: solar-only, battery-only,
and hybrid systems. The total carbon emissions for the solar-only
deployment remain constant throughout the entire lifetime since
the system operates without requiring any external energy or com-
ponent replacement.

In contrast, battery-powered systems necessitate periodic battery
replacements or recharging, leading to an accumulation of carbon
emission over time. Initially, battery-powered deployments have the
lowest carbon footprint (ranging from 1.6 kg to 7.5 kg) two months
into the deployment, making them the most carbon-efficient choice
for short-term use. However, their emissions eventually exceed
those of solar-powered systems in the long run. For example, it takes
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Figure 11: The total carbon emission versus deployment life-
time across various power mode with processors running
KWS-L at frequency of 6 IPS under 400 ptW/cm? irradiance.
Hybrid power mode has solar panel size capped at 275 cm?.

ESP32-C6 1 year of battery-only operation for its total emissions to
surpass those of the solar-powered configuration.

Hybrid systems occupy a middle ground: they utilize harvested
energy but still depend on a battery, causing their embodied carbon
to reflect contributions from both subsystems. At 5 year deployment
time mark, their cumulative carbon emissions are 0.29X to 1.26X of
battery-powered systems and 1X to 4.27X of solar-powered systems.
Takeaway 4: Battery-powered solution offers the lowest car-
bon emission if the deployment time is low. Solar harvesting
is more sustainable in the long run.

6 Case Study: Central Park Visitor Counter

In this section, we demonstrate how MicroGreen can be applied
to real edge device prototyping under diverse deployment condi-
tions, and how it guides designers toward lower-carbon deployment
choices.

Our prototype is a low-cost visitor-counting system designed
for Central Park in New York City, which needs an affordable and
reliable alternative to existing commercial solutions that are both
expensive [27] and, according to the parks team, often significantly
under counts. Accurate visitor data is crucial for guiding park re-
source allocation and maintenance. The prototype performs person
detection and tracking directly on the edge, with visitor statistics
stored locally or transmitted periodically over wireless links.

Because entrances across the park experience widely different
light availability and visitor-flow patterns, a single homogeneous
design is insufficient. In the case study that follows, we show how
applying MicroGreen enables heterogeneous deployment strategies
that reduce total carbon emissions across three entrance locations
by 47.72%.

6.1 Prototype

Figure 12 shows the prototype developed for the visitor-counting
application. The device integrates a Coral Dev Board Micro micro-
controller with an onboard camera for local processing, paired with
a REYAX RYLR998 LoRa wireless module for low-power commu-
nication on a hourly basis reporting the visitor counting results.
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Figure 12: Prototype of the New York City park visitor count-
ing device.
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Figure 13: Left: annual visitor counts for different Central
Park entrances. Top right: example solar trace for an un-
shaded location on a sunny day. Bottom right: example of
daily visitor flow trace at Columbus Circle.

The system is powered by four 9900 mAh 18650 Li-ion recharge-
able batteries and enclosed in a weather-resistant case designed for
installation at park entrance gates.

The deployed workflow executes PPD-L once per second. Upon
detecting a person, the system captures and stores nine consec-
utive frames, which YOLOv8 processes opportunistically when
the microcontroller becomes free. Together with ByteTrack [103],
this pipeline achieves 89.2% counting accuracy: in a 4-minute test
clip collected at Central Park, the system detected 31 entering and
27 exiting visitors compared to ground truth counts of 34 and 31,
respectively.

We use this battery-powered prototype as the baseline “battery-
only” deployment configuration in our later analysis.

6.2 Heterogeneous Deployment

Visitor traffic and light availability vary substantially across Central
Park entrances. We model three representative locations: Central
Park North, E 72" Street, and Columbus Circle. Annual visitor totals
for these entrances, derived from the Report on Public Use of Cen-
tral Park [1], are shown in the left panel of Figure 13. Daily visitor
distribution is reconstructed from reported temporal trends; the
resulting trace for Columbus Circle is illustrated in the bottom-right
panel.
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Figure 14: Carbon emissions for three entrances over one
year by deployment strategy.

To simulate solar availability, we follow the EnHANTS solar
trace [37] and solar irradiance data [70, 86], specifying location-
dependent peak irradiance levels: 500 W/m? at Columbus Circle,
100 W/m? at Central Park North, and 50 W/m? at E 72" Street.
Irradiance drops to 0 W/m? at night. An example simulated trace is
shown in the upper-right panel of Figure 13.

