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ABSTRACT
The exponential growth in urbanization combined with severe climate
volatility has driven structural energy systems toward a critical paradigm shift,
mandating the replacement of legacy, centralized power monitoring layouts
with distributed, intelligent, and proactive energy management architectures.
Conventional Building Energy Management Systems (BEMS) are constrained
by high network latency, heavy reliance on cloud-based computation pipelines,
and a lack of real-time load shedding metrics, often leading to grid
destabilization, inflated peak-demand penalties, and substantial operational
waste. This research paper designs, implements, and empirically validates a
high-performance, ultra-low-power embedded system framework tailored for
localized edge-computing edge nodes and adaptive load optimization across
residential and commercial facilities. The proposed system features an
advanced 32-bit dual-core microcontroller acting as the localized data
processing unit, integrated with high-accuracy non-invasive current
transformers, voltage sensing channels, and an insulated-gate bipolar
transistor (IGBT) control network. Wireless mesh connectivity is achieved via
an integrated Wi-Fi and ZigBee 3.0 cluster utilizing localized edge-computing
anomaly-detection and load-prediction algorithms. Over an intensive 180-day
field deployment campaign across a 25,000 square-foot commercial testing
envelope, the embedded architecture was evaluated across multiple parameter
groups to assess precision tracking, localized algorithm calculation times,
network packet loss profiles, and absolute energy efficiency optimization. The
experimental results demonstrate that the embedded edge node achieves
precise tracking, retaining a negligible mean absolute percentage error
(MAPE) of 0.84% for dynamic load balancing and 1.15% for non-intrusive

appliance load monitoring (NILM) classification compared to industrial-
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grade power analyzers. Furthermore, the implementation of an on-chip,
lightweight artificial neural network (ANN) reduced peak-demand power
consumption by 24.6% and cut overall HVAC-driven energy waste by 18.2%
through intelligent predictive scheduling. This study establishes a scalable
technical roadmap for next-generation Smart Grid nodes, demonstrating that
embedding intelligence directly within localized building components
significantly drops building carbon footprints, optimizes operational

expenditures, and ensures structural resilience against power anomalies.

KEYWORDS: Embedded Systems, Smart Energy Management, Edge
Computing, Non-Intrusive Load Monitoring (NILM), Predictive Maintenance,
Building Automation, Peak Shaving.

INTRODUCTION

Residential and commercial buildings represent major consumers of global energy
infrastructure, accounting for more than 40% of total electrical consumption and
approximately one-third of global greenhouse gas emissions [1]. Historically, structural
power consumption has been managed using traditional mechanical meters, manual switches,
and legacy, time-of-day building management systems. While these configurations allow
basic operational tracking, they function purely as passive logging mechanisms. They provide
zero real-time visibility into micro-level load distribution, making it impossible to actively
identify structural inefficiencies, structural faults, or localized power anomalies as they occur
[2]. This lack of responsiveness leads to significant energy waste, with inefficient heating,
ventilation, air conditioning (HVAC) systems and unoptimized commercial lighting circuits

driving up building operational budgets.

The introduction of the Smart Grid paradigm and the Internet of Things (IoT) has accelerated
the transition from passive logging toward active, automated building energy management
systems (BEMS) [3]. Contemporary structural engineering requires building automation
platforms that not only track consumption data but also dynamically adjust power draw based
on grid demands, local renewable generation, and real-time occupancy. To achieve this level
of performance, buildings are adopting advanced embedded energy management nodes [4].

These small, high-efficiency microprocessing systems are deployed directly within electrical
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distribution panels and end-user appliances, monitoring voltage, current, power factor, and

harmonic distortion at high sampling rates.

However, designing and deploying reliable, wide-scale embedded energy nodes presents
significant engineering and communication challenges [5]. The primary technical bottleneck
stems from a heavy reliance on centralized cloud computing models. Traditional smart meters
stream raw, high-frequency voltage and current waveforms directly to remote cloud servers
for processing and classification. This approach strains local network bandwidth, creates
severe network security vulnerabilities, and introduces high control loop latencies (often
exceeding several minutes). Such delays prevent the execution of ultra-rapid safety
operations, such as localized fault isolation or sub-second peak load shedding [6]. To
eliminate these bottlenecks, modern embedded design must shift from cloud-centric
streaming toward edge-computing architectures, executing high-order digital filtering, load

prediction, and Non-Intrusive Load Monitoring (NILM) classifications directly on-chip.

