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1 Introduction

Background

Current design workflows in civil water network planning are heavily based
on expert-driven manual work. Despite strong professional know-how, many
tasks in water supply planning contain substantial routine elements, stan-
dardized steps, and extensive data processing. These characteristics suggest
potential for applying artificial intelligence (AI) to support the overall plan-
ning process.

This project examines how AI could help in water supply planning, both
in general and specifically within Sweco’s current practices. The research
question addresses how AI could affect water supply planning from Sweco’s
operational perspective. The approach combines management consulting
frameworks with operations research methodologies to systematically exam-
ine water supply planning processes, focusing on the Finnish water sector.

The project is structured around five work packages: high-level assessment
of AI tools, mapping of Sweco’s planning processes, review of AI solutions,
assessment of organizational change and impact, and development of rec-
ommendations with an implementation roadmap. Data collection is based
on interviews and workshops with Sweco personnel, combined with desktop
studies and literature review.

Objectives

The primary objective is to improve the efficiency of water supply planning
by identifying the most suitable AI use cases. The study clarifies what AI
can actually do compared to traditional automation, helping to understand
where AI adds real value to the planning process.

The project maps Sweco’s existing workflows, data flows, and deliverables to
understand current practices and identify improvement areas. This mapping
helps evaluate different AI solutions (such as language model tools, but also
more traditional machine learning methods) in terms of how well they fit
Sweco’s operations.

The study examines how AI adoption would affect work processes, including
changes to daily tasks, skill requirements, and quality control. Finally, the
project develops practical recommendations and an implementation roadmap
for Sweco, covering both short-term quick wins and long-term strategic
changes in technology, skills, processes, and organizational structure.
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2 Literature Review

What is Artificial Intelligence?

Artificial intelligence (AI) refers to software and systems capable of inter-
preting data, making decisions, and performing tasks that resemble human
reasoning, without relying on fully pre-defined rules (Delipetrev et al., 2020;
Bory et al., 2024). While AI systems may make use of explicit rules, what
distinguishes them is their capacity to learn from data and adapt based
on experience. This sets them apart from conventional software automa-
tion, which requires exhaustive rule-sets to function correctly. For instance,
spreadsheet tools where each cell formula must be defined individually (Tati-
pamula, 2025).

Traditional rule-based automation systems are effective for tasks with a pre-
dictable, consistent input and context, but they struggle when inputs change,
outputs are ambiguous, or tasks require nuanced judgment. By contrast, AI
systems leverage probabilistic reasoning, pattern recognition, and contextual
understanding. As an illustrative example, rule-based building management
systems have been found to operate roughly 15–20% less efficiently than
adaptive AI-driven systems that learn from environmental conditions and
usage patterns (Tatipamula, 2025).

It is important to note, however, that while some AI systems can learn from
small numbers of examples, the majority of widely used models require large
volumes of data to function reliably.

AI research traces its origins to the 1950s. Alan Turing introduced what
became known as the Turing Test: the idea that a computer could be con-
sidered intelligent if it could sustain a conversation with a human without
the human realising they were talking to a machine (Delipetrev et al., 2020).

In the following decades, so-called symbolic AI dominated the field. These
systems operated on pre-defined rules and logical facts. Although powerful
within narrow domains, symbolic systems proved too rigid to represent the
complexity and variability of the real world (Delipetrev et al., 2020; Bory
et al., 2024).

From the 1990s onward, machine learning and deep learning emerged as the
dominant paradigms. By the 2010s, AI was being used in medical diagnos-
tics, search engines, and recommendation algorithms. For example, Spotify
and Instagram rely on machine learning to personalise content. In the early
2020s, deep learning surpassed other methods in performance across a wide
range of tasks. A landmark moment came in 2022, when OpenAI released
ChatGPT, a large language model based on deep learning that requires vast
quantities of training data (Delipetrev et al., 2020; He et al., 2025; IBM,
2024a).
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It is useful to distinguish between three conceptual categories of AI (Bory
et al., 2024):

Narrow (weak) AI is designed to perform specific, well-defined tasks. It is
fast and effective within its domain but cannot generalise or transfer knowl-
edge across different task areas. All currently deployed AI systems fall into
this category.

General (strong) AI refers to a hypothetical system with human-like in-
telligence, capable of performing any intellectual task a human can. Strong
AI remains a theoretical concept and has not yet been realised.

Superintelligent AI is a further hypothetical form of intelligence that
would surpass human cognitive capabilities across virtually all domains, in-
cluding creativity and problem-solving. This concept belongs to the realm
of science fiction and ongoing theoretical debate, and it raises significant
concerns among researchers.

AI is advancing rapidly, and the most capable current systems may appear
to approach strong AI, but they are still classified as narrow AI.