We compare several deployment strategies:

e Battery-only: All locations use the same hardware configura-
tion, with battery capacity provisioned to satisfy the worst-case
energy demand.

e Hybrid (fixed solar panel sizes): Devices combine a battery and
a fixed-size solar panel. We evaluate panels of 74.5 cm?, 304 cm?,
and 611 cm?.

e Solar-only: Solar panel area is sized per location to fully meet
energy needs. Supercapacitors [21] are provisioned onboard to
provide energy buffering.

e Heterogeneous deployment: Our framework selects the op-
timal deployment mode—battery-only, one of the hybrid con-
figurations, or solar-only—for each location based on its solar
availability and visitor-flow pattern.

Figure 14 shows the carbon emissions for each strategy over a
four-year deployment. The heterogeneous deployment yields the
lowest total emissions, reducing carbon footprint by 47.72% relative
to the next-best strategy (hybrid with a small solar panel).

As shown in Figure 3, the optimal deployment differs by location.
E 72" Street receives limited sunlight, making the battery-only
configuration preferable; most emissions stem from battery pro-
visioning and periodic grid charging. In contrast, the other two
entrances receive enough sunlight such that panel and board manu-
facturing dominate total emissions, with only a small contribution
from supercapacitors.

Overall, these results highlight that heterogeneous deployment,
rather than a uniform, one-size-fits-all design, substantially reduces
embodied and operational carbon emissions while meeting sensing
and communication requirements.
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7 Discussion and Conclusion

Going forward, optimizing the carbon footprint of mobile and IoT
systems requires consideration of the entire stack and deployment
context. Unlike cloud environments, mobile and edge devices face
unpredictable energy availability, heterogeneous hardware, and
user-driven lifecycles. These factors introduce unique sustainability
challenges and present opportunities for carbon-aware design.
Applications and Workloads. Continuous-inference workloads
put a strain on both energy and carbon budgets. Applications must
adapt their inference frequency, batching, and offloading based on
carbon constraints, revealing trade-offs between accuracy, latency,
and carbon emissions to enable context-aware behavior.
Runtime Systems. Mobility and variable harvested power require
schedulers that treat carbon emissions as a primary metric. There
is an ongoing need for unified runtimes that can jointly optimize
latency, energy, and carbon across batching, adaptive inference,
and edge-cloud coordination.

Hardware Design and Provisioning. IoT deployments rely on
diverse sensors, microcontrollers, and accelerators, yet emissions
data remains fragmented. Carbon-aware provisioning tools inte-
grated into design environments (e.g., KiCad, eCAD) should surface
embodied and operational trade-offs to guide hardware selection.
Furthermore, Low-MOQ PCB fabrication facilitates deployment-
specific designs, but specialized accelerators may face short life-
times as ML workloads evolve. There is a need for flexible acceler-
ator designs and automated heterogeneous hardware workflows
that incorporate carbon metrics for sustainable hardware scaling.
Lifecycle and End-of-Life Management. Long-term sustainabil-
ity relies on reuse, refurbishment, and recycling, especially given
the global variation in IoT deployments. Systems must extend de-
vice lifetimes and support modular replacements to address e-waste
and enable carbon-aware lifecycle management.

Deployment Conditions and Mobility. Mobility affects energy
availability, workload dynamics, and carbon amortization, making
sustainability a constantly shifting target. Research avenues that
explore mobility-aware provisioning, adaptive runtime techniques,
and cross-infrastructure carbon optimization are crucial and remain
underexplored.

Extending to Communication and Network Emissions.
While our evaluation focuses on low-power communication (e.g.,
BLE), MicroGreen can be extended to higher-power wireless tech-
nologies such as LTE and 5G. Our results show that communication
overhead is negligible for low-power protocols, but can become
significant in cellular settings, introducing a trade-off between lo-
cal inference and data offloading. MicroGreen can capture this by
modeling communication as a system component parameterized
by data volume, transmission frequency, and protocol choice, and
incorporating network emissions as part of the deployment envi-
ronment.

