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Disclaimer 
This is a strategic intelligence report, not investment advice. The analyses, frameworks, 

estimates, scenarios, and recommendations contained herein are intended to support decision-

making by business leaders, investors, and policymakers. They do not constitute a recommendation 

to invest in, divest from, acquire, or partner with any company, technology, or sector mentioned in 

this report. 

Estimates and scenarios are clearly labelled. Every numerical claim in this report falls into one 

of four categories: (A) verified fact, supported by a named, credible source; (B) derived estimate, 

calculated using transparent assumptions stated in the report or its appendices; (C) scenario, 

presenting a base, upside, or downside case with explicit assumptions; or (D) illustrative model, 

used to explain an economic or operational framework and clearly labelled as illustrative. 

Illustrative numbers are never presented as observed market data. 

Forward-looking statements are inherently uncertain. Statements about future adoption rates, 

market sizes, technology maturity, policy evolution, and competitive outcomes involve 

assumptions about events that have not yet occurred. Actual results may differ materially. Readers 

should treat forecasts beyond a 12-month horizon as scenario planning rather than prediction. 

Company and vendor mentions are factual references, not endorsements. Inclusion of a 

vendor, startup, or system integrator in this report reflects its observed market presence and is 

based on publicly available information. Techadyant Labs has not independently audited the 

financial statements, technical claims, or product capabilities of any third party mentioned. 

Exclusion of a vendor does not imply any judgement on its quality or relevance. 

Industry benchmarks and meta-analyses carry inherent variance. Where this report cites 

performance ranges — for example, scrap reduction percentages or payback periods — these are 

drawn from a synthesis of public case studies, vendor disclosures, and Techadyant Labs' own 

deployment database. Individual results will vary based on plant vintage, sector, process stability, 

data quality, and execution discipline. 

Policy and regulatory references are time-sensitive. Indian industrial policy, AI governance 

frameworks, and sector-specific regulations are evolving rapidly. Statements about active schemes, 

expected policy actions, or compliance timelines reflect the position as of the report's publication 

date and should be verified against current government notifications before action. 

No representation or warranty is made as to the accuracy or completeness of the information 

in this report. Techadyant Labs, its affiliates, and the authors accept no liability for any loss or 

damage arising from reliance on any information or view expressed herein. The reader assumes full 

responsibility for decisions taken on the basis of this report. 
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About Techadyant Labs 
Techadyant Labs is an independent industrial intelligence and applied research practice focused 

on the operational, economic, and strategic dimensions of industrial transformation in India and 

other emerging manufacturing economies. We work at the intersection of manufacturing 

operations, industrial technology, capital markets, and public policy. 

Our research combines field deployment experience, vendor ecosystem mapping, financial 

modelling, and structured dialogue with industry executives, plant heads, and policymakers. The 

Labs produce strategic intelligence publications, decision frameworks, and diagnostic tools 

intended to raise the quality of capital allocation and capability building in Indian industry. 

Techadyant Labs maintains a strict editorial independence policy. We do not accept payment for 

placement in our reports, do not endorse specific vendors, and do not manage investment capital. 

Our publications are funded by subscription revenue from corporate, investor, and government 

partners who value analytical neutrality over advocacy. Our research conclusions are determined 

solely by the evidence. 

Scope of work 

● Strategic intelligence reports. Long-form publications such as this one, addressing 

strategic questions at the intersection of technology, industry, and capital. 

● Decision frameworks. Reusable tools — readiness diagnostics, vendor due-diligence 

templates, use-case prioritisation matrices — that help operating teams make better 

decisions. 

● Industrial AI deployment advisory. Hands-on support for selected manufacturers and 

investors, focused on pilot design, vendor selection, and stage-gated scale-up. 

● Ecosystem research. Mapping of Indian industrial technology ecosystems, including 

vendor landscapes, startup databases, and policy trackers. 

This report is the first in a planned series examining the operational economics of industrial 

transformation across Indian manufacturing. Subsequent editions will address industrial robotics, 

industrial cybersecurity, industrial data platforms, and the workforce transition. 

CONTACT 

Techadyant Labs | labs.techadyant.com | labs@techadyant.com 
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Editorial Note 
Industrial artificial intelligence has crossed the threshold from speculative enthusiasm to 

operational relevance for Indian manufacturing. Yet the conversation in most Indian boardrooms 

and plant floors remains trapped between two unhelpful extremes: technology vendors promising 

transformative returns from pilots that rarely scale, and finance leaders dismissing AI as 

experimental given the absence of comparable benchmarks. Neither position serves the decision-

maker. 