Machine Learning and Deep Learning

Subtypes of Machine Learning

Machine learning is the subfield of AI in which systems learn from data
rather than from explicitly programmed rules. Its main paradigms differ in
how learning occurs (Delipetrev et al., 2020; IBM, 2024a):

Supervised learning involves algorithms that learn to map inputs to outputs
based on labelled training examples prepared by humans. A classic illus-
tration is training a classifier to recognise cats in photographs by showing
it many labelled images. Supervised learning requires substantial labelled
data.

Unsupervised learning involves algorithms that identify previously unknown
structures in data by forming clusters, without requiring labelled examples.
Given a collection of images containing both cats and dogs, an unsupervised
system might discover and group the two categories without being told which
is which.

Reinforcement learning studies how agents learn autonomously. Agents re-
ceive positive or negative feedback based on how they interact with an envi-
ronment, and learn from this feedback rather than from labelled data. The
AlphaGo system, which learned to play the board game Go at superhuman
level by playing against itself, is a well-known example.

Deep learning builds on multi-layer neural network architectures loosely in-
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spired by the structure of the human brain. It underlies modern applications
such as voice assistants (Siri), chatbots, and large language models including
ChatGPT.

Neural Networks and the Deep Learning Process

A neural network is a computational model consisting of layers of intercon-
nected nodes (neurons) that process and transform input signals (Goodfellow
et al., 2016; Rumelhart et al., 1986). Its main components are:

• Input layer: receives the raw data features.

• Hidden layers: learn intermediate representations of the data.

• Output layer: produces predictions or classifications.

• Weights and biases: adjustable parameters optimised during training.

Each artificial neuron computes a weighted sum of its inputs, adds a bias
term, and passes the result through a non-linear activation function σ:

output = σ

(∑
i

wixi + b

)
. (1)

Training proceeds in four steps. In the forward pass, the input propagates
through the network layer by layer, with each neuron computing its weighted
activation. A loss function (e.g. cross-entropy or mean squared error) then
measures the discrepancy between the network’s predictions and the cor-
rect labels. Backpropagation computes the gradient of the loss with respect
to each weight using the chain rule, propagating error signals backwards
through the network. Finally, an optimisation algorithm updates the weights
in the direction that reduces the loss (Goodfellow et al., 2016; Rumelhart
et al., 1986).

Generative AI and Large Language Models

Categories of Generative AI

Generative AI (GAI) refers to systems that produce new content—text, im-
ages, code, or other outputs, rather than simply classifying or retrieving
existing information. Three broad categories can be distinguished (He et al.,
2025; IBM, 2024a):

Rule-based GAI generates outputs according to explicit, hand-crafted rules
supplied to the system.
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Model-based GAI learns from examples. Statistical generative models make
inferences and interpret data, while graphics-based models synthesise visual
content through physical simulation.

Deep learning-based GAI is built on neural network architectures that imi-
tate the structure of biological neural networks. This category includes the
most capable and widely used contemporary systems.

Transformer Architecture and GPT Models

The transformer architecture, introduced by Vaswani et al. (2017), replaced
earlier recurrent neural networks (RNNs) with a self-attention mechanism
that enables parallel computation over entire input sequences. This made
training substantially faster and allowed scaling to models with billions of
parameters.

Generative Pre-trained Transformers (GPT) use the decoder component of
the transformer. They are pre-trained on large text corpora using next-
word prediction and subsequently fine-tuned for specific tasks. Three key
properties distinguish transformer-based language models:

1. Scale: more data and more parameters unlock qualitatively new capa-
bilities.

2. Self-supervision: pre-training on unlabelled text enables broad gener-
alisation.

3. RLHF (Reinforcement Learning from Human Feedback): aligns model
outputs with human preferences during fine-tuning.

Large language models (LLMs) such as ChatGPT and Claude are text-
focused generative tools built on this architecture. Their behaviour is highly
sensitive to the prompt provided by the user: the phrasing and specificity
of an instruction substantially affect output quality (NVIDIA, 2026; IBM,
2024b; MLOps Community, 2026). These models can process and generate
not only text but also images and structured files (e.g. spreadsheets or word-
processing documents). They may be deployed as general-purpose tools or
fine-tuned for enterprise use. For example, a company-specific deployment in
which inputs are not used to retrain the underlying model. A notable concern
is energy consumption: LLM inference requires considerable computational
resources (Kenny et al., 2025; NVIDIA, 2026).

Classification Frameworks for AI Systems

Several complementary frameworks exist for classifying and evaluating AI
systems. This section covers three that are particularly relevant to engineer-
ing design contexts.
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OECD Framework

The OECD Framework for the Classification of AI Systems (OECD, 2022)
provides a contextual perspective structured around four interacting dimen-
sions, with people and the planet at the centre:

• Economic context: industrial sector, business function, criticality, scale,
and development stage.

• Data and input: origin, collection method, dynamism, structure, for-
mat, rights, anonymisation, and quality.