In this paper we introduce, MicroGreen, a design-time, carbon-
aware provisioning framework that jointly accounts for embodied,
operational, and workload-driven factors. Our evaluation shows
that meaningful carbon reductions are achievable when designers
consider hardware, workloads, and deployment conditions together
rather than optimizing energy efficiency alone. This work provides
an initial foundation for developing tools, datasets, and workflows
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that embed carbon awareness throughout the mobile and IoT com-
puting stack. In a real deployment in New York City parks, hetero-
geneous, location-aware provisioning reduced emissions by 47.26%
over a homogeneous baseline, demonstrating the practical value of
carbon-aware design.
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A Artifact Appendix
A.1 Abstract

The source code for the MicroGreen framework, including its em-
bodied carbon modeling and hardware profiling code, is available
on github and Zenodo. The framework source is located under the
framework/ directory. Embodied carbon results for the evaluated
MCUs and profiling results are stored under database/. These re-
sults are derived from the embodied carbon modeling code found
in the EmbodiedCarbonModeling/ submodule, while profiling data
for hardware inference runtime, power consumption, and wireless
experiments is available under profiling/.

The profiling setup varies across MCUs and requires different
SDK support. The instructions here focus on reproducing the frame-
work results and figures presented in the paper. Specific profiling
setups and detailed steps are documented in GUIDELINE.md under
the profiling/ directory.

A.2 Artifact check-list (meta-information)

e Models: MLPerf Tiny Benchmark, TensorFlow Lite Micro
Benchmark, MobileNetV2, YOLOvVS (included in the down-
loaded profiling code)

e Runtime environment: Linux and macOS preferred. Coral
Dev Board Micro profiling is not supported on Windows.

e Hardware: Raspberry Pi Pico W, Raspberry Pi Pico 2 W,

Coral Dev Board Micro, Nordic Semiconductor nRF52840-

DK, STM32F411E-DISCO, HUZZAH32 - ESP32, Waveshare

ESP32-S3-Zero, ESP32-C6 Super Mini, Nordic Semiconductor

Power Profiler Kit II.

Metrics: Inference latency, supply current to MCU

Experiments: README, script

Approximate disk space required: 10 GB

Approximate workflow preparation time: 30 minutes

Approximate experiment completion time: 1 hour for

artifact evaluation using existing modeling and profiling

results; 1.5-3 hours for full workload profiling per MCU,
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including software environment setup, compilation, flashing,
and power measurements.

e Publicly available: Yes

e Code license: MIT

A.3 Description
A.3.1 How to access.

e Source code: https://github.com/S4AI-CornellTech/MicroGreen
e Zenodo: https://doi.org/10.5281/zenodo.19501837

A.3.2  Hardware dependencies.

e MCU profiling results are run on Raspberry Pi Pico W, Rasp-
berry Pi Pico 2 W, Coral Dev Board Micro, Nordic Semicon-
ductor nRF52840-DK, STM32F411E-DISCO, HUZZAH3?2 -
ESP32, Waveshare ESP32-S3-Zero, ESP32-C6 Super Mini

e Power measurement is done using Nordic Semiconductor
Power Profiler Kit II

A.3.3  Software Dependencies.

e pico-sdk,esp-idf,platformio, coralmicro dev toolchain
for compiling program for MCUs
o nRF Connect for Desktop for power measurement

A.4 Installation

Ensure the following prerequisites are installed: Git (with submod-
ule support), CMake=3.30.5, and Python 3.10 or later.

# clone the MicroGreen repository with all
submodules

git clone --recurse-submodules git@github.com:S4AI
-CornellTech/MicroGreen.git

cd MicroGreen
Next, run the setup script to install all Python dependencies:

# install Python dependencies
bash setup.sh

A.5 Evaluation and expected results

The following scripts reproduce the main figures presented in the
paper. All commands should be run from the root MicroGreen/
directory.

# Figure 3 - Board Carbon Breakdown
python3 scripts/
carbon_component_composition_plotter.py

# Figure 5 - Per-Inference Runtime and Energy Plot
python3 scripts/characterization_fig.py

# Figure 6 - Carbon Rank Plot

python3 scripts/overall_eval_carbon.py --lifetime-
years 1 \
--solar-panel-area-cap 611

# Figure 7 - Energy Efficiency Rank Plot
python3 scripts/overall_eval_energy.py
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# Figure 8 - Irradiance Analysis Plot
python3 framework/main.py --workload kws-1 --solar
-plot

# Figure 9 - Battery Analysis Plot
python3 framework/main.py --workload kws-s --
battery-plot

# Figure 10 - Network Analysis Plot
python3 scripts/network_plot.py

# Figure 11 - Hybrid Analysis Plot
python3 framework/main.py --workload kws-1 --
lifetime-plot

# Figure 14
python3 framework/heterogeneousDeployment.py
python3 scripts/case_study_plot.py

Each script generates a figure saved to the figures/ directory.
The output plots should match the corresponding figures in the
paper. Minor numerical differences may arise due to floating-point
precision or platform-specific dependencies, but the overall trends
and rankings should be consistent with the results reported.

