


 

Terminology, units, and abbreviations 
Acronym Definition 

AI Artificial Intelligence 

AMR Autonomous Mobile Robot 

CTFP Carbon Total-Factor Productivity 

GHG Greenhouse Gas 

LCA Life Cycle Assessment 

SLAM Simultaneous Localisation and Mapping 

SME Small and Medium-sized Enterprise 

VLA Vision-Language-Action (model) 

 

 

 

 

 

 

 

 

About Staer AI 

Staer AI develops the mapping and localisation intelligence layer that enables autonomous 
mobile robots (AMRs) to operate reliably in unstructured, dynamic environments such as 
warehouses, factories, ports, and farms. The company delivers a hardware-agnostic software 
platform that integrates sensor fusion (lidar, vision, inertial) and AI-based mapping to generate 
live digital twins of industrial spaces. This architecture allows seamless coordination, navigation, 
and task optimisation across mixed robot fleets, without requiring new hardware or pre-mapped 
facilities. By making autonomy deployable in real-world conditions, Staer provides a scalable, 
energy-efficient foundation for the next generation of physical AI in logistics and manufacturing. 
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About this study 
This study analyses the environmental implications of Staer’s mapping-first intelligence layer for 
AMRs. It draws on engineering, econometric, and sectoral evidence to assess how improved 
mapping, localisation, and fleet coordination influence energy use, motion efficiency, and 
resource demand across logistics, manufacturing, and agricultural applications. The analysis 
reviews where software-enabled optimisation can lower energy intensity—such as reduced idle 
motion, shorter trajectories, and improved utilisation of existing electrified equipment—and where 
systemic effects, including throughput rebounds, additional compute, and hardware turnover, 
may offset these gains. It also examines Staer’s potential to support circular-economy outcomes 
through more efficient disassembly, waste-stream sorting, and predictive maintenance, while 
identifying boundary conditions (electricity mix, operational constraints, and deployment context) 
that determine whether efficiency improvements translate into absolute greenhouse gas (GHG) 
emissions reductions. Overall, the study evaluates Staer as a digital enabler whose environmental 
impact depends on the sectors and use-cases in which its technology is deployed.  

3 



 

Table of content 
1. The challenge: manufacturing as a bottleneck for the green transition 5 
2. The solution: Staer AI, mapping the real world for robots 6 
3. Environmental impacts and potential use cases 7 

3.1. Manufacturing and industrial production 7 
3.2. Warehousing and logistics 7 
3.3. Agriculture, environmental, and resource management 8 
3.4. The climate paradox 9 

Callout Box: The role of automation in industrial production 10 
4. Conclusion 11 
References 12 

 

 

4 



 

1. The challenge: manufacturing as a bottleneck 
for the green transition 

The industrial sector is one of the largest contributors to global environmental degradation. It is 
responsible for roughly one-quarter of global GHG and about 37% of global final energy use, 
making it a decisive lever for both climate mitigation and resource efficiency (IEA 2023; IPCC 
2023). Industrial production is a major source of particulate emissions, accounts for roughly 
one-fifth of global freshwater withdrawals, and drives a large share of global material extraction, 
reflecting its continued dependence on fossil fuels and linear resource flows (UNEP, 2024; 
Eurostat 2025b; IEA 2024). 

At the same time, the green transition is intensifying demand for industrial output. Electrification 
and automation across transport, energy, and manufacturing value chains require an 
unprecedented scaling of capacity, from EV powertrains and batteries to grid infrastructure and 
renewable components. Global demand for key battery materials such as lithium, nickel, and 
graphite is projected to rise by one to two orders of magnitude by 2040, while manufacturing of 
clean-energy technologies is already contributing significantly to industrial growth ). Meeting this 
demand sustainably is the defining challenge: without major efficiency gains and better resource 
management, the production surge needed to decarbonize other sectors risks driving new 
emissions and material pressures. 

Low asset utilisation and production inefficiencies increase energy and emissions intensity. Higher 
utilisation rates correlate with lower carbon intensity and improved energy performance ). 
Intelligent automation - when deployed with energy-aware controls - can raise productivity while 
lowering emission intensity across manufacturing and logistics. Yet today, despite steady progress 
in digitalisation, most manufacturers remain far from full Industry 4.0 maturity. In 2023, only 
about 60% of EU enterprises had reached even a basic level of digital intensity, and adoption of 
advanced technologies such as industrial IoT, robotics, or AI remained concentrated among large 
firms (Eurostat 2025a).  