• AI model: architecture (machine learning, symbolic, hybrid), inter-
pretability, and deployment.

• Task and output: the system’s function (recognition, personalisation,
etc.), its level of autonomy, and its principal application domains.

The framework’s primary purpose in this project is to describe how an AI
system is used in a particular project and context, rather than to characterise
it solely by technical properties. It is particularly well suited to describing
LLMs, which resist classification by rigid taxonomies: the same model may
represent a low-risk or high-risk system depending entirely on how and where
it is deployed.

CSET Autonomy Classification

The Center for Security and Emerging Technology (CSET) approach (Aiken,
2021) classifies AI systems according to observable system properties—most
importantly, the degree of autonomy with which the system processes inputs,
produces decisions, and acts without human involvement. Three levels of
autonomy are distinguished:

• Action autonomy: the system produces a decision and executes the
action independently.

• Decision autonomy: the system produces a decision output, but a hu-
man carries out the action.

• Detection autonomy: the system identifies and surfaces information,
but a human makes the final judgement and decision.

CSET’s autonomy-based classification is better suited than the OECD frame-
work for characterising AI tools used within engineering design workflows,
where the degree of human oversight is a critical variable.
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NIST AI Use Taxonomy

The NIST AI Use Taxonomy (National Institute of Standards and Technol-
ogy, 2024) complements the above frameworks by defining 16 AI use activi-
ties that are technology-agnostic and domain-agnostic. Any design task may
consist of one or more of these activities, and each activity can be performed
by a human, an AI system, or a human–AI team. Table 1 gives examples of
selected activities relevant to engineering and water infrastructure planning.

Table 1: Selected human–AI use activities from the NIST taxonomy (Na-
tional Institute of Standards and Technology, 2024)

Activity Description Example output

Image analysis Identifying features in digi-
tal images to extract mean-
ingful information

Medical diagnostics

Information
retrieval

Finding information on
specific topics of interest

Accelerating the search for
stable proteins for drug de-
velopment

Monitoring Observing and tracking a
process, quality, or state
over time

Wildfire monitoring

Prediction Anticipating the probabil-
ity of a future outcome

Sales forecasting; weather
prediction

Process
automation

Executing repetitive tasks,
reducing bottlenecks and
errors

Automation of administra-
tive tasks

Recommendation Suggesting a manageable
set of actionable alterna-
tives to support decision-
making

Content recommendations;
procurement suggestions

It should be noted that existing taxonomies, including NIST, were primarily
developed with more traditional AI systems in mind. The classification of
large language models within these frameworks is challenging due to their
rapid and continuous development. LLMs are therefore best analysed sep-
arately, using the contextual OECD framework, while NIST and CSET are
more informative for characterising purpose-built AI tools in design work-
flows.
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Summary

AI refers to software systems capable of data interpretation, decision-making,
and human-like reasoning without fully pre-specified rules. From its origins
in symbolic rule-based systems in the 1950s, AI has evolved through machine
learning to deep learning and, most recently, to large-scale generative models
based on the transformer architecture.

Machine learning encompasses supervised, unsupervised, reinforcement, and
deep learning paradigms, each suited to different tasks. Deep learning mod-
els—built from multi-layer neural networks—underpin modern applications
ranging from speech recognition to large language models such as ChatGPT
and Claude.

Three complementary frameworks are useful for classifying AI systems in
engineering contexts. The OECD framework offers a contextual, use-case-
oriented perspective particularly suited to LLMs. The CSET autonomy tax-
onomy describes how independently a system acts. The NIST use taxonomy
defines 16 technology-agnostic use activities applicable across design tasks,
though it is better suited to traditional AI tools than to LLMs.

In water infrastructure planning, AI offers genuine opportunities in scenario
generation, network optimisation, predictive analytics, and expert support.
The principal barriers to adoption are currently data scarcity and fragmen-
tation, data security constraints, a lack of purpose-built design tools, and
the limited interpretability of complex models. AI is best understood as a
tool to augment the engineer’s capabilities rather than to replace professional
expertise.

Claude.ai was used to help translate the content of PowerPoint slides to
english, as the final deliverable to Sweco was a PPT presentation in Finnish,
not a report.

Frameworks

Theory of Change: Logic and Signal and Signal Based Strat-
egy

To systematically analyze the integration of artificial intelligence within es-
tablished design processes, this report employs the Theory of Change Logic
Model framework (Funnell and Rogers, 2011). This framework provides a
structured causal pathway for evaluating organizational transformation, di-
viding the adoption process into two primary phases: the foundational ’Plan’
(comprising Resources and Activities) and the subsequent ’Desired Results’
(comprising Outputs, Outcomes, and ultimate Impact). In the context of en-
gineering consultancies such as Sweco, current organizational assessments in-
dicate that the industry is still positioned at the beginning of this chronologi-

11



cal continuum. Consequently, the immediate focus lies heavily on identifying
and overcoming initial operational bottlenecks, such as time constraints and
a lack of practical reference cases among designers. Utilizing this logic model
allows the report to systematically trace how mobilizing essential early-stage
resources (e.g., designer competencies, project data) and executing targeted
activities (e.g., pilot projects, training) are critical prerequisites for eventu-
ally realizing long-term strategic impacts, such as the automation of routine
tasks, enhanced overall productivity, and increased meaningfulness of expert
work.