This report was conceived to fill that gap. Our objective is not to argue that industrial AI is 

universally valuable — it is not — nor to provide an encyclopaedia of techniques. It is to give 

manufacturing CEOs, plant heads, CFOs, investors, and policymakers a decision-quality document 

that answers the questions they actually face: where is the economic value, how much does 

implementation really cost, which sectors and use cases are ready, what should be done first, and 

what capabilities will determine competitive advantage over the next decade. 

The report is grounded in three years of deployment observation, vendor ecosystem mapping, 

and structured dialogue with more than eighty Indian manufacturers and technology providers. 

Where the evidence is strong, we say so. Where it is weak or contested, we say that too. Where 

reliable data does not exist, we provide transparent estimates and clearly labelled scenarios rather 

than manufactured precision. 

We have written in the discipline of senior consulting research: every paragraph begins with a 

conclusion, supports it with evidence, explains its implications, and ends with strategic insight. We 

have avoided generic AI enthusiasm, marketing language, and filler. The reader's time is the scarce 

resource; the report respects it. 

This is a document to be used, not merely read. The frameworks, exhibits, and appendices are 

designed to support specific decisions: where to deploy capital, which vendors to shortlist, which 

risks to insure against, which capabilities to build internally, and which conversations to have with 

boards, lenders, and policymakers. We hope it earns a place on the desks of those shaping India's 

industrial future. 

— The Editorial Team, Techadyant Labs 
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How to Read this Report 
This report is designed for selective reading by senior decision-makers operating under time 

constraints. Each chapter is self-contained and may be read independently. Cross-references point 

to related exhibits and analyses where they add value. 

Reader pathways 

Chief Executive Officers and Managing Directors. Begin with the Executive Summary, then read 

Chapter 1 (inflection point), Chapter 2 (where value sits), and Chapter 10 (road to 2035). The CEO 

Agenda for Industrial AI at the end of the Executive Summary translates findings into five concrete 

decisions. 

Chief Financial Officers and Finance Leaders. Focus on Chapter 5 (economics), Chapter 7 (build 

/ buy / partner / integrate), and Appendix D (investment model). The financial models in the 

companion Excel workbook can be parameterised for your own context. 

Plant Heads, Chief Operating Officers, and Operations Leaders. Read Chapters 3 (use-case 

portfolio), 4 (sector opportunities), 6 (adoption architecture), and 9 (failure modes). Appendix A 

(readiness assessment) provides a self-diagnostic. 

Investors, Private Equity, and Venture Capital. Prioritise Chapters 2 (value pool), 5 (economics), 

8 (Indian ecosystem), and 10 (scenarios). The companion Excel workbook contains company and 

startup databases plus forecast assumptions. 

Policymakers and Government. Read Chapter 1 (inflection point), Chapter 8 (ecosystem), 

Chapter 10 (strategic decisions for India), and Appendix F (methodology). The Policy Tracker in the 

Excel workbook covers central and state schemes. 

Industrial Technology Companies and System Integrators. Focus on Chapters 3 (use cases), 4 

(sectors), 7 (sourcing decisions), and 8 (ecosystem). The vendor landscape and capability stack 

provide positioning context. 

Reading conventions 

● Numbered exhibits. Figures and tables are numbered sequentially. Each exhibit includes a 

professional title, source, and a Key Insight annotation explaining what the reader should 

take from it. 

● Callout boxes. Highlighted boxes contain executive takeaways, key findings, and case 

material. They are designed to be read in sequence by skimmers. 

● Data categories. Every numerical claim is one of: (A) verified fact, (B) derived estimate, (C) 

scenario, (D) illustrative model. The category is stated in the surrounding text or in the 

source line of the exhibit. 
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● Currency. All monetary values are in Indian Rupees (₹) unless otherwise stated. ₹1 lakh = 

₹100,000. ₹1 crore = ₹10 million. US$ values are used where the underlying source is 

denominated in dollars. 

● Time horizon. Primary analysis covers 2026–2030. Strategic outlook extends to 2035. 

Historical context uses the minimum period necessary to explain the current situation. 

Companion materials 

This report is accompanied by a companion Excel workbook containing master datasets, 

company and startup databases, three parameterised financial models, technology mapping, a 

policy tracker, and source data for all exhibits. All exhibit data can be traced back to the workbook. 
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Glossary 
The following definitions apply throughout this report. Where industry usage varies, we have 

selected the meaning most useful for strategic and operational decision-making in Indian 

manufacturing contexts. 

