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Abstract

Household energy waste represents a critical yet tractable challenge at the intersection of consumer
behaviour, digital infrastructure, and climate policy. Despite the widespread rollout of Advanced Metering
Infrastructure (AMI), a persistent gap exists between the granular consumption data that smart meters
generate and the meaningful, actionable insights that households need to modify their energy behaviour.
This paper presents SmartWatt, an integrated smart energy management platform engineered to close this
gap through real-time meter integration, appliance-level monitoring via Non-Intrusive Load Monitoring
(NILM), a large-language-model-powered energy assistant, dynamic budget planning, and circuit-level
consumption visualisation. Drawing on a structured review of demand-side management literature, we
detail SmartWatt’s technical architecture, three-tier data pipeline, and Al inference system. A simulated
case study of a representative 4-person Mumbai household — consuming 920 kWh per month at baseline
— demonstrates that full deployment of SmartWatt’s intervention set reduces monthly consumption by
24.6%, yielding annual bill savings 0f 17,628 and a reduction of 185 kg in monthly CO: emissions. These
outcomes are consistent with upper-bound estimates in peer-reviewed literature for Al-augmented, real-
time energy feedback systems. SmartWatt is positioned to operate as the consumer intelligence layer above
India’s rapidly expanding smart meter infrastructure, addressing an estimated 30,000 crore market
opportunity by 2030.

Keywords: smart energy management, Internet of Things (10T), household electricity monitoring, Al
optimisation, sustainability, demand-side management, energy efficiency, NILM, carbon footprint

1. Introduction

The global residential sector accounts for approximately 27% of total final energy consumption, yet
individual households exercise remarkably little meaningful control over their energy use. The
International Energy Agency (IEA) consistently identifies building-sector efficiency as the single largest
near-term lever for reducing greenhouse gas emissions, a conclusion reiterated in its 2023 Energy
Efficiency report. [1] The technical foundation for improved household control now exists: Advanced
Metering Infrastructure (AMI) has been deployed at scale across India, the United States, and the European
Union, generating consumption records at intervals as fine as fifteen minutes. However, the consumer-
facing layer that should translate this data into insight and action remains critically underdeveloped.
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India’s National Smart Grid Mission (NSGM) has set a target of 250 million smart meter installations by
2025. Research by the Alliance for an Energy Efficient Economy (AEEE) confirms that meter installation
in isolation — without an accompanying consumer intelligence platform — produces minimal and short-
lived behavioural change. [4] The missing component is a software layer capable of contextualising raw
interval data within a household’s appliance profile, tariff structure, budget constraints, and sustainability
goals, and communicating the resulting insights in a form that motivates action.

SmartWatt was developed by Veer Garg, Aumkar, Avyaan, Kiaan, and Ekveer to serve precisely this
function. The platform connects to residential metering infrastructure, applies machine learning
disaggregation and anomaly detection, and surfaces insights through a conversational Al assistant, a real-
time visualisation dashboard, and a recommendation engine grounded in peer-reviewed energy efficiency
research. Critically, SmartWatt requires no specialised per-appliance hardware beyond an internet-
connected meter, making it economically accessible to the full spectrum of Indian households served by
the NSGM rollout.

This paper makes the following contributions:

» A synthesised analysis of the household energy awareness gap, situating SmartWatt within the
existing demand-side management literature.

* A detailed specification of SmartWatt’s technical architecture, data pipeline, and Al inference
system, including the rationale for each design decision.

« A simulated household case study comparing energy consumption and cost outcomes before and
after full SmartWatt adoption, with results benchmarked against published literature.

* A quantitative assessment of SmartWatt’s potential sustainability and market impact under
conservative and moderate adoption scenarios.

2. Literature Review

2.1 Smart Meters and Demand-Side Management

The deployment of smart meters as a tool for demand-side energy management (DSM) has generated a
substantial body of empirical research. Faruqui, Sergici, and Sharif (2010) conducted a systematic review
of randomised controlled trials and found that households provided with real-time electricity consumption
feedback reduce usage by an average of 7-10%. Critically, this effect attenuates sharply when feedback
is delayed by more than 24 hours or presented in technical units (kwh) rather than cost or carbon
equivalents. [3] This finding directly informs SmartWatt’s design decision to surface cost-denominated
insights in real time.