According to Wack (1985) in his analysis of Royal Dutch/Shell’s strategic
planning, attempting to predict a single future through traditional economic
forecasting is highly inadequate in a turbulent business environment where
variables constantly shift. Instead of seeking precise predictions, organiza-
tions should construct a flexible strategic roadmap based on multiple scenar-
ios that explore the interplay between predetermined elements and critical
uncertainties (Wack, 1985). This methodology prepares managers for vari-
ous plausible realities by identifying specific signposts or signals. As Wack
illustrates through the analogy of a canoeist hearing white water before en-
countering rapids, strategic foresight relies on recognizing the early signals
that prefigure major environmental disruptions. By actively monitoring the
external environment for these strategic indicators, decision makers can rec-
ognize exactly which scenario is unfolding in the real world. Consequently,
this approach systematically recalibrates the internal mental models, or mi-
crocosms, of executives, allowing them to abandon obsolete assumptions and
adapt their strategies dynamically as actual events reveal the true trajectory
of the (Wack, 1985). In Sweco’s case this means monitoring signals from cus-
tomers, software vendors and inside the company to see how AI is changing
the engineering consulting landscape in water network planning.

Automation–Augmentation–Autonomy

The transition to the Automation–Augmentation–Autonomy framework was
derived from the Boston Consulting Group (2026) analysis by shifting the
focus from "jobs" to "tasks" and their specific relationship with human ex-
pertise. While traditional models often view AI as a binary tool for replace-
ment, the BCG text emphasizes that AI’s impact is a spectrum: it replaces
routine, structured actions (automation), enhances human productivity in
high-value roles through collaborative feedback loops (augmentation), and
increasingly manages end-to-end goal-directed processes (autonomy). By
synthesizing these dynamics, the study was able to move beyond a simple ef-
ficiency metric and instead create a categorical lens to evaluate where water
supply designers retain their "silent knowledge" and where they can safely
delegate decision-making authority to an intelligent system.
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3 Data & Methods

Expert interviews

To understand the current water supply general planning process, to iden-
tify potential applications for artificial intelligence (AI), five expert inter-
views were conducted. The participants represented various roles within the
planning lifecycle, including a project manager, general and construction
designers, an data analytics expert, and an AI trainer.

Research Objectives

The primary goal of these interviews was to map the detailed stages of the
water supply planning process from a designer’s perspective. Specifically,
the study sought to answer:

• In which stages of the general planning process can AI provide tangible
value?

• Where does the core value of human expertise remain indispensable?

• What are the primary time-consuming challenges where value is cre-
ated today?

• What are the software tools that designers and project managers use
most often?

• What are the boundaries of acceptability and responsibility when com-
paring AI roles (automation, augmentation, and autonomy) to manual
tasks?

Methodological Frameworks

The analysis and interviews were structured using three distinct theoretical
frameworks:

• Planning Process and Software Tools: This framework was used
to locate where AI potential exists within current workflows and the
software tools, such as CAD, GIS, and modeling software, used by
designers.

• Time Allocation and the Core of Expert Work: This lens focused
on identifying where value is generated and where professional “silent
knowledge” (the ability to assess practical feasibility in the field) is
most critical.

• Automation–Augmentation–Autonomy (adapted from Boston
Consulting Group, 2026): This framework categorized AI’s poten-
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tial roles based on the degree of decision-making and the division of
labor between humans and machines:

– Automation: AI performs clearly defined, repetitive, and me-
chanical tasks to speed up routines and free up expert time.

– Augmentation: AI acts as a “sparring partner,” providing new
perspectives for decision support while the human maintains full
control.

– Autonomy: AI operates independently on entire task entities,
making decisions within predefined constraints without constant
human guidance.

Software Interviews

In addition to expert interviews, four representatives from three software
vendors were interviewed to gain insight into their perspectives on the use of
AI in water network planning and the consulting business, including how they
are preparing for its adoption, what new features or software solutions are
under development, and what risks they foresee. Software vendor interview
uses the same framework as expert interviews.

Research Objectives

• What kind of AI features and capabilities do they have know?

• How they are integrating AI into their software tools and what type of
AI is it e.g. machine learning (ML) or deep learning (DL) etc.?

• What category does it fall into, traditional software automation, aug-
mentation or autonomy?

• How AI is going to change consulting business in water network plan-
ning?