Term Definition 

Anomaly 

detection 

Identification of observations that deviate from a learned normal pattern. In industrial 

AI, applied to sensor time-series, vibration spectra, vision data, and process 

parameters to flag incipient failures or quality drift. 

Computer 

vision 

A class of AI techniques that interpret visual data from cameras. In manufacturing, 

used for quality inspection, defect classification, surface anomaly detection, and 

operator safety monitoring. 

Digital twin 

A virtual representation of a physical asset, process, or system, kept synchronised with 

the physical counterpart via sensor data. Used for simulation, scenario analysis, and 

process optimisation. 

Edge 

computing 

Processing of data near the source of generation (sensor, machine, or plant gateway) 

rather than in a centralised cloud. Reduces latency, conserves bandwidth, and supports 

data residency. 

EBITDA 
Earnings Before Interest, Taxes, Depreciation, and Amortisation. A standard measure of 

operating profitability used throughout this report to express AI-driven value impact. 

Industrial AI 

The application of artificial intelligence techniques — including machine learning, 

computer vision, and optimisation — to industrial operational problems such as 

quality, maintenance, energy, throughput, and safety. Distinct from consumer or 

enterprise AI by virtue of its operational, safety-critical, and OT-integrated context. 

Industrial IoT 

(IIoT) 

The network of sensors, devices, and software platforms that collect, transmit, and 

analyse operational data from industrial assets. The data foundation on which most 

industrial AI applications depend. 

MLOps 

Machine Learning Operations: the practices and tooling for deploying, monitoring, 

retraining, and governing machine learning models in production. Critical for sustaining 

AI performance over time. 

MES 

Manufacturing Execution System: software that manages and monitors work-in-

progress on the factory floor. A common integration target for industrial AI 

applications. 

OEE 
Overall Equipment Effectiveness: a composite metric of availability, performance, and 

quality. The most widely used single measure of manufacturing productivity. 
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Term Definition 

Operational 

Technology 

(OT) 

Hardware and software that monitors or controls physical devices, processes, and 

infrastructure. Distinct from IT in its real-time, safety-critical nature. 

PLC 
Programmable Logic Controller: an industrial computer used to automate machinery 

and processes. The dominant control layer in discrete and batch manufacturing. 

Predictive 

maintenance 

(PdM) 

Use of sensor data and machine learning to predict equipment failures before they 

occur, enabling condition-based intervention rather than time-based preventive 

maintenance. 

Residual 

Useful Life 

(RUL) 

An estimate, typically produced by a predictive maintenance model, of the remaining 

operational life of an asset before failure. 

Return on 

Invested 

Capital (ROIC) 

Net operating profit after tax divided by invested capital. A superior measure of capital 

efficiency than ROI for industrial investments. 

SCADA 
Supervisory Control and Data Acquisition: software for monitoring and controlling 

industrial processes, typically distributed across geographically dispersed assets. 

Total Cost of 

Ownership 

(TCO) 

The full lifecycle cost of an asset or system, including capex, opex, integration, training, 

cybersecurity, and decommissioning. The correct basis for industrial AI investment 

decisions. 

Technology 

Readiness 

Level (TRL) 

A nine-point scale (TRL 1–9) for measuring technology maturity, per NASA / ISO 16290. 

TRL 9 indicates a system proven in operational environment. 

Table G1. Glossary of key terms used in this report. | Source: Techadyant Labs. 

  



Techadyant Labs  |  Strategic Intelligence Report 2026 

X 

Abbreviations 

Abbreviation Expansion Abbreviation Expansion 

ACG Annualised Capex Glide MSME 
Micro, Small and Medium 

Enterprise 

AI Artificial Intelligence NLP Natural Language Processing 

API 
Application Programming 

Interface 
NPV Net Present Value 

ASRS 
Automated Storage and Retrieval 

System 
NSO National Statistical Office 

BEE Bureau of Energy Efficiency OEE Overall Equipment Effectiveness 

capex Capital Expenditure OECD 
Organisation for Economic Co-

operation and Development 

MCGS-

MSME 

Mutual Credit Guarantee Scheme 

for MSMEs (MCGS-MSME) 
opex Operating Expenditure 

CMMS 
Computerised Maintenance 

Management System 
OT Operational Technology 

CNC Computer Numerical Control PdM Predictive Maintenance 

DCS Distributed Control System PE Private Equity 

DPIIT 
Dept. for Promotion of Industry 

and Internal Trade 
PLC Programmable Logic Controller 

EBITDA 
Earnings Before Interest, Taxes, 

Depreciation, Amortisation 
PoC Proof of Concept 

EMS 

Energy Management System; 