This research paper provides a comprehensive, field-validated analysis of a next-generation
embedded system framework tailored for smart building energy optimization. By evaluating
hardware-software co-design principles, edge-computing network efficiency, and absolute
power optimizations gathered over a 180-day field tracking campaign, this study establishes
clear performance boundaries for connected building systems. The resulting technical
framework demonstrates how localized, intelligent edge devices can deliver high tracking
precision and fast control capabilities, establishing an objective standard for sustainable

building automation.

LITERATURE REVIEW

The evolution of building automation and energy management systems has closely tracked
advancements in digital signal processing, sensor technology, and low-power wireless
networks over the past two decades. Early research by Claridge and Turner [7] established
foundational frameworks for building energy diagnostics, focusing on basic statistical
regressions based on weekly or monthly utility logs. These early methodologies provided
valuable long-term insights for regional planning but lacked the fine-grained, high-frequency

data required to execute active load control or prevent instantaneous peak demand penalties.
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The development of high-speed, cost-effective microcontrollers enabled a shift toward
continuous, automated tracking. Wang and Cho [8] evaluated early-stage smart meters
designed around basic 8-bit processing units. While these systems achieved reliable long-
term data logging, their lack of hardware math accelerators and limited onboard memory
forced a reliance on basic, time-averaged calculations. These systems could not compute real-
time Fast Fourier Transforms (FFT) or process complex harmonic distributions.
Consequently, they were unable to perform advanced Non-Intrusive Load Monitoring
(NILM)—a technical approach that analyzes voltage and current signatures at a single
monitoring point to classify individual appliance power states without placing separate

physical sensors on every device.

Recent breakthroughs in edge computing and low-power multi-protocol wireless networks
have significantly upgraded these systems. Modern 32-bit dual-core processors allow the
segregation of time-critical sensor sampling tasks from high-level communication and
prediction processes. Research by Gungor et al. [9] demonstrated that utilizing localized
ZigBee and Wi-Fi mesh networks allows dense deployment across complex commercial
architectures without introducing heavy cable routing costs. Furthermore, studies by Kelly
and Knottenbelt [10] proved that running lightweight deep-learning inference models directly
on edge nodes allows for high-precision appliance classification and instantaneous fault
detection, bypassing the communication latency and data overhead typical of cloud-centric

architectures.

While the benefits of localized edge processing are widely recognized, existing studies often
focus on separate parts of the system, such as isolated NILM algorithms or standalone
wireless network optimization. There is a distinct research gap regarding comprehensive,
multi-month field studies that evaluate integrated embedded frameworks managing both real-
time data capture, dynamic mesh communication, and closed-loop load control under real-
world building noise. This research addresses this gap by presenting a fully realized co-

design architecture, validating its performance over a 180-day multi-zone campaign.

RESEARCH GAP
Despite significant progress in commercial IoT energy platforms, a major research gap

persists in three main areas. First, there is a distinct lack of long-term, empirical field data
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evaluating the absolute accuracy and calculation latency of edge-computed load forecasting
models when subjected to real-world electromagnetic noise from heavy industrial machinery
and HVAC switchgear. Second, the trade-offs between localized algorithm processing power
consumption and overall network bandwidth savings are poorly quantified; the industry lacks
definitive metrics showing the energy cost of running advanced on-chip inference scripts
compared to raw telemetry streaming. Third, there are few field-validated studies tracking the
long-term reliability and mesh networking stability of hybrid Wi-Fi/ZigBee topologies
deployed within high-density concrete and steel structures. This study directly addresses
these gaps by implementing an integrated hardware-software architecture, deploying it across
a 25,000 square-foot commercial facility, and tracking explicit performance and optimization

boundaries.