• What risks do they foresee in implementing AI as part of the design
process?

Workshop

The final method consists of a workshop designed to present the results to
date, with a research objective to validate the mapped process and gather
expert feedback on the scenarios. The workshop is structured into three
parts: first, participants complete and refine the process map by identifying
missing tasks; second, they assess which tasks can be automated, augmented,
or fully autonomised now or within a 3–5 year horizon; third, they evaluate
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the scenarios and provide estimates of their likelihood and expected timing,
if any.

Research objectives

A workshop was organized to validate the mapped planning process and
gather expert perspectives on scenarios describing how AI could impact the
water network planning consulting industry.

• Identify and add missing tasks to the process map.

• Map tasks that could be automated, augmented, or autonomized either
currently or within the next 3 to 5 years.

• Gather expert views on the likelihood of the proposed scenarios and
their expected timeframe for realization.

4 Results

AI in Water Infrastructure Planning Based on Literature

The Nature of Water Infrastructure Design

Water infrastructure planning involves integrating objectives, resources, and
uncertainty management. In practice, it encompasses decisions about net-
work dimensioning and routing, determining pipe routes and pump station
locations, and operational planning under changing demand and supply con-
ditions (Shayboun et al., 2020; Li et al., 2025; Sweco Finland Oy, 2026).

Water network problems can be divided into design problems (pipe routing,
pump station siting) and operational problems (managing flow under variable
demand). At its most elemental, design resembles the act of drawing a pipe
route on paper while observing constraints such as protected natural areas.

General planning in water infrastructure can be organised across several lev-
els of spatial scope: regional plans at the provincial and sub-regional scale
(covering water supply, emergency preparedness, and trunk sewers); munic-
ipal plans (network modelling, expansion scheduling); neighbourhood-level
planning and water cooperative schemes; and component-level assessments
(rehabilitation options for pipes and pump stations based on condition and
material). Because water infrastructure planning spans such diverse decision
types, the application of AI must also be considered from multiple perspec-
tives rather than evaluated at the level of individual tools.
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AI Opportunities in Water Infrastructure Planning

AI offers several opportunities to strengthen engineering design workflows in
the water sector (Sweco Finland Oy, 2026; Taiwo et al., 2025; Gacu et al.,
2025; Almulhim, 2025):

Scenario generation and demand forecasting. AI can generate a di-
verse range of demand scenarios to support water supply and distribution
planning, facilitating long-term planning under uncertainty.

Network optimisation. AI-based optimisation can simultaneously balance
network efficiency and resilience, particularly over long planning horizons.

Critical scenario review. AI can assist engineers in critically evaluat-
ing scenarios, surfacing novel perspectives and supporting expert judgement
rather than replacing it.

Tool customisation. Engineers can already use AI to automate small
but time-consuming tasks—for example, by using language models to write
macros for existing planning software.

Predictive analytics. AI enables more proactive decision-making and re-
source allocation, including early warning for water quality degradation,
flood risk, and network load (Gacu et al., 2025; Almulhim, 2025).

Digital twins. AI supports the creation and operation of digital twin mod-
els for real-time resource optimisation (Almulhim, 2025).

Limitations and Constraints

Despite its promise, the large-scale adoption of AI in water infrastructure
design faces several constraints (Sweco Finland Oy, 2026; Byrge et al., 2025;
Taiwo et al., 2025):

Data availability and quality. AI models require substantial quantities of
high-quality, standardised, and accessible data. In the water sector, source
data may be unavailable, fragmented across systems, or insufficiently stan-
dardised for integration.

Data security. Practitioners report that data security requirements pre-
vent source data from being held in a single location, which complicates the
aggregation needed for AI model training.

Lack of suitable tools. The primary constraint on large-scale uptake is
currently the absence of purpose-built tools for water network design specif-
ically. Existing research tends to focus on network management and project
scheduling rather than on design tasks.

Interpretability. The limited interpretability of AI models—particularly
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deep learning systems—can undermine trust, especially in high-stakes appli-
cations where the reasoning behind a recommendation must be transparent
and auditable (Gacu et al., 2025).

Geospatial reasoning. AI systems may struggle to reason accurately about
geospatial data, which is central to infrastructure routing and siting deci-
sions.

Absence of genuine creativity. AI cannot produce genuinely new ideas
grounded in independent understanding in the way human experts can (Byrge
et al., 2025). It is therefore better suited to supporting and augmenting the
designer’s work than to replacing human judgement.

Unrecognised opportunities. Practitioners do not yet fully recognise the
range of tasks for which AI could provide meaningful support, which may
slow adoption even where capable tools exist.

Expert interview results

The results of the interviews with Sweco experts highlight a clear distinc-
tion between technical potential and the practical boundaries of professional
responsibility in water infrastructure planning. The findings are categorized
into immediate technical opportunities and the critical role of human over-
sight.