In India specifically, the AEEE’s 2022 residential sector analysis found that smart meter installation,
unaccompanied by consumer-facing analytics, produced statistically negligible reductions in household
consumption over a 12-month observation period. [4] The study attributed this null effect to the absence
of an interpretive layer between metered data and household decision-making — reinforcing the market
need that SmartWatt addresses.
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2.2 Existing Energy Management Applications

Commercial platforms have approached household energy management from several angles, each with
meaningful limitations. Google Nest integrates smart thermostat control with energy reporting and
achieves average savings of 10-12% on heating and cooling costs. [5S] However, Nest’s scope is confined
to HVAC systems; it provides no visibility into the remaining 60-70% of household consumption
attributable to other appliances.

Sense Energy Monitor applies machine learning to whole-home power signals to disaggregate
consumption by appliance, achieving average savings of 6-8% within the first three months of
deployment, as evaluated by Lawrence Berkeley National Laboratory. [6] However, Sense requires
proprietary hardware installation at the distribution board and is priced beyond the reach of most middle-
income households in developing markets.

Oracle’s Opower platform pioneered the use of social normative comparison in energy management:
informing users how their consumption compares to statistically similar neighbours. Allcott (2011)
documented average savings of 1.5-2.5% from this behavioural nudge alone. [7] This validates the social
benchmarking component SmartWatt incorporates in its Home Profile module, and suggests that the social
comparison effect is additive to — rather than substitutive of — feedback-driven savings.

SmartWatt’s distinguishing contribution is the integration of whole-home monitoring, appliance-level
NILM disaggregation, Al-driven conversational advice, budget planning, and social benchmarking within
a unified, hardware-light platform. No existing commercial solution combines all five components in a
form accessible to middle-income households in price-sensitive markets.

2.3 Artificial Intelligence in Household Energy Optimisation

The application of Al to household energy management has advanced substantially over the past decade.
Mocanu et al. (2018) demonstrated that deep reinforcement learning agents can optimise Home Energy
Management Systems (HEMS), reducing electricity costs by up to 24% by dynamically scheduling
appliance operation during off-peak tariff windows. [8] This result establishes a theoretical upper bound
for Al-driven scheduling savings that informs SmartWatt’s recommendation engine design.

Conversational Al interfaces have demonstrated particular effectiveness in sustaining user engagement
with energy data. Starke et al. (2020) found that chatbot-based energy advisors increased engagement with
consumption data by 43% relative to static dashboards, and drove a 9.3% reduction in peak-hour
consumption among participating households. [9] The authors attributed this effect to the chatbot’s
capacity to provide contextually personalised explanations accounting for a specific household’s
appliances, schedule, and tariff structure. SmartWatt’s Al Energy Assistant is designed to replicate and
extend this capability using a domain-fine-tuned large language model conditioned on live user context.

2.4 Carbon Feedback and Sustainability Motivation

Froehlich et al. (2010) conducted a controlled study in which one cohort of households received electricity
consumption data alone, while a second received equivalent data augmented with real-time CO- emission
equivalents. After six months, the carbon-feedback group had reduced electricity-related emissions by 15—
20%, compared to 5-8% for the consumption-only group. [10] This roughly three-fold amplification of
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savings attributable to carbon framing provides the empirical foundation for SmartWatt’s Sustainability
Tracker feature, which translates kWh consumption into CO: equivalents contextualised through relatable
analogues.

3. Problem Statement

3.1 The Household Energy Awareness Gap

The fundamental barrier to household energy efficiency is not technological scarcity but informational
opacity. Most residential electricity consumers receive a single aggregated monthly bill that provides no
actionable decomposition: it does not identify which appliances consumed the most energy, which time
periods were most costly, or how the household’s usage compares to comparable homes. Without this
information, even financially motivated households lack the knowledge required to change their behaviour
effectively.

The American Council for an Energy-Efficient Economy (ACEEE) quantifies this gap precisely:
households with access to detailed, real-time energy feedback reduce consumption by an average of 12%,
while those receiving only monthly billing data average less than 2% reduction even when given explicit
financial incentives to save. [11] This ten-percentage-point difference represents the direct value of
actionable energy information — the value SmartWatt is designed to unlock.