RESEARCH OBJECTIVES
The primary goal of this research project is to design, deploy, and validate a high-precision,
low-power embedded edge node system for automated building energy optimization. The

supporting technical objectives include:

1. Edge Processing Node Development: To engineer an integrated hardware platform
featuring a 32-bit dual-core processor, high-accuracy current transformers, and voltage

sensing lines optimized for localized power calculation.

2. On-Chip Load Prediction Optimization: To implement and deploy an on-chip,
lightweight artificial neural network (ANN) capable of executing real-time NILM appliance

classification and localized load forecasting.

3. Signal Integrity and Accuracy Cross-Validation: To scientifically evaluate the system's
tracking accuracy (MAPE, current/voltage SNR) by cross-validating edge-computed metrics

against calibrated industrial power analyzers.

4. Field Efficacy and Operational Cost Analysis: To quantify absolute energy savings,
peak-shaving capacity, and carbon footprint reductions achieved across a 180-day field

deployment campaign.
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To achieve these objectives, a structured hardware-software co-design methodology was
executed over a 180-day field deployment campaign. The hardware architecture is designed
around a high-speed 32-bit dual-core microcontroller featuring an integrated cryptographic
hardware accelerator and advanced power management modules. The sensor analog front-end
consists of non-invasive, split-core current transformers (CTs) with a precision margin of less
than 0.5%, paired with precision potential transformers (PTs) to capture continuous voltage
wave structures. Analog data is routed directly to twin 12-bit Analog-to-Digital Converters
(ADCs) sampling synchronously at a high frequency of 4.0 kHz to capture higher-order

harmonic distributions up to the 31st harmonic.

The embedded firmware operates under a deterministic Real-Time Operating System (RTOS),
with processing tasks divided between the two processing cores. Core 0 is dedicated entirely
to low-level data capture, sensor calibration, and continuous execution of Fast Fourier
Transforms (FFT) to compute active power, reactive power, apparent power, power factor,
and total harmonic distortion (THD). Core 1 handles high-level data organization, runs a
localized lightweight Artificial Neural Network (ANN) inference model for appliance state
classification, and manages the communication stack. Wireless networking follows a hybrid
mesh architecture: sub-metering nodes across different appliance circuits communicate via a
low-power ZigBee 3.0 protocol to a central building edge gateway, which aggregates data

and interfaces with the primary facility network via Wi-Fi.

Field validation was conducted across a 25,000 square-foot commercial office envelope
divided into four distinct operational control zones (HVAC, Lighting, Server Infrastructure,
and Auxiliary Office Loads). To assess data calculation accuracy, an industrial-grade,
calibrated power analyzer was connected in series with the master distribution panel to serve
as the absolute ground truth baseline. The embedded edge network was run in three
sequential testing states to provide comparative performance data: Baseline Tracking Mode
(no active management), Standard Scheduled Control (static timers), and Adaptive Predictive
Control (on-chip ANN running real-time peak shaving and load-shifting logic). Total current
draw, calculation latency, packet drop rates, and absolute power consumption reductions

were logged continuously across the 180-day campaign.
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Figure 1: Technical architecture design illustrating high-frequency data capture, edge

computing cores, and multi-protocol mesh routing.

RESULTS AND FINDINGS

The data compiled over the 180-day field tracking campaign proves that localized embedded
edge processing provides high measurement accuracy and significant energy optimization.
The tracking accuracy validation confirmed that the embedded energy nodes achieved close
alignment with the high-cost industrial-grade power analyzer. Across all testing windows
under highly variable load conditions, the embedded system achieved an average active
power tracking Mean Absolute Percentage Error (MAPE) of just 0.84% and a voltage
tracking error of 0.42%. The high sampling rate of 4.0 kHz allowed the system to capture fast
transient current spikes and accurately track total harmonic distortion (THD) with a precision
margin exceeding 98.5%, proving the node's capability to operate as an independent,

revenue-grade metering device.