Potential AI Applications in the Planning Process

The interviewees identified several specific areas where AI could improve
operational efficiency, particularly in repetitive, structure-heavy tasks where
errors typically stem from oversight rather than a lack of expertise:

• Data Automation: The most significant immediate benefit is the
automated gathering and collation of decentralized source data, such
as GIS, land use plans, soil data, and protected areas from various
authorities.

• Documentation and Reporting: AI can be used to generate rou-
tine project descriptions, such as soil, waterway, and nature conserva-
tion reports, which often follow a repetitive structure across different
projects.

• Technical Tasks: Tools can assist in creating meeting minutes from
transcripts, automating macros for mass and line length calculations,
and performing formal plan validation (e.g., checking fonts and layers).

• Augmentation: AI is viewed as a “sparring partner” that can vali-
date or criticize alignment options, combine the best parts of different
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design alternatives, and simplify technical text for stakeholder commu-
nication.

Expert Insights on Responsibility and the “Black Box” Prob-
lem

Despite the technical possibilities, the interviews revealed a strong consen-
sus regarding the limits of AI, particularly concerning autonomy in critical
infrastructure:

• Professional Liability: The designer bears the ultimate legal and
professional responsibility for the plan. Interviewees expressed that
they cannot trust AI as much as their own expertise.

• The Verification Paradox: A central concern is that reviewing a
“black box” plan produced by AI might take more time than creating
it from scratch, as the designer must verify every detail before signing
off.

• Silent Knowledge: AI currently lacks the “silent knowledge”: the
ability to evaluate from a map whether a solution is practically feasible
in the field, considering factors like terrain accessibility or existing
vegetation.

• Human-Centric Decisions: Tasks such as final alignment choices,
risk assessments, and local contextual deliberation must remain under
human control.

Barriers to Adoption and Organizational Change

The primary obstacles to adopting AI are not a resistance to technology
itself, but rather practical constraints. These include a lack of allocated
time for designers to experiment, the abstract nature of current instructions,
and data security concerns related to critical infrastructure. The experts
suggested that a successful transition requires a low-threshold culture of
experimentation and practical examples that relate directly to their daily
design context.

Software Vendor Interview Results

Interviews with software vendors indicated that plans to integrate AI into
existing tools are underway, although implementation is still at an early
stage. Current development efforts focus primarily on automation, with some
augmentation-oriented use cases, such as automated satellite image recog-
nition using machine learning and route-planning support demonstrated by
Deutsche Telekom. Similarly to expert interview, data security, quality and
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completeness were identified as the primary risks associated with AI imple-
mentation. According to the interviewees, the prevalent hour-based billing
model in water network planning may need to evolve if planning processes
become significantly automated.

• The primary driver for implementing new features is customer demand,
highlighting the importance of proactive collaboration between Sweco
and software vendors.

• Data security was the main concern with cloud-based AI tools.

• Deutsche Telekom demonstrated an ML-based algorithm for identi-
fying a cost-optimal fiber optic cable route ((Chaos Computer Club,
2024)). One central use case identified by a software vendor was the use
of machine learning to analyze satellite imagery for automatic object
recognition, such as detecting buildings and mapping them spatially.

• Data quality and completeness were considered critical, as insufficient
or incomplete data significantly reduces output quality.

Planning process in general water network

01. Preliminary survey and background data: Collecting foun-
dational data and source information.

02. Current state analysis: Assessing existing network perfor-
mance and deficiencies.

03. Forecasting and sizing: Estimating demand and defining
technical requirements.

04. Alternatives (design): Drafting potential alignment options
and design solutions.

05. Comparison and decision: Selecting the optimal design based
on technical and financial criteria.

06. Documentation and follow-up: Finalizing plans and prepar-
ing reports for implementation.

Figure 1: The six-phase water network planning process.

The general water network planning process is a six-phase workflow that
transforms raw site information into a final engineering design. The chart in
Figure 1 illustrates the process.
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Mock-up: AI-Assisted Source Data Synthesis

This section outlines a conceptual mock-up designed to automate the col-
lection and analysis of spatial data in infrastructure planning. The primary
objective is to replace the current manual process (which often requires sev-
eral hours of gathering data from various portals (e.g., SYKE, Finnish Her-
itage Agency) and compiling it in GIS software) with an integrated AI-driven
solution. An mock-up of the tool was created to help Sweco visualize the
tool.

Functional Overview and Technical Implementation

The tool utilizes an interface where a designer defines a study area on a
map. The system then executes automated API calls to retrieve data via
two primary interface types:

• WFS (Web Feature Service): This service returns vector data (e.g.,
groundwater polygons, conservation points) in formats such as Geo-
JSON or GML. This structured data allows the system to perform
geometric analysis, such as calculating surface areas or identifying in-
tersections with the planning area, which are subsequently converted
into text for a Retrieval-Augmented Generation (RAG) index.