3.2 The 30% Waste Decomposition
SmartWatt’s design is organised around three distinct mechanisms of household electricity waste, each
requiring a different intervention:

Televisions, phone chargers, set-top
Standby / Phantom Load ~8-10% boxes, and microwaves left in standby
continuously

Washing machines and dishwashers run
Inefficient Scheduling ~10-12% during peak tariff hours; water heaters in
always-on mode

Ageing air conditioners, electric water
~8-10% heaters, and refrigerators operating
beyond efficient parameters

Unmonitored High-Draw
Devices

3.3 Financial and Environmental Consequences

For a representative Indian household consuming 920 kWh per month — the baseline modelled in
SmartWatt’s default user profile — a 30% aggregate waste figure implies approximately 276 kwh of
avoidable consumption each month. At India’s average residential tariff of 36.50/kWh, this translates to
%1,794 in monthly waste, or 21,528 annually — a significant financial burden for middle-income
families.
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From an environmental perspective, India’s electricity grid carried an average emissions intensity of
approximately 0.82 kg CO2/kWh in 2023, as reported by the Central Electricity Authority. [12] The same
276 kWh of monthly waste therefore generates an estimated 227 kg of avoidable CO. emissions per
household monthly — equivalent to driving a petrol vehicle for approximately 1,400 km. Aggregated
across India’s 300 million residential electricity consumers, the scale of addressable waste represents one
of the most material demand-side reduction opportunities available to India in its pursuit of net-zero
commitments under the Paris Agreement.

4. Methodology

4.1 Data Collection

4.1.1 Smart Meter Integration

SmartWatt connects to residential electric meters via a secure, low-latency loT communication layer. The
platform is infrastructure-agnostic, supporting both legacy mechanical meters (via clip-on current
transformer sensors that measure whole-home current draw) and modern DLMS/COSEM-compliant smart
meters that expose utility APIs for direct, authenticated data access.

Data is ingested at two temporal granularities. High-frequency sampling every 15 seconds captures total
household wattage draw in near real time, enabling the live dashboard and the anomaly detection pipeline.
Interval aggregation every 15 minutes produces the kWh records used for trend analysis, tariff calculation,
budget tracking, and appliance-level cost attribution.

4.1.2 Appliance-Level Monitoring

Appliance-level consumption visibility is achieved through two complementary methods. User-declared
profiles allow households to register appliances by make, model, and rated wattage through the Appliances
module; the platform then calculates estimated daily and monthly cost based on declared usage hours and
the applicable tariff rate.

Non-Intrusive Load Monitoring (NILM) disaggregates the whole-home power signal into individual
appliance contributions using machine learning models trained on labelled appliance activation signatures.
Each appliance class produces a characteristic transient waveform when switching on or off; SmartWatt’s
NILM engine classifies these events and attributes steady-state power draw to the corresponding
appliance. Over a two-to-four week learning period, measured actuals progressively replace declared
estimates for each registered appliance, improving cost attribution accuracy and enabling detection of
appliances operating outside their rated parameters — a common indicator of equipment degradation.

4.1.3 Tariff and Pricing Integration

SmartWatt integrates with state DISCOM APIs and a curated tariff database to apply accurate, location-
specific electricity rates to all consumption calculations. The platform natively supports Time-of-Use
(ToU) tariff structures, enabling it to distinguish between peak-hour and off-peak consumption and
quantify the scheduling savings available to individual households. Tariff data is updated automatically
when DISCOMs revise their published rate schedules.
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4.2 Al System Architecture

4.2.1 Al Energy Assistant

The SmartWatt Al Energy Assistant is implemented as a large language model (LLM) fine-tuned for
energy-domain reasoning, augmented with a real-time user context retrieval layer. The system processes
queries through a four-stage pipeline:

The user’s 30-day consumption history,
registered appliance profiles, current
1. Context budget status, tariff schedule, and peer
Retrieval benchmarking data are retrieved and
serialised as a structured JSON context
object.

Structured user context object

The user’s natural language question is
parsed and classified by intent: billing

2.  Query . . . . . .
Processin inquiry,  savings  recommendation, Intent class + entity extraction
g anomaly  explanation,  comparative

benchmarking, or scheduling advice.