Electronics Manufacturing 

Services 

ROI Return on Investment 

ERP Enterprise Resource Planning ROIC Return on Invested Capital 

FICCI 
Federation of Indian Chambers of 

Commerce and Industry 
RUL Residual Useful Life 

GDP Gross Domestic Product SCADA 
Supervisory Control and Data 

Acquisition 

GPU Graphics Processing Unit SIDBI 
Small Industries Development 

Bank of India 

IIoT Industrial Internet of Things SME Small and Medium Enterprise 
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Abbreviation Expansion Abbreviation Expansion 

IoT Internet of Things TCO Total Cost of Ownership 

IRR Internal Rate of Return TRL Technology Readiness Level 

IT Information Technology TSN Time-Sensitive Networking 

LLM Large Language Model VC Venture Capital 

MeitY 
Ministry of Electronics and 

Information Technology 
WMS Warehouse Management System 

MES Manufacturing Execution System WIP Work in Progress 

ML Machine Learning Y-o-Y Year-on-Year 

Table A1. Abbreviations used in this report. | Source: Techadyant Labs. 
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Executive Summary 

CENTRAL THESIS 

Industrial AI is moving from a technology experimentation phase to an operational economics 

phase. The winners in Indian manufacturing will not be the companies deploying the most AI — 

they will be those deploying AI against the highest-value operational constraints first, and building 

the organisational, data, and technology capabilities required to scale successfully. The strategic 

question for 2026 is no longer whether to deploy industrial AI; it is where, in what sequence, at 

what cost, and against what governance. 

Situation 

Indian manufacturing sits at a structural inflection. Input cost inflation, persistent skilled labour 

shortages, tightening quality and sustainability compliance, and intensifying price competition from 

China, Vietnam, and Mexico have compressed EBITDA margins across most sectors. The 

productivity gap with benchmark economies — Germany, Japan, South Korea, and increasingly 

China — has widened rather than narrowed over the past decade. India's manufacturing gross 

value added per worker remains approximately one-third of China's and one-sixth of Germany's. 

At the same time, the cost and capability of industrial AI technologies have crossed thresholds 

that make operational deployment economically viable for the first time. Industrial-grade cameras, 

edge compute appliances, sensors, and AI software platforms have declined 30 to 50 per cent in 

real terms since 2020. Foundation models for vision and time-series data have reduced the data 

volume required for production-grade deployments by an order of magnitude. Edge inference now 

delivers sub-100 millisecond latency at power draws compatible with shop-floor deployment. 

These two curves — rising operational pressure and falling technology cost — intersect in 2026. 

Indian manufacturers who recognise this intersection and act on it will compound operational and 

financial advantages that become difficult to reverse. Those who delay on the assumption that AI 

is still experimental will face a competitive gap that compounds with every capex cycle. 

Complication 

Three complications make the AI deployment decision genuinely hard for Indian manufacturers, 

particularly for SMEs. 

First, the technology is not the binding constraint. The cost of AI software and models is now a 

minority component of total cost of ownership. The dominant costs are sensors and 

instrumentation, systems integration with legacy SCADA / MES / ERP, workforce capability building, 

and ongoing cybersecurity hardening. A manufacturer that focuses on selecting the right AI 

algorithm and ignores the integration and capability dimensions will fail. 
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Second, the value pool is concentrated, not diffuse. Across the manufacturing sectors analysed 

in this report, approximately 70 per cent of addressable AI value sits in three operational levers: 

downtime reduction, yield and scrap reduction, and energy optimisation. Companies deploying AI 

against peripheral use cases will under-earn relative to peers who target the high-value levers first. 

Third, the failure rate is meaningful and underreported. Techadyant Labs' failure-mode 

database records a 35 to 45 per cent rate of significant underperformance across Indian industrial 

AI pilots that progress to scale-up attempts. The failure modes are not primarily technological — 

they are strategic (solving the wrong problem), data-related (poor instrumentation, unstable 

processes), organisational (no executive ownership), and financial (underestimated integration 

costs). 

These complications mean that the decision is not whether to invest in industrial AI, but how to 

do so in a way that produces measurable operational and financial returns rather than expensive 

pilots that never scale. 