• WMS (Web Map Service): This service provides pixel-based im-
ages. Although suitable for visualization, this format requires vision-
based AI models to interpret imagery into processable text for deeper
analysis.

The final output provides an interactive map visualization, an automated
textual summary (e.g. quantifying groundwater areas or identifying archeo-
logical sites), and a Q&A assistant to help designers query specific project
details.

Data Integration and Sources

The tool integrates diverse data streams categorized by availability and
source:

1. Public Open Data: Includes soil, groundwater, and nature maps
from Paikkatietoikkuna and SYKE, cultural heritage data from the
Finnish Heritage Agency, and population projections from Statistics
Finland.

2. Project-Specific Data: Incorporates client-provided information (e.g.,
municipal utility maps) and internal reference archives of previous de-
signs.
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Critical Risks and Technical Uncertainties

The implementation of AI in critical infrastructure planning involves several
technical challenges.

• Data Integrity: Risks include "blind spots" (missing or classified
data), varying update frequencies between different agencies, and po-
tential coordinate system discrepancies when merging local datasets
with national standards.

• AI Reliability: There is a risk of RAG-related "hallucinations,"
where the AI may synthesize unrelated information into a misleadingly
plausible summary under time pressure.

• Security: Sensitive data, particularly regarding water supply and util-
ity networks, requires a rigorous evaluation of cloud-based versus on-
premise deployment to ensure information security.

Scenarios

Four distinct scenarios were created to map out the potential futures for
water network planning consulting industry based on AI usage and degree of
work automation, ranging from business-as-usual with no major changes to
total disruption where customers can order complete plans and almost work
is automated and humans focus on validation.

• Scenario 1: Business as usual. Limited, ad hoc task automation
without systematic deployment. Signals include rising productivity,
downward pricing pressure, and client expectations of faster delivery.

• Scenario 2: Software vendor AI rollout. Established software
vendors integrate AI to automate and augment design tasks. This
increases productivity and intensifies pricing pressure. Signals include
M&A activity between vendors and data providers, increased media
coverage of AI in water network planning, and accelerating delivery
expectations.

• Scenario 3: Third-party AI platform emergence. Independent
AI developers provide API-based tools for design tasks, enabling in-
house and hybrid solution development by consultancies. Signals in-
clude recruitment of AI talent by consulting firms, internal tool de-
velopment initiatives, and growing regulatory and client acceptance of
AI-generated designs.

• Scenario 4: Full disruption by AI platforms. Third-party AI
platforms enable end-to-end automated planning, significantly reduc-
ing the role of traditional consultants. Signals include declining project
win rates, migration of engineers from consulting firms to AI tool
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providers for development and validation roles, and regulatory frame-
works increasingly supporting AI-based design outputs.

Workshop Results

The process was largely mapped, with only a few gaps remaining, such as
permitting tasks handled by the Centres for Economic Development, Trans-
port and the Environment (ELY-keskus). Tasks identified as suitable for
automation included data collection from public sources. Augmentation op-
portunities included route generation and selection of optimal alternatives.
Autonomous execution was considered feasible for document updates in re-
sponse to plan changes.

When asked to estimate the timeframe of each scenario, respondents viewed
Scenarios 1 and 2 as current reality. Scenario 3 was considered likely within
1–3 years. Scenario 4 was estimated at 3–5 years under favourable regulatory
conditions, or 10 years or longer, potentially never, if regulation remains
restrictive.

5 Discussion

This study explored the integration of Artificial Intelligence into Sweco’s wa-
ter network planning processes, revealing a significant, yet largely untapped,
potential to enhance efficiency. The findings indicate that while current de-
sign workflows are heavily expert-driven and manual, many routine tasks
such as data collection and initial report generation have most potential
for automation. The expert interviews confirmed that the most immedi-
ate value of AI lies in automating these time-consuming, repetitive tasks,
thereby freeing up engineers to focus on higher-value activities like complex
problem-solving and stakeholder engagement.

The developed scenarios highlight a critical strategic crossroads for Sweco
and the broader consulting industry. The "Business as usual" and "Soft-
ware vendor AI rollout" scenarios (Scenarios 1 and 2) represent the current
trajectory, where productivity gains are incremental and largely driven by
external software providers. However, Scenarios 3 and 4, which involve the
emergence of third-party platforms and potential market disruption, under-
score the need for proactive strategy. For Sweco, this signals a potential
shift in its business model, moving from hourly billing to delivering projects
with fixed pricing. This transition requires not only new technological capa-
bilities but also a cultural shift towards embracing AI, starting with small
pilot groups and expanding. Monitoring signals, such as the recruitment of
AI talent by competitors, designers leaving Sweco or the launch of new API-
based design tools and regulation around AI use in water network planning,
will be crucial for navigating this evolving landscape.