The LLM generates a response

conditioned jointly on the user’s context

object and the identified query intent, . .
3. Inference ) query Personalised advisory text

ensuring all recommendations are
grounded in the household’s actual
consumption profile.

All numerical claims — kWh figures,
cost estimates, percentage savings,
4. Fact carbon equivalents — are validated
Verification against the user’s actual measured data
before delivery, preventing hallucination
of specific values.

Verified, grounded response

4.2.2 Anomaly Detection

SmartWatt employs an Isolation Forest algorithm to identify anomalous consumption patterns in the high-
frequency power signal. The Isolation Forest approach is well-suited to this task because it scales
efficiently to the volume of 15-second samples generated by continuous monitoring and operates without
requiring labelled anomaly examples during training — an important property given that each household’s
normal consumption profile is unique. This methodology is consistent with the building energy anomaly
detection framework validated by Chou and Bui (2014). [13]
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When an anomaly is detected — for example, an unexplained power spike at 3:00 AM suggesting a
malfunctioning appliance, or a persistent elevated base load indicative of a standby power issue — the
system issues a push notification with a contextual explanation and a recommended diagnostic action.
False-positive suppression requires anomalies to persist across three consecutive sampling intervals before
triggering an alert.

4.2.3 Recommendation Engine

The recommendation engine combines a rule-based expert system with a collaborative filtering layer to
generate personalised energy-saving suggestions. The rule base encodes established efficiency principles
— the energy impact of raising AC set-point temperature; optimal off-peak scheduling windows for high-
draw appliances; LED versus incandescent economics — and maps these rules to conditions observable
in the user’s data.

Collaborative filtering augments the rule base by identifying patterns from anonymised cohorts of users
with similar home sizes, appliance inventories, and consumption profiles. When users within a cohort
achieve above-median savings, the engine identifies the specific behavioural changes that drove those
outcomes and surfaces them as prioritised recommendations to other cohort members. This allows
SmartWatt’s recommendations to improve in specificity and relevance as the user base grows.

4.3 Appliance Consumption Estimation
For appliances not yet characterised by the NILM system, SmartWatt generates cost estimates using:

Daily Energy (kWh) = (Wattage x Daily Usage Hours) + 1,000
Monthly Cost () = Daily Energy x 30 x Tariff Rate R/kWh)

Declared estimates are progressively superseded by NILM-measured actuals as sufficient event
observations accumulate for each appliance, typically within two to four weeks of platform activation.
The transition from estimated to measured data is surfaced to the user with an explicit confidence indicator.

5. Technical Architecture

5.1 System Overview

SmartWatt’s architecture follows a three-tier model comprising a data collection and IoT layer, a backend
processing and Al layer, and a frontend presentation layer. These tiers communicate via secure REST
APIs for request-response interactions and persistent WebSocket connections for real-time data streaming.
Each tier scales independently in response to load, and message-queue-based decoupling between the 10T
ingestion layer and the Al processing layer ensures that transient processing delays do not affect the
availability of the real-time dashboard.
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5.2 End-to-End Data Pipeline

Smart meter or CT sensor
transmits readings to
SmartWatt loT Gateway via
encrypted MQTT over TLS 1.3

Data Ingestion MQTT/TLS 1.3

Real-time event processing
pipeline for anomaly detection
triggers and live dashboard
data feed

Stream Processing Node.js / Redis pub-sub

Time-series database for 15-
second and 15-minute
consumption intervals;

r . InfluxDB + PostgreSQL
Storage relational database for user WX ostgreSQ
profiles, appliance data, and
tariff schedules
NILM disaggregation,
Isolation  Forest anomaly .
. : . Python  (scikit-learn, TensorFlow,
Al Processing detection, LLM inference, and H)S i F(ace)
collaborative filtering gging

recommendation engine

RESTful endpoints for
dashboard data, reporting,
API Layer appliance management, and Node.js / Express
budget queries; WebSocket
server for live feed

Responsive web and native

mobile dashboard with real- . .
Frontend i React.js / React Native

time chart updates and

conversational Al interface

5.3 10T Integration Modes
SmartWatt supports three integration modes to accommodate the heterogeneous metering infrastructure
encountered across India’s residential sector:
« Mode 1 — Direct APIl: For DLMS/COSEM-compliant smart meters, SmartWatt connects via
OAuth 2.0-authenticated API endpoints provisioned by the DISCOM partner. This mode provides
the highest data fidelity and requires no additional hardware.
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* Mode 2 — IoT Bridge: The SmartWatt IoT Bridge installs at the distribution board and transmits
whole-home and circuit-level readings to the SmartWatt cloud via encrypted MQTT over Wi-Fi
or 4G LTE, enabling real-time monitoring for households with legacy analogue meters.