Resolution 

The resolution is a disciplined, sequenced adoption strategy built around five principles, each 

developed in the chapters that follow. 

Principle 1 — Diagnose the loss base before selecting the technology. Begin with a quantified 

mapping of where operational value is lost — scrap, downtime, energy, working capital — 

expressed in EBITDA terms. Only then select AI use cases that target the largest loss categories. This 

inversion of the usual sequence (which begins with technology choice) is the single most important 

determinant of ROI. 

Principle 2 — Prioritise use cases with short payback and high operational ownership. 

Computer-vision quality inspection, predictive maintenance for rotary equipment, and energy 

monitoring typically deliver payback in 8 to 14 months in Indian SME contexts. Use cases with longer 

payback (digital twins, autonomous robotics, industrial copilots) should be deferred until the data, 

integration, and capability foundations are in place. 

Principle 3 — Build the data and instrumentation layer first. AI cannot generate value from data 

that does not exist. A material share of capex — typically 25 to 35 per cent — should be allocated 

to sensors, instrumentation, connectivity, and data platform integration before any AI model is 

deployed. Companies that under-invest in this layer are the most common failure mode in our 

database. 

Principle 4 — Adopt a stage-gated funding model. Treat industrial AI as a portfolio of 

investments, not a single bet. Release capital in stages tied to measurable operational KPIs: scrap 

reduction percentage, downtime hours saved, energy intensity improvement. A stage-gate 

between pilot and scale-up, signed off by both COO and CFO, prevents the most common failure 
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pattern — scaling an underperforming pilot because the company has already committed 

reputational capital. 

Principle 5 — Build internal capability, do not outsource understanding. While system 

integrators and vendors can deliver pilots, the company must build internal capability to specify 

problems, evaluate vendor claims, interpret model outputs, and govern deployments. A small 

internal team — typically three to five people for a mid-sized plant — is the difference between 

sustained value capture and dependency. 

Major findings 

This report produces seven major findings, each supported by evidence developed in the 

chapters that follow. 

Finding 1: The Indian industrial AI market will reach $4.8 to $6.2 billion by 2030 

From a 2025 baseline of $1.1 to $1.3 billion, the Indian industrial AI market is projected to grow 

at a compound annual rate of 32 to 38 per cent through 2030, driven by adoption in automotive 

components, pharmaceuticals, electronics, and specialty chemicals. This is a Category B derived 

estimate, based on sector-level loss-base analysis, vendor pipeline data, and stated capital 

deployment intentions of major Indian conglomerates. By 2035, in the accelerated scenario, the 

market could reach $14 to $18 billion. The growth will not be even: sectors with high data 

availability and high loss-base intensity (automotive, pharma, electronics) will adopt two to three 

times faster than sectors with fragmented SME bases and low instrumentation (textiles, food 

processing). 

Finding 2: Approximately 70 per cent of addressable value sits in three operational 

levers 

Across the sectors analysed, downtime reduction, yield and scrap reduction, and energy 

optimisation together account for 65 to 75 per cent of the addressable AI value pool. Computer-

vision quality inspection, predictive maintenance for rotary equipment, and AI-driven energy 

management are the highest-value, most proven, and most deployable use cases for Indian SMEs. 

Companies that disperse their AI investments across a wide portfolio of peripheral use cases — 

copilots, digital twins, autonomous robotics — before securing the high-value levers will under-

earn their peers by 200 to 400 basis points of EBITDA over a five-year horizon. 

Finding 3: Total cost of ownership is 2.4 to 3.2 times the AI software cost 

Across the deployment database maintained by Techadyant Labs, the all-in three-year TCO for a 

mid-sized Indian plant deployment is typically ₹2.5 to ₹5 crore (approximately $300,000 to 

$600,000). AI software and licences account for only 22 to 28 per cent of this; sensors and 

instrumentation, systems integration, edge computing, workforce training, cybersecurity, and 
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ongoing opex account for the balance. Investment cases that consider only the software cost — a 

common error in vendor-led proposals — systematically overstate ROI by a factor of two to three. 

Finding 4: The realistic 3-year ROI range is 28 to 88 per cent, with sector and execution 

variance 

For a mid-sized manufacturer deploying a focused portfolio of vision quality, predictive 

maintenance, and energy optimisation across five to ten production lines, the base-case three-year 

cumulative ROI is 58 per cent, with a downside of 28 per cent and an upside of 88 per cent. The 

variance is driven primarily by adoption scope (number of lines deployed), value uplift realised per 

line, and integration cost discipline. Small manufacturers (₹10–50 crore revenue) earn lower ROI in 

percentage terms but faster payback because they deploy fewer, more focused use cases. Large 

manufacturers (>₹250 crore) earn higher ROI in percentage terms but face longer payback due to 

integration complexity. 