Meanwhile, the broader digital infrastructure that powers modern automation—data centres, edge 
servers, and AI model training—has a rapidly growing footprint. The International Energy Agency 
estimates that electricity consumption by data centres and AI could reach 940 TWh by 2030, 
roughly double the 2022 level (IEA, 2025). If industrial automation relies heavily on cloud 
processing or high-latency data flows, these upstream emissions can offset local efficiency gains. 

Modern manufacturing thus sits at a critical juncture: both a major source of environmental impact 
and a foundation for the technologies enabling decarbonisation. The challenge is not simply to 
automate faster, but to ensure that industrial modernisation measurably reduces energy and 
material intensity rather than reproducing past inefficiencies. 
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2. The solution: Staer AI, mapping the real world 
for robots 

In a context where industrial efficiency and automation are increasingly central to sustainable 
growth, Staer AI provides the intelligence layer that bridges the automation gap. Its software 
enables autonomous mobile robots  and other robotic systems to operate reliably in unstructured, 
dynamic environments such as warehouses, factories, ports, and farms. These settings still 
depend heavily on manual coordination. 

Staer’s approach is built around a mapping-first architecture, where robots and mobile platforms 
continuously generate live digital-twin maps using Simultaneous Localisation and Mapping 
(SLAM), multi-sensor fusion (lidar, vision, inertial), and emerging vision-language-action (VLA) 
models. This allows robotic systems to perceive, interpret, and adapt to evolving surroundings in 
real time. 

The software is hardware-agnostic, compatible with a wide range of robotic platforms. This 
enables the retrofit of existing fleets rather than requiring full hardware replacement; a key factor 
for sustainable industrial scaling and resource efficiency. 

Staer deploys its autonomy stack through a phased, data-driven methodology: 

● Data collection phase: manual or tele-operated mapping captures environmental data 
and edge cases. 

● Assisted autonomy phase: a human-in-the-loop validates trajectories, interactions, and 
dynamic obstacles. 

● Full autonomy phase: systems achieve reliable, safe operation after iterative validation. 

At the core of Staer’s technology is an edge-capable compute architecture, where inference is 
executed locally: on-robot or via on-premise edge servers. This design minimises latency and 
cloud dependency, enhances operational resilience in low-connectivity settings, and reduces the 
energy footprint associated with data transmission and remote computation. Localised compute 
also enables energy-aware motion planning and task scheduling, helping to lower per-task energy 
consumption. 

By enabling autonomous operation in real-world, non-standardised environments, Staer opens 
up automation to sectors and sites that remain underserved by existing robotics, those requiring 
rigid pre-mapping, fixed layouts, or continuous human supervision. In doing so, Staer lays the 
groundwork for system-wide efficiency improvements across fields such as logistics, 
manufacturing, and agriculture, where its mapping-first, software-defined intelligence layer can 
accelerate automation while reducing energy and material use per unit of output. 
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3. Environmental impacts and potential use cases 
AI-enabled robotics can reduce energy, resource intensity and emissions across sectors like 
manufacturing, logistics and agriculture when paired with energy-aware software and efficient 
compute, with econometric and engineering studies showing net energy and emissions 
reductions via precision, efficiency gains and technology spillovers (Papalia et al. 2025; Zhang 
2025, Perotti et al. 2024). 

3.1. Manufacturing and industrial production 

In manufacturing, mapping and localisation technologies allow robots to navigate dynamic 
layouts and coordinate efficiently with other machines or workers. A comprehensive review of 
over 200 studies on industrial robotics reports that software-based optimisation typically reduces 
robot energy use by 10-30%, with some cases achieving up to 34% savings through time-scaling 
of fixed paths and energy-aware trajectory planning (Muru and Rassõlkin 2025).  

Complementary experiments on industrial manipulators show 17-28% electricity savings per 
production cycle via redundant-axis optimisation and velocity control, while improved localisation 
and data integration enable predictive maintenance and defect detection, extending equipment 
lifetimes and reducing material waste (Stefanini and Vignali 2022; Singh et al. 2024).  

By enhancing flexibility in discrete and small-batch production, mapping-enabled robots also 
raise utilisation rates and support retrofitting in SMEs that still depend on manual or semi-digital 
processes (Eurostat 2025b).  

At the macro scale, econometric models covering 38 nations and 17 sectors further validate that 
higher robot penetration correlates with reduced energy intensity, showing that micro-level 
efficiency gains scale up to sector-wide improvements (Wang et al. 2022; Soori et al. 2023). 