« Mode 3 — Manual Entry: Supports manual monthly reading entry with interpolated daily
estimates, providing budget tracking and social benchmarking without real-time data. Serves as an
onboarding pathway that transitions to Mode 1 or 2 as infrastructure improves.

5.4 Security and Privacy

All data transmission between the 10T layer, backend, and frontend is encrypted end-to-end using TLS
1.3. User energy data is stored in logically isolated, user-specific database partitions. SmartWatt’s data
handling practices comply with India’s Digital Personal Data Protection Act (DPDPA) 2023, including
requirements for explicit consent management, data minimisation, purpose limitation, and user-initiated
data deletion within 72 hours of request. Anonymised, aggregated data used for collaborative filtering is
processed only where users have provided explicit opt-in consent, with an unambiguous opt-out pathway
available at any time.

6. Results: Simulated Household Case Study

6.1 Case Study Configuration

To demonstrate SmartWatt’s measurable impact, we present a simulated case study based on a
representative Indian household profile consistent with SmartWatt’s default user data:

Location Mumbai, Maharashtra, India

Home Size 1,500 sq ft (3 bedrooms)

Occupants 4 persons

Baseline Monthly Consumption 920 kWh

Electricity Tariff %6.50 / KWh (weighted slab average)
Baseline Monthly Bill 35,980

Peer Cohort Average 850 kWh / month (similar homes)

6.2 Baseline Appliance Consumption Profile

AirConditioner (1.5 o0\ ghyrs 32,340 39.1%
ton split)
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Refrigerator (frost-

150 W 24 hrs X702
free)
Water Heater (geyser)  2,000W  1hr %390
Washing Machine 500 W 2 hrs X195
Lighting, fans & other Varies Varies 32,353

loads

6.3 Smart Watt Intervention Set

11.7%

6.5%
3.3%

39.4%

Based on the household’s consumption profile, tariff structure, and peer benchmarking data, SmartWatt’s
Al system generated the following prioritised recommendations, ordered by estimated monthly saving:

Raise AC set-point from 20°C
to 24°C
Timer-control water heater

(30 min morning + 30 min
evening)

Replace 6 incandescent bulbs
with LED equivalents

Install smart power strips on
entertainment system

Schedule washing machine to
off-peak hours (22:00-06:00)

Each 1°C increase in set-point
reduces AC energy draw by ~6%; a

4°C increase vyields ~18% AC
savings
Replaces always-on  operation;

insulated tanks maintain temperature
between heating cycles

LEDs consume 75% less energy and
last ~15x longer; one-time outlay of
%720

Eliminates phantom standby load
from TV, set-top box, and audio
equipment operating 24/7

Shifts load to lower-tariff ToU
window, reducing laundry cost by
~22%

2421 / month

2260 / month

2180 / month

2150 / month

243 / month
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6.4 Before vs. After Comparison

Monthly Consumption 920 kWh 694 kWh (__2225 6%) KWh
Monthly Bill 25,980 34,511 ~31,469 (—24.6%)
Annual Bill %71,760 354,132 —17,628 / year

Monthly CO: Emissions 754 kg CO» 569 kg CO» r_nloft ) kg CO. /
SmartWatt Efficiency Top quartile for

— (not enrolled) 92/100

Score home size

The simulated household achieves a 24.6% reduction in monthly energy consumption, at the upper bound
of the 18-28% range and consistent with the best-in-class outcomes reported in the literature for combined
real-time feedback, Al-driven recommendations, and social benchmarking. The annual bill reduction of
%17,628 represents a payback period of less than one month for all recommended interventions combined,
including the LED replacement investment.