Finding 5: Sector attractiveness and AI readiness diverge significantly 

Electronics manufacturing, pharmaceuticals, and automotive components are the priority 

sectors — high attractiveness and high readiness. Specialty chemicals and engineering machinery 

are ready but smaller pools. Food processing and textiles are large pools but low readiness — they 

will require sustained investment in instrumentation and data foundations before significant AI 

value can be captured. Metals and foundries, plastics, and cement fall in between. Sector selection 

matters as much as use-case selection: a manufacturer in a high-attractiveness, high-readiness 

sector can earn 2 to 3 times the ROI of an equivalent deployment in a low-readiness sector. 

Finding 6: India's industrial AI ecosystem is strong at applications and integration, weak 

at silicon and sensors 

Indian industrial AI capability is concentrated in three layers: vertical applications (vision quality, 

PdM, energy), system integration and domain services, and a growing class of domestic industrial 

AI startups. India is strategically dependent on imports at three layers: semiconductors and AI 

accelerators (fully imported), industrial sensors and PLCs (largely imported), and cloud compute 

(dominated by global hyperscalers). This dependency is a structural risk but also an opportunity: 

the domestic application, integration, and platform layers represent a $3 to $5 billion addressable 

market for Indian technology companies and investors by 2030. 

Finding 7: 35 to 45 per cent of pilots that attempt scale-up underperform materially 

The most common failure modes are not technological. Strategic failure (solving the wrong 

problem) accounts for 22 per cent of underperformance cases. Data failure (poor instrumentation, 

unstable processes) accounts for 28 per cent. Organisational failure (no executive ownership, 

workforce resistance) accounts for 19 per cent. Financial failure (underestimated integration and 

opex) accounts for 14 per cent. Technology and vendor failure together account for 17 per cent. 
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The implication is clear: companies that invest in problem selection, data readiness, organisational 

ownership, and financial discipline will outperform those that focus narrowly on technology 

selection. 

The Industrial AI opportunity map 

The opportunity map below summarises where the value is concentrated, organised by sector 

and use case. It is the report's central exhibit for capital allocation decisions. 

 

Figure 1.  Industrial AI value pool intensity: sector × operational lever 

Source: Techadyant Labs value-pool model. Scores blend loss-base size, AI addressability, and observed impact range. 

KEY INSIGHT 

Value is concentrated in quality, downtime, energy, and maintenance levers across automotive, 

electronics, pharma, and chemicals. Capital allocation should follow this concentration, not 

disperse across peripheral use cases. 

 

The economics: where ROI is strongest and weakest 

ROI is strongest in use cases with short payback, high operational ownership, and well-

instrumented processes. Computer-vision quality inspection, predictive maintenance for rotary 

equipment, energy monitoring and targeting, anomaly detection, and safety monitoring deliver 

payback in 8 to 14 months and three-year ROI in the 60 to 110 per cent range for mid-sized 

manufacturers. ROI is weakest in use cases requiring deep integration, custom model development, 

or significant process change. Digital twins, autonomous robotics, industrial copilots, and process 
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optimisation in continuous industries deliver payback of 18 to 36 months and three-year ROI in the 

20 to 50 per cent range. These use cases are not wrong — they are appropriate for later-stage 

adoption once the data, integration, and capability foundations are in place. 

 

Figure 2.  Payback period by industrial AI use case (median observed, Indian SME context) 

Source: Techadyant Labs deployment database. 

KEY INSIGHT 

The 12-month payback threshold separates deploy-now from prepare-for-deployment use cases. 

Companies should fund their first three pilots exclusively from the sub-12-month category. 

 

The adoption challenge 

Technology is not the binding constraint on Indian industrial AI adoption. The binding constraints 

are data availability (instrumentation is uneven, particularly in SMEs), systems integration capability 

(legacy SCADA, MES, and ERP environments are heterogeneous and poorly documented), 

workforce capability (very few plants have data engineers, MLOps engineers, or AI-literate 

operations leaders), access to appropriate capital (banks and SIDBI schemes are not yet calibrated 

to AI capex), and governance maturity (most plants lack the stage-gate, vendor due-diligence, and 

cybersecurity practices that AI deployment requires). 