3.2. Warehousing and logistics 

Warehousing remains the largest AMR market, with over one million robots deployed globally 
(WEF 2025). Real-time mapping and edge-AI coordination cut congestion and idle power, 
improving throughput. A systematic review of Industry 4.0 technologies (Figure 1) reports reduced 
energy consumption across receiving, order-picking, and storage when AI, autonomous vehicles, 
and IoT systems orchestrate workflows (Perotti et al. 2024). 

Empirical fleet-optimisation studies show 10-20% energy-per-move reductions when routing, 
lighting, and HVAC operations are dynamically managed (Perotti et al. 2024; Soori et al. 2023; 
Wang et al. 2025). These savings arise from smoother trajectories, fewer idle cycles, and adaptive 
facility management that integrates AI-based fleet scheduling. In container terminals, dynamic 
scheduling and shorter dwell times similarly cut energy use and CO₂ emissions by 10-20%, 
confirming that fleet-level optimisation can deliver measurable climate benefits when integrated 
into efficient system design (Tsolakis et al. 2021). 
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Operational benchmarks echo these results. The World Economic Forum (2025) reports about 
10% fleet-travel-efficiency improvement and a 25% increase in overall operational performance 
at Amazon fulfilment centres following AI-enabled mapping and coordination. 

 
Figure 1: Effects of implementing industry 4.0 on warehouse processes (Perotti et al. 2024). 

3.3. Agriculture, environmental, and resource management 

While Staer’s primary applications are in industrial and logistics environments, similar mapping 
and localisation technologies are increasingly deployed in agriculture, environmental monitoring, 
and resource management, areas where Physical AI is expected to gain strategic relevance.  

In precision agriculture, autonomous field robots equipped with spatial mapping and perception 
systems enable targeted irrigation, spraying, and weeding, helping to reduce fertiliser and 
pesticide use by 20-40% while improving soil health (Kuli et al. 2025; Yépez-Ponce et al. 2023). 
Additional studies show 3-8% reductions in total energy consumption through optimised in-field 
route planning and coverage operations, achieved by minimising overlap and improving machine 
trajectories (Rodias et al. 2017). 

Beyond crop production, mapping and localisation are increasingly applied to forestry, soil, and 
biodiversity monitoring. Complementary studies demonstrate that autonomous phenotyping and 
monitoring robots collect multi-temporal data on plant traits, canopy status, and soil conditions, 
improving nutrient-use efficiency, yield forecasting, and adaptive management (Krishnan et al. 
2024). Under complex canopies, autonomous robots equipped with lidar and vision mapping 
conduct soil-carbon sampling, reforestation mapping, and habitat assessment, improving 
ecosystem-level data quality (Yépez‑Ponce et al. 2023). 
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Robotic systems are also advancing waste management and resource recovery. Life-cycle 
assessments (LCA) of service robots integrating design-phase feedback report 3.5-11.4 t CO₂-eq 
savings over ten years, depending on duty cycles and infrastructure conditions (Gupta et al. 2025). 
Likewise, sorting and disassembly robotics have proven to enhance material-recovery rates and 
reduce reliance on virgin resource extraction (Singh 2025). 

3.4. The climate paradox  

Statistical studies, as stated in previous sections, show that industrial robots tend to reduce energy 
demand and emissions through technology spillovers and accelerated process innovation. 
However, these gains are contingent on boundary conditions, and most evidence is correlational 
rather than causal. Aggregate datasets can obscure facility-level dynamics and outsourcing 
effects, where local emission reductions coincide with increased production elsewhere. 

Efficiency improvements alone do not guarantee absolute emission cuts. Robots, sensors, and AI 
control layers require energy and materials; they deliver climate benefits only when total 
emissions per functional output decline. Stefanini and Vignali (2022) show that automation 
improves environmental and economic performance when combined with renewable power, 
circular design, and energy-aware operation, whereas hardware turnover and throughput 
rebounds can offset these gains. 