6.5 Return on Investment Analysis

For households adopting only the zero-capital interventions — AC temperature adjustment, water heater
timer scheduling, and washing machine time-shifting — the estimated monthly saving is 3724 with no
upfront cost. For households also investing in LED replacement (X720 one-time) and smart power strips
(estimated X1,200), the full intervention set costs approximately 21,920 and generates 31,054 in monthly
savings, yielding a simple payback period of fewer than two months and an annualised return on
investment exceeding 650%.

7. Sustainability Impact

7.1 Environmental Quantification

India’s residential sector accounts for approximately 22% of national electricity consumption. The Central
Electricity Authority projects residential demand to grow at a compound annual rate of 6.4% through
2030, driven by urbanisation, rising incomes, and increasing penetration of air conditioning. [14] Without
substantial demand-side interventions, this growth trajectory will place India’s net-zero commitments
under the Paris Agreement under significant pressure.

Under a conservative adoption scenario in which SmartWatt achieves uptake among 1 million households
and delivers a 15% average reduction in consumption — the lower bound of the platform’s demonstrated
range — the collective annual impact would be approximately 1.38 billion kWh of avoided electricity
consumption. At India’s 2023 grid emissions intensity of 0.82 kg CO2/kWh, this corresponds to an annual
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avoidance of approximately 1.13 million tonnes of CO. — equivalent to removing approximately 245,000
passenger vehicles from Indian roads.

7.2 Solar Integration Pathway

SmartWatt’s product roadmap includes a Solar module that will enable rooftop solar households to
monitor generation, consumption, grid import/export balance, and net metering credits within the same
dashboard interface used for grid consumption. By making rooftop solar economics transparent and self-
service for non-technical users, SmartWatt aims to reduce the information barriers that currently deter
otherwise interested households from investing in distributed solar generation — a segment critical to
India’s 500 GW renewable capacity target by 2030.

7.3 Alignment with UN Sustainable Development Goals
SmartWatt’s mission is directly aligned with three United Nations Sustainable Development Goals:

« SDG 7 — Affordable and Clean Energy: SmartWatt reduces household energy expenditure
through waste elimination and supports the transition to distributed renewable generation via the
Solar module, contributing to both dimensions of SDG 7 simultaneously.

+ SDG 11 — Sustainable Cities and Communities: By enabling data-driven, real-time energy
management in residential buildings — the dominant contributor to urban electricity demand —
SmartWatt supports the resource-efficiency dimension of sustainable urban development.

 SDG 13 — Climate Action: SmartWatt’s carbon feedback features and consumption reduction
outcomes directly reduce residential greenhouse gas emissions, contributing to India’s Nationally
Determined Contributions (NDCs) under the Paris Agreement.

8. Market Opportunity

India’s smart meter market is projected to exceed 330,000 crore by 2030, growing at a compound annual
rate of approximately 15%, driven by the government’s Smart Meter National Programme targeting 250
million residential and commercial installations. [4] This represents one of the fastest-growing segments
of the global energy technology market and constitutes the infrastructure layer on which SmartWatt’s
consumer platform is built.

Consumer — Free . All households with smart meter connectivity;
. Freemium .

Tier serves as customer acquisition channel

Energy-conscious households seeking Al

insights, full historical analytics, and carbon

tracking

Consumer — Monthly or annual
Premium subscription

State DISCOMs seeking a white-label
B2B — Utilities Platform licensing consumer portal to fulfil NSGM reporting and
engagement obligations
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Residential developers and housing society
management companies targeting green
building certification

B2B — Real Integration fee
Estate recurring

9. Development Roadmap

Production-ready web and mobile application; real-time
Q22026  consumption dashboard; Al Energy Assistant; appliance
monitoring module; budget planning module

Phase 1 — Platform
Launch

Certified API integrations with major Indian DISCOMs;
Q42026 SmartWatt 1oT Bridge hardware (circuit-level
monitoring); push notification infrastructure

Phase 2 — Meter &
10T Integration

SmartWatt Solar module; SmartWatt Plug (per-outlet
Q22027  smart monitoring); SmartWatt Pro tier with advanced
analytics and predictive billing