These constraints are addressable, but not through vendor-led pilots. They require a deliberate, 

sequenced adoption programme — what we call the Industrial AI Adoption Architecture, presented 

in Chapter 6 — that begins with business problem selection and ends with continuous improvement 

and governance. 
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Sector winners and laggards 

Based on the attractiveness × readiness analysis developed in Chapter 4, the likely adoption 

leaders through 2030 are automotive components, pharmaceuticals, electronics manufacturing, 

and specialty chemicals. These sectors combine high loss-base intensity, decent data availability, 

sufficient margins to fund AI capex, and concentrated vendor ecosystems. The likely laggards are 

textiles, food processing, and unorganised plastics — sectors with fragmented SME bases, thin 

margins, low instrumentation, and limited access to skilled talent. The middle group — engineering 

machinery, metals and foundries, cement — will adopt unevenly, with leading plants in each sector 

pulling ahead of their peers. 

Strategic roadmap: now, next, later 

The report's recommended sequencing for Indian SME manufacturers is summarised below. The 

roadmap is calibrated to a typical mid-sized plant (₹50–250 crore revenue, three to ten production 

lines) and assumes an 18- to 36-month horizon. 

Now (0–6 months): diagnose, instrument, pilot 

● Conduct a quantified loss-base diagnostic. Map scrap, downtime, energy intensity, and 

inventory turns to EBITDA. Identify the top three loss categories. 

● Audit data and instrumentation readiness. Identify gaps in sensors, connectivity, historian 

coverage, and data quality. 

● Select one to two pilots targeting the top loss categories, with payback under 12 months. 

Vision quality or predictive maintenance are typical first choices. 

● Establish governance: a stage-gate between pilot and scale-up, signed off by COO and 

CFO, with measurable KPIs. 

● Begin workforce capability building. Identify two to three internal staff to become the AI 

champions; provide structured training. 

Next (6–18 months): scale, integrate, govern 

● Scale successful pilots to multiple production lines. Aim for three to five lines in 

production within 12 months of pilot completion. 

● Integrate AI outputs with MES, CMMS, and ERP. Without integration, AI 

recommendations remain advisory and impact erodes. 

● Harden cybersecurity for OT. Segment networks, monitor for intrusions, establish incident 

response procedures. 

● Add a second use case — typically energy management or anomaly detection — to 

broaden value capture. 
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● Establish vendor performance review cadence. Quarterly business reviews with system 

integrator and AI software vendors. 

Later (18–36 months): broaden, deepen, institutionalise 

● Broaden to a third or fourth use case. Demand forecasting, scheduling optimisation, and 

inventory optimisation become viable once data foundations are mature. 

● Evaluate selective deployment of higher-complexity use cases: industrial copilots for 

operators, line-level digital twins. 

● Institutionalise capabilities. Move from project-based AI deployment to a standing 

industrial AI function reporting to the COO. 

● Engage with the broader ecosystem. Share learnings with industry associations, 

participate in benchmarking, contribute to standards development. 

Investment implications 

For investors and industrial technology companies, the Indian industrial AI ecosystem presents 

four distinct opportunity areas. First, vertical applications — Indian ISVs building computer-vision 

quality, predictive maintenance, and energy optimisation solutions for specific sectors — represent 

a $1.5 to $2.5 billion addressable market by 2030, with several Series B and growth-stage 

investment candidates. Second, system integration and managed services — Indian SIs building 

industrial AI delivery capabilities — represent a $1.0 to $1.8 billion market, with established players 

(TCS, Infosys, LTTS, Cyient) and emerging specialists. Third, edge compute and connectivity — 

Indian OEMs building edge appliances, gateways, and connectivity solutions — represent a $0.6 to 

$1.0 billion market with significant import-substitution potential. Fourth, industrial cybersecurity 

and governance — Indian vendors building OT-specific security, audit, and compliance tools — 

represent a $0.4 to $0.7 billion market driven by tightening regulation. 

The risk for investors is that the market will grow unevenly. Companies with deep domain 

expertise, multi-sector reference deployments, and disciplined unit economics will earn outsized 

returns. Companies built on venture-funded growth without operational discipline will struggle as 

the market matures and customers become more sophisticated. The chapter on the Indian 

ecosystem (Chapter 8) provides the vendor landscape, capability stack, and investment directory 

that supports investment screening. 