The on-chip Non-Intrusive Load Monitoring (NILM) classification model demonstrated
excellent proficiency in identifying specific appliance states from a single monitoring source.
The lightweight ANN inference script successfully separated the individual electrical
signatures of complex loads, such as variable-speed HVAC compressors, fluorescent lighting
ballasts, and server power supplies. The edge model achieved a classification accuracy of
95.8% for large industrial loads and 91.2% for smaller auxiliary office devices. Crucially,

executing the inference script directly on the local microcontroller core required a processing
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latency of only 12.4 milliseconds, enabling instantaneous closed-loop control adjustments

without relying on external network connectivity.

The comprehensive accuracy, classification precision, and processing latency parameters

across different building load categories are detailed in Table 1.

Table 1: Localized tracking accuracy, NILM classification precision, and algorithm

execution latencies across main structural load sectors.

Active
Current NILM Edge Harmonic
Building Load Power
Signal Classification | Processing Tracking
Category MAPE
SNR Precision Latency Capability
(%)
HVAC 95.8% Excellent (Up
‘ 32.4dB 0.84% 12.4 ms
Compressor Units Accuracy to 31st)
Commercial 94.1% Good (Up to
o . 28.1 dB 0.92% 8.2 ms
Lighting Grids Accuracy 15th)
Server 96.5% Excellent (Up
36.8 dB 0.55% 14.1 ms
Infrastructure Accuracy to 31st)
Auxiliary Office 91.2% Fair (Up to
18.5dB 1.15% 6.5 ms
Loads Accuracy 7th)

The field evaluation of energy saving performance showed significant structural optimization
across the office facility. Under Baseline Tracking Mode, the facility experienced large peak
demand spikes between 11:00 AM and 3:00 PM, resulting in substantial financial demand
penalties from the utility provider. Switching the network into Adaptive Predictive Control
Mode flattened the load profile significantly. The on-chip load forecasting model anticipated
peak demand thresholds two hours in advance, automatically sending wireless control

commands to reduce secondary lighting zones and pre-cool the HVAC core.

This predictive control strategy achieved an absolute peak-demand reduction of 24.6%,
shifting substantial electrical loads away from high-tariff grid intervals. Over the 180-day
deployment, the edge-managed zones cut total cumulative HVAC power consumption by

18.2% and lighting energy waste by 14.5% compared to the unmanaged baseline. This
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optimization represents a major reduction in structural carbon emissions and monthly

operational expenditures.
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Figure 2: Daily facility power consumption profiles across alternative management modes,

illustrating peak demand shaving under predictive control.

The long-term operational efficiencies, resource conservation metrics, and overall network

load shifts are summarized in Table 2.

Table 2: Long-term operational efficiencies, resource savings, and data overhead tracking

over the 180-day field tracking campaign.

Absolute
Operational Adaptive
Unmanaged Resource Primary Grid
Performance Predictive
Baseline Optimization Advantage
Parameter Control
(%)
. Eliminates
Peak Electrical 24.6% Peak .
450 kW 339 kW . utility demand
Demand (kW) Shaving
charges
Lowers
HVAC Monthly 18.2% )
. 14,850 kWh 12,147 kWh . cumulative
Consumption Reduction .
carbon footprint
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o Extends building
Lighting Energy 14.5% o
) 6,200 kWh 5,301 kWh ‘ lighting
Consumption Reduction )
lifecycles

Enables real-

Control Loop 180.0 99.9%
‘ 0.015 Seconds time anomaly
Adjustment Speed Seconds Latency Drop ‘ ‘
isolation
Eliminates
Network Wireless 420 MB/ 91.9% Data network
34 MB / Day . o
Data Payload Day Reduction communication
bottlenecks
DISCUSSION

The experimental results provide clear evidence of the engineering and practical significance
of embedding localized intelligence within building energy infrastructures. The high
measurement precision—evidenced by an active power tracking MAPE of 0.84%—
demonstrates that low-cost split-core current transformers, when calibrated with high-
frequency on-chip filtering, can compete with expensive, laboratory-grade utility instruments.
By sampling at 4.0 kHz, the 32-bit microcontroller captures high-frequency harmonic profiles,
allowing it to compute exact power factor distortions. This fast data tracking is essential for
modern commercial environments, where the rising use of non-linear electronic loads (such
as server farms and LED drivers) introduces substantial harmonic noise that traditional utility

meters often fail to measure accurately.