A.6 Experiment customization

MicroGreen provides an interactive design space exploration in-
terface built with Streamlit. The interface exposes key framework
parameters via dropdown menus and sliders, allowing users to ex-
plore how workload, device lifetime, and solar panel area affect
carbon outcomes without modifying any code.

To launch the interface, run the following command from the
root MicroGreen/ directory (Streamlit is installed automatically by
setup.sh):

# launch the interactive design space exploration
Ul
streamlit run framework/main.py

The interface exposes the following parameters:

e Power Mode: Three checkboxes to select the device power
configuration: Use Solar Energy Harvesting,Use Battery
Power, or Use Both (Hybrid Power Mode).

e Workload (-workload): A dropdown menu to select the
target TinyML workload: kws-s, kws-1, ppd-s, or ppd-1.

e Inferences Per Second (-inference-per-second): A slider
to set the target inference rate.

e Deployment Lifetime (-lifetime-years): A slider to set
the assumed device operational lifetime in years.

e Irradiance (visible when solar or hybrid mode is enabled):
A slider to set the ambient irradiance in yW/cm?.

e Max Solar Panel Area (-solar-panel-area-cap, visible
in hybrid mode only): A slider to constrain the maximum

solar panel area in cm?.

Adjusting these parameters will update the output plots in real
time, allowing direct comparison against the figures reported in
the paper.
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B MCUs and Workloads Selection Appendix
B.1 MCUs Selection

The full list of boards used can be seen in Table 1. We focused on
choosing board with MCUs that show diversity in price, architec-
ture and performance and were designed for wireless and mobile
computing in mind. Boards which lacked sufficient computational
capability to execute ML inference workloads, such as MSP430-class
or sub-MHz microcontrollers, were excluded from our evaluation.
Similarly, we excluded high-end embedded Linux platforms such as
the Jetson Nano and Raspberry Pi, as these devices operate within
a separate class of edge computing with substantially higher power
consumption (>5W) and embodied carbon that falls outside the
scope of typical IoT deployments. We selected devices that oper-
ate at a range of clock speeds (64MHz-800MHz) and architectural
diversity (ARM Cortex-M series: M0+, M4F, M7, M33, RISC-V, and
Xtensa). Boards range in RAM (128KB-64MB) and Flash (512KB-
128MB) which enables models of varying size and complexity to be
deployed. Devices which have active developer communities and
real world deployments were prioritized. ESP32 devices are ubig-
uitous in cheap IoT products, STM32 MCUs are dominant within
industrial contexts, and the Nordic nRF52840 is extremely popular
for low power and wearable applications. The Coral Dev Board
Micro, featuring dedicated ML acceleration hardware, represents
the high-performance boundary of our evaluation.

Hardware vendors provide software optimizations for neural
network inference. For example, Espressif provides ESP-NN for op-
timized functions on ESP32 devices, analogous to ARM’s CMSIS-NN
for Cortex-M processors. Similarly, the Raspberry Pi foundation has
forked TensorFlow Lite Micro to better take advantage of the dual
cores their hardware provides. Where compatible with tensorflow
lite, we utilized vendor-provided optimizations where available to
represent realistic deployment scenarios, as developers targeting
these platforms would employ the same optimizations. The STM32
has their own inference framework, STM32.AI (X-CUBE-AI v10.0)
which competes with and is incompatible with tensorflow lite. For
consistency, we benchmarked the STM32 using standard Tensor-
Flow Lite Micro with CMSIS-NN, which may under-represent its
performance. This approach captures the actual performance and
energy consumption achievable in practice, though it means mea-
surements reflect both hardware capability and software ecosystem
maturity.

B.2 Inference Workloads Selection

The inference workloads seen in Table 2 represent established
benchmarks for edge ML [7, 20, 50, 84], spanning the range from
minimal (117 KB) to the limits of what our MCUs can deploy (6.7
MB) [84]. Different model architectures stress vendor hardware dif-
ferently which broadens the comparisons available. Models selected
cover both audio and visual modalities representative of common
IoT workloads. We directly apply the person detection workload in
our case study in Section 6. While model accuracy is outside the
scope of this study, evaluating small and large models trained on the
same task informs designers about the tradeoffs between accuracy
and efficiency where larger models tend to be more accurate with
a corresponding increase of energy needed per inference.
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