Industry transformation 

Industrial AI will not transform Indian manufacturing uniformly. It will create a widening 

performance gap between leading and lagging plants within the same sector, the same company, 

and the same region. Plants that deploy AI against high-value levers with disciplined execution will 

compound operational advantages — better quality, lower cost, faster response, more reliable 

delivery — that become difficult to reverse. Plants that delay or disperse their investments will face 
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a competitive gap that widens with each capex cycle. By 2030, in the accelerated scenario, the 

EBITDA margin gap between AI-leading and AI-lagging plants in the same sector is projected to 

reach 350 to 500 basis points. By 2035, this gap could exceed 700 basis points, fundamentally 

reshaping competitive dynamics in sectors like automotive components, pharmaceuticals, and 

specialty chemicals. 

Technology outlook 

Three technology trends will shape the next decade of industrial AI in India. First, edge-native AI 

will displace cloud-centric architectures for real-time use cases, driven by falling edge compute 

costs and rising data residency concerns. By 2030, 60 to 70 per cent of industrial AI inference will 

occur at the edge, compared to approximately 25 per cent today. Second, foundation models for 

industrial data — vision, time-series, and process graphs — will reduce the data volume required 

for production-grade deployments by a further order of magnitude, making AI viable for the long 

tail of SMEs that lack the data scale of large enterprises. Third, industrial copilots — large language 

models fine-tuned on plant manuals, maintenance logs, and operational data — will become the 

dominant operator interface, replacing dashboards and query tools. The combined effect of these 

trends is to lower the threshold for AI adoption while raising the strategic importance of data, 

integration, and capability investments. 

Policy outlook 

Indian industrial policy is moving in the right direction but at insufficient pace and specificity for 

the AI transition. The IndiaAI Mission (₹10,372 crore outlay), the Mutual Credit Guarantee Scheme 

for MSMEs (MCGS-MSME), and the Production Linked Incentive schemes for automotive, 

pharmaceuticals, and specialty steel create the framework for AI capex subsidisation. However, 

three policy gaps remain. First, no scheme directly addresses the integration and capability-building 

costs that dominate AI TCO. Second, no industrial AI-specific cybersecurity mandate exists, despite 

the rising OT exposure that AI deployment creates. Third, no sectoral AI deployment standards or 

certification frameworks exist, creating quality and interoperability risks. The report's policy 

outlook (Chapter 8 and Chapter 10) provides specific recommendations for closing these gaps. 

Risk outlook 

The risks of industrial AI deployment fall into seven categories, developed in Chapter 9: strategic, 

data, technology, financial, organisational, vendor, and cybersecurity. The most material risks for 

Indian SMEs are strategic (solving the wrong problem), data (poor instrumentation), and 

organisational (lack of executive ownership). These three together account for approximately 70 

per cent of the failure cases in our database. The most material emerging risk is cybersecurity: as 

AI deployment increases OT connectivity, the attack surface expands faster than most plants can 
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defend. By 2027, OT cybersecurity will move from a hygiene issue to a board-level governance 

question for any manufacturer deploying AI at scale. 

Strategic recommendations 

The report's recommendations are differentiated by stakeholder. Detailed recommendations, 

with action, rationale, investment, expected outcome, time horizon, and main risk for each, are 

provided in the closing section of each chapter and consolidated in Chapter 10. 

The CEO Agenda for Industrial AI 

Five decisions should be on the CEO's agenda in the next 90 days. 

Decision 1: Mandate a quantified loss-base diagnostic. Require the operations and finance 

teams to jointly produce a quantified mapping of the top three operational loss categories in 

EBITDA terms within 60 days. This is the foundation for any AI investment decision. 

Decision 2: Appoint an executive sponsor for industrial AI. Designate a single executive — 

typically the COO or a senior plant head — as accountable owner of the industrial AI programme. 

This should not be the CIO; the value is operational, not informational. 

Decision 3: Approve one to two pilots with payback under 12 months. Fund focused pilots 

targeting the top loss categories, with a stage-gate review at six months. Resist the temptation to 

fund a broader portfolio; concentration beats diversification at this stage. 

Decision 4: Allocate capital for instrumentation and integration, not just AI software. Ensure 

the capex budget allocates 60 to 70 per cent to sensors, integration, capability building, and 

cybersecurity. AI software should be a minority of the spend. 

Decision 5: Establish the governance and stage-gate discipline. Require COO and CFO joint sign-

off for any scale-up from pilot to multi-line deployment, tied to measurable operational KPIs. This 

single discipline prevents the most common failure pattern. 

The detailed evidence, frameworks, and exhibits supporting these decisions follow in the ten 

chapters and six appendices of the main report. 
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