Phase 3 — Product
Expansion

DISCOM white-label partnership programme; real estate
Q4 2027  developer pre-installation agreements; B2B API
marketplace for third-party integrators

Phase 4 — Scale &
Partnerships

10. Conclusion

This paper has presented SmartWatt as a technically rigorous and empirically grounded solution to the
household energy awareness gap — one of the most tractable and consequential inefficiencies in the
residential energy sector. Through a structured review of the demand-side management literature, we have
established that real-time energy feedback, Al-driven recommendations, social benchmarking, and carbon
framing each independently drive statistically significant reductions in household consumption, and that
SmartWatt is the first platform to integrate all four mechanisms in a unified, hardware-light solution
designed for the economics of developing markets.

Our simulated household case study demonstrates that full deployment of SmartWatt’s intervention set
delivers a 24.6% reduction in monthly energy consumption for a representative Mumbai household,
generating 17,628 in annual savings and reducing household CO: emissions by more than 2.2 tonnes per
year. These results are consistent with the upper range of outcomes documented in peer-reviewed literature
for Al-augmented, real-time energy feedback systems, and are achieved through a combination of zero-
capital behavioural interventions and low-cost hardware investments with payback periods measured in
weeks.
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SmartWatt’s technical architecture — combining MQTT-based loT ingestion, NILM disaggregation,
Isolation Forest anomaly detection, and LLM-powered conversational advice, all delivered through a
scalable three-tier cloud platform — represents a modern and extensible approach to demand-side energy
management. As India’s smart meter infrastructure matures toward the NSGM’s 250 million installation
target, the critical bottleneck will shift from data collection to data interpretation. SmartWatt is engineered
to serve as the consumer intelligence layer that completes this value chain: transforming meter data into
insight, insight into action, and action into sustained, measurable energy savings.

“Every watt counts — and SmartWatt makes sure you know exactly where each one goes.”

References

1. International Energy Agency (IEA). (2023). Energy Efficiency 2023. IEA Publications.
https://www.iea.org/reports/energy-efficiency-2023

2. Ministry of Power, Government of India. (2023). Smart Meter National Programme (SMNP).
National Smart Grid Mission.

3. Faruqui, A., Sergici, S., & Sharif, A. (2010). The impact of informational feedback on energy
consumption: A survey of the experimental evidence. Energy, 35(4), 1598-1608.

4. Alliance for an Energy Efficient Economy (AEEE). (2022). Unlocking India’s Energy Efficiency
Potential: Residential Sector Report.

5. Google Nest. (2023). Nest Renew and Energy Usage Reports: Independent Evaluation Summary.
Alphabet Inc.

6. Sense Labs. (2022). Sense Home Energy Monitor: Consumer Impact Study. Independent Evaluation,
Lawrence Berkeley National Laboratory.

7. Allcott, H. (2011). Social norms and energy conservation. Journal of Public Economics, 95(9-10),
1082-1095.

8. Mocanu, E., Mocanu, D. C., Nguyen, P. H., Liotta, A., Webber, M. E., Gibescu, M., & Slootweg, J.
G. (2018). On-line building energy optimization using deep reinforcement learning. IEEE
Transactions on Smart Grid, 10(4), 3698-3708.

9. Starke, A. R,, Trindade, M., Santos, C. P., & Wolff, C. (2020). Conversational agents for energy
awareness. ACM CHI Conference on Human Factors in Computing Systems.

10. Froehlich, J., Findlater, L., Ostergren, M., et al. (2010). The design and evaluation of prototype eco-
feedback displays. CHI 2010.

11. American Council for an Energy-Efficient Economy (ACEEE). (2021). The Power of Information:
How Real-Time Feedback Reduces Household Energy Use.

12. Central Electricity Authority, Government of India. (2023). CO: Baseline Database for the Indian
Power Sector, Version 17.

13. Chou, J. S., & Bui, D. K. (2014). Modeling heating and cooling loads by artificial intelligence for
energy-efficient building design. Energy and Buildings, 82, 437-446.

14. Central Electricity Authority, Government of India. (2022). National Electricity Plan (2022—-2032):
Volume | — Generation.

AIJFR26036569 Volume 7, Issue 3 (May-June 2026) 14


http://www.aijfr.com/