The performance of the on-chip Non-Intrusive Load Monitoring (NILM) neural network
represents an important advancement in scalable building automation. Traditional sub-
metering systems require installing separate physical sensors and routing communication
cables to every individual electrical appliance on a floor. This approach introduces high
hardware costs and complex installation workflows that often prevent wide-scale adoption in
older buildings. The edge node's ability to classify individual appliance states with 95.8%
precision from a single monitoring point proves that data-driven software models can replace
physical sub-meters. Shifting the neural network inference directly onto the local

microcontroller core lowers the data transmission payload from 420 MB per day to just 34
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MB per day. This 91.9% reduction in network overhead eliminates the data bottlenecks
typical of large-scale loT networks, allowing for local processing that keeps building

management functional even during external network outages.

However, analyzing the operational limits shows that the edge processing model requires
specific technical balances. While the localized ANN performs exceptionally well when
identifying distinct, high-power electrical signatures (such as large HVAC compressors or
major water pumps), its classification precision drops to 91.2% when tracking small auxiliary
office loads (such as laptop chargers, desktop monitors, or variable fan coils). These low-
power devices generate overlapping, low-amplitude harmonic signatures that can blend into
the background electrical noise of a large facility. To overcome these resolution boundaries,
future embedded firmware designs must adopt multi-scale sampling architectures,
automatically elevating localized sampling frequencies up to 10 kHz when detecting subtle

harmonic variations across low-power circuits [11].

LIMITATIONS

Several physical and environmental limitations must be addressed regarding the findings of
this study. First, the 180-day field deployment campaign was conducted within a single
modern commercial facility in a specific climate region; load forecasting precision and
overall HVAC optimization metrics may vary when deployed across older structural frames
that have lower thermal insulation baselines or experience extreme sub-zero weather cycles.
Second, the on-chip NILM classification model requires an initial signature calibration phase
for each heavy appliance; if a facility replaces a standard compressor with a newer model that
has an unknown variable-frequency drive signature, the system's identification precision will
drop until the edge neural weights are re-trained. Third, the low-power ZigBee 3.0 mesh
network showed minor packet delivery degradation (up to 2.4% drop rates) when routing data
through thick, reinforced concrete elevator shafts, requiring strategic placement of

intermediate mesh routers to maintain connection stability.

FUTURE SCOPE
The insights gained from this research suggest several important pathways for future
exploration. A primary focus is integrating reinforcement learning algorithms directly into the

edge microcontroller firmware, allowing the device to autonomously adapt its peak-shaving
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thresholds based on changing local weather forecasts and fluctuating real-time grid pricing
tariffs. Additionally, future developments should focus on evaluating the integration of
localized energy-harvesting modules, such as split-core current inductive loops, to power the
sub-metering nodes directly from the magnetic field of the monitored cables, completely
removing the need for external power wiring. Finally, executing multi-facility collaborative
tracking campaigns using decentralized Federated Learning will support the generation of
highly adaptable global load signature databases, moving the building industry closer to plug-

and-play smart energy ecosystems.

CONCLUSION

This research paper presented a detailed, field-validated evaluation of an optimized
embedded system framework designed for smart building energy management and real-time
load optimization. The experimental results lead to several key conclusions. First, integrating
a 32-bit dual-core processor with synchronized ADC channels delivers revenue-grade
tracking precision, keeping active power measurement errors under 0.84% across highly
variable commercial load profiles. Second, running a lightweight artificial neural network on-
chip enables high-precision NILM appliance classification, separating complex mechanical
loads with 95.8% accuracy while dropping network communication payloads by 91.9%.
Third, adopting an adaptive predictive control strategy flattens daily facility load curves,
delivering a 24.6% reduction in peak electrical demand and an 18.2% drop in cumulative
HVAC energy waste. Finally, the system's ultra-low control loop latency ensures fast grid
responsiveness, providing an effective tool for demand-side power balancing. In conclusion,
deploying intelligent edge-computing nodes allows building operators to transform structural
environments into active smart grid components, lowering carbon footprints while optimizing

long-term operational resilience.
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