Recent reviews warn that throughput-driven rebounds may erode efficiency benefits if output 
grows faster than per-unit energy improvements (Perotti et al. 2024, Brockway et al. 2021; Wang 
et al. 2025; Luccioni et al. 2025). Empirical analyses similarly document that while robots reduce 
carbon intensity, they can trigger partial energy rebounds (J. Wang et al., 2023). Evidence on 
carbon total-factor productivity (CTFP) indicates that robots enhance it primarily via technological 
innovation and improved human-machine matching, with stronger effects in labour-intensive and 
low-technology sectors and in regions with supportive policy frameworks (Ma et al. 2025) 

Life-cycle studies further show that automation can generate non-trivial embodied impacts. 
Autonomous delivery robots emit 60-130 g CO₂-eq per parcel, with manufacturing and renewal 
dominating total impacts; electric-van delivery remains preferable unless ADR fleets operate on 
low-carbon electricity and achieve long service lifetimes (Lemardelé et al. 2023). At the digital 
layer, rising AI inference and data-centre workloads could raise U.S. CO₂ emissions by 0.4-1.9 % 
by 2030, reinforcing the value of localised, energy-efficient compute (Jha et al. 2025). 

Automation presents a dual-edge climate paradox: efficiency gains can either accelerate 
decarbonisation or increase total activity and resource use. With appropriate safeguards, Staer 
shifts this balance toward a net-positive outcome by embedding design choices that directly 
target the rebound channels identified above. These include: 

1. Energy-aware control software that cuts idle power and optimises real-world motion. 
2. Retrofit-friendly, hardware-agnostic architectures that extend equipment lifetimes and 

limit embodied impacts from premature turnover. 
3. Edge-first compute and lean data pipelines that curb cloud-related energy and water 

demand. 
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Together, these principles ensure that productivity gains translate into lower emissions per unit of 
service rather than higher total throughput. 

Callout Box: The role of automation in industrial production 

Automation as an industrial imperative 
Labour scarcity and climate commitments are now structural constraints on industrial production. 
Working-age populations are declining across the EU, China, and Japan, and the EU-27 labour force is 
projected to shrink by 20% by 2050 (OECD 2025; Grimm and Holzhausen 2024). In parallel, the 
European Climate Law requires at least a 55 % emissions reduction by 2030 and net-zero by 2050 (EC, 
2025). Productivity growth has stagnated for more than a decade, widening Europe’s competitiveness 
gap (EP & CEU, 2021).  

These pressures coincide with an uneven global automation landscape. By 2023, robot density reached 
~1,012 units per 10,000 workers in South Korea, ~470 in China, and ~219 in the EU - less than half the 
benchmark set by leading Asian economies (IFR 2024). The global installed base reached 4.28 million 
robots in 2023, doubling since 2015 (IFR 2024b). Yet most systems remain concentrated in structured 
automotive and electronics environments, while warehouses, SMEs, ports, farms, and construction sites 
still depend on manual coordination. Diffusion into these settings is slowed by fragmented software 
stacks, high integration costs, and the brittleness of current systems in unstructured environments 
(Fernández-Macías et al. 2021). 

 

Figure 2: Robot density in the manufacturing industry, 2023. The new global average robot density reaches a record 162 
units per 10,000 employees in 2023 - more than double the number measured only seven years ago; 74 units. (IFR, 2024b). 

Closing this automation gap is now central to productivity, resilience, and climate alignment. Mapping 
and localisation intelligence directly address Europe’s deployment bottleneck by enabling efficient 
operation of legacy and mixed-use assets in variable, unstructured conditions. This capability raises 
utilisation without major capex, supports reshoring and supply-chain resilience, and underpins electrified 
logistics, adaptive manufacturing, and circular-economy processes. 
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4. Conclusion 

By providing the mapping-first intelligence layer that underpins autonomous operation in 
real-world environments, Staer enables a shift from rigid, pre-programmed automation toward 
adaptive, energy-aware autonomy. Across logistics, manufacturing, and agriculture, this capability 
can translate into measurable efficiency gains, reductions in energy demand, extended 
equipment lifetimes, and lower embodied emissions through retrofit and reuse of existing assets. 

At the system level, Staer acts as enabling infrastructure for Europe’s industrial transition by raising 
the utilisation of capital with sunk carbon costs, allowing existing factories and logistics assets to 
deliver more service per unit of energy, material, or emissions; this improves effective carbon 
productivity while reducing reliance on high-emission processes. 

However, efficiency must be matched with responsibility. As automation expands, rebound risks 
(such as throughput-driven energy growth) must be managed through deployment in 
low-elasticity, climate-aligned sectors, integration with renewable power, and lifecycle 
governance of compute and hardware systems. 

With these safeguards in place, Staer’s technology qualifies as a climate-mitigation enabler under 
the EU Taxonomy. It provides the digital intelligence required to decouple industrial growth from 
emissions. In short, Staer is architecting the intelligence layer for a low-carbon physical economy, 
helping industry operate smarter, cleaner, and within planetary boundaries.  
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