22



Limitations include the project team’s limited subject-matter expertise, re-
quiring reliance on expert interviews rather than quantitative data, which
may introduce bias. The sample size is small (five expert interviews and
three software vendor interviews), and role coverage is narrow, limited to
designers, project managers, and an AI trainer, which restricts representa-
tiveness. The scenarios are exploratory rather than predictive and are not
based on data indicating likelihood. They should be seen as structured future
possibilities used to frame discussion, not as forecasts or probability-based
outcomes.

6 Conclusions

In conclusion, this project found that Sweco is in the early stages of adopting
AI in water network planning, with substantial potential for improving oper-
ational efficiency. The investigation revealed that the greatest opportunities
for immediate impact are in the automation of data synthesis and the aug-
mentation of the design process, rather than the autonomous execution of
entire planning tasks. Human expertise remains indispensable, particularly
for validating results, navigating complex local constraints, and assuming
professional liability.

The path forward for Sweco involves a strategic, phased approach to AI
integration. The roadmap developed through this project recommends be-
ginning with low-risk, high-impact applications. A key recommendation is
to pilot an AI-assisted tool for automating the collection and synthesis of
decentralized source data, which was identified as a major bottleneck in the
current workflow.

Regardless of which future scenario materializes, certain actions are univer-
sally beneficial. Sweco must invest in building a solid data infrastructure and
enhancing the AI literacy of its staff. Fostering a culture that encourages
experimentation with new tools is essential for organic capability growth.
Proactive engagement with software vendors and clients is also critical to
steer the development of new tools that meet the specific needs of water
infrastructure planning.

Sweco already possesses its most valuable resources: deep domain expertise
and extensive historical project data. To leverage these assets in the age of
AI, the organization will need to supplement them with dedicated resources
for innovation, strategic partnerships, and a clear vision for integrating AI as
a core component of its service delivery. Ultimately, the successful adoption
of AI will enable Sweco to transition from a provider of engineering services
to a purveyor of data-driven insights and optimized solutions.
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7 Self Assessment

Following the Plan

We initially followed the original project plan closely. However, delays in
completing the first two work packages caused subsequent work packages to
also fall behind schedule, leaving less time for later stages of the project.
The project scope remained largely consistent with the original description,
although software vendor interviews and scenario analysis were added to
broaden the perspective of the study. Overall, the project description pro-
vided a clear framework from the beginning, allowing the work to focus
primarily on execution. Finally, project was succesful because we worked on
it steadily for the entire time making atleast some progress weekly.

Project Success

Overall, the customer was very happy with the workshop and the results
such as the roadmap and the report, because it elicited interest and was very
thought provoking. Moreover, the customer ended up liking scenario-based
thinking, despite being a backup plan. Literature review was sufficiently
broad and detailed to cover the background. Choosing appropriate frame-
works, particularly the automation–augmentation–autonomy classification,
enabled a more systematic approach to the subject matter and improved the
validity of the study.

Failures

The project faced several challenges during execution. The original schedule
was not maintained, and as a result, the fourth work package was likely not
as comprehensive as it could have been. In retrospect, the project could also
have included more concrete examples of AI applications instead of focus-
ing mainly on conceptual ideas for where AI could be utilized within the
planning process. Additionally, the overall coherence between different sec-
tions of the project became somewhat unclear over time. Communication
within the team was at times ineffective, and shared deadlines were not al-
ways met consistently. There were also periods during the project when the
next steps were unclear, despite there being available time to advance the

26



work further. Furthermore, future objectives could have been broken down
into more actionable tasks and allocated more clearly among team members
by the project manager in order to reduce idle time and improve workflow
continuity. In addition, the project could have benefited from stronger in-
volvement from the customer organization through more active feedback and
idea generation, rather than relying primarily on guidance from the Aalto
supervisor.

Improvements

Several lessons were also identified regarding teamwork and project manage-
ment. Tasks were often left until the last moment, and iteration cycles within
the team were relatively slow. Although the work was ultimately completed
successfully, the process could have been more efficient. Communication
within the team was repeatedly discussed as an area for improvement, but
these discussions did not always translate into practical changes. At the be-
ginning of the project, roles and responsibilities could also have been defined
more clearly, for example by assigning each member primary responsibility
for a specific work package. Instead, responsibilities were shared broadly,
which on one hand allowed everyone to gain a wider understanding of the
project, but on the other hand may have reduced ownership and initiative
in driving individual sections forward.

In retrospect, team members could also have taken more independent respon-
sibility earlier in the project rather than relying heavily on feedback from
the designated responsible persons such as. While teamwork naturally in-
cludes independent tasks, an effective team environment also requires active
engagement with others’ work through feedback and collaborative improve-
ment. At times, it felt as though some team members were primarily focused
on completing only their own assigned contributions.

Customer could have been more involved by providing more feedback so that
the project could have been more catered to their needs.
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