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Housekeeping

Catering in XFi Atrium

— Lunch 1200-1300

— Teal/coffee/cake 1530-1600

— Social 1730 (thanks to Earth Rover Program!)
— Gluten-free available

View posters in breaks

Photos may be taken

No fire alarms expected

Be kind & respectful — enjoy the day!
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Passing a tipping point

CC BY 4.0 - Chris A. Boulten (UoE, UK)

Global Sys'l'ems Institute Thanks to Chris Boulton for the animation
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Early warning signals in observational data
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Remotely
sensing
Amazon
rainforest
resilience

Key:
Paler = more resilient

Darker = less resilient
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Loss of
resilience
of the
Amazon
rainforest

Trend in AR(1) of VOD
since the early 2000s
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Dependence on mean annual precipitation
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1000-1500mm: p < 0.001, p = 0.001
1500-2000mm: p = 0.066, p < 0.001
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= 3000-3500mm; p =0.0V2, p<0.001
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Dependence on distance to human activities

— 0-50km: p = 0.006, p <0.001

—— 50-100km: p = 0.004, p < 0.001
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Sensing peatland resilience to drought
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Daneen Cowling

Resilience sensing nature in the UK #™==
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Can we get better early warning?

A High resilience B Low resilience
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Global Systems Institute Bury ef al. (2021) PNAS




Train a deep learning algorithm

Global Systems Institute

CSD-based methods <:'af¢xi

Bury et al.

Future Work

AC1(x)

L A1) csp
> ' > % 2) Null

t i

AM\1) Fold

# 2) Hopf

. 3) Transcritical
# 4) Null

MA\1) Fold

X 2) Hopf

¥, 3) Transcritical
* 4) Cusp

X 5) Flip

# 6) Phase Shift
#. 7) Chaotic

A 8) Null

Bury et al. (2021) PNAS; Lapeyrolerier & Boettiger (2021) PNAS



Deep learning performance versus AR( 1), variance
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‘ ¢
The Ising(-Lenz) model o

Near the critical temperature _ N
First-order phase transition

(varving external magnetic field)

Second-order phase transition
(varying temperature)

Global Systems Institute Thanks to Daniel Dylewsky, lead on this work
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Distinguish |5t & 2"9-order phase transitions
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Unsustainable Sustainable
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Global Systems Institute




Figure 5: Diffusion of innovation curve with adopter categories Share of

adoption (%)
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Norwegian car sales
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Resilience = recovery rate
following a perturbation

Fast recovery => High resilience

\\_/_/,e.

Slow recovery => Low resilience

Early opportunity signal
to trigger a tipping point

Global Systems Institute
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Electric vehicle advert view share
(Autotrader, UK)
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Early Opportunity Signals
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Summary

* Robust early warning signals of loss of resilience are already
seen in four coupled climate tipping elements

* Early opportunity signals of loss of resilience of incumbent
fossil-fuelled technologies have been found in the car market

* Deep learning can improve early warning skill and may have the
potential to forecast how far away a tipping points is

Global Systems Institute



Critical slowing down

~( = v(x©) ()

* state variable x, nonlinear Potential function U, additive white noise n} with standard deviation o.

* Assume a stable fixed point (i.e., an equilibrium state) x* around which the dynamics takes place.

* Close to this fixed point, the potential U can be approximated by a quadratic function with minimum at x, i.e. for x near
® i A
x , we have for some parameter A < 0 that U(x) = L

» Approximating the potential by a quadratic function corresponds to a linearization of the equation of motion around
x ,i.e., for the fluctuations Ax = x — x* we obtain

d
== .&x(t) = Mx(t) +1) (t)
dt

* This defines an Ornstein-Uhlenbeck (OU) process with restoring rate A.

* Discretizing this process into time steps At yields and autoregressive process for which the variance and the autocorrelation
function « n) at n time steps are analytically known:

Z 2
& s B _ nAAt
Var(ﬂx) =T T Ty u(n) =

Global Systems Institute




Spatio- Temporal Categorical Output Model
Emulation

Bertrand Nortier

September 10, 2025



Spatial Categorical Emulation



Categorical output model

» Let's assume that we want to train an emulator for an original
model whose outputs are categorical, for example, a vector of
words or a vector of colours

Colour output

Figure: Colour output model



Latent continuous space

» [nstead of trying to “code” the categories with arbitrary
numbers, we can represent it the following way.

» First, we transform the categories into binary vectors:

100
010

:> 001
010
000

=
= 100

Figure: Colour output model



Latent Reduced Rank representation

» The model is then parametrized by continuous latent
parameters vjix € R such that:

exp (Vi)
C-1
L+ 2 =1 &P (Vi)

» vector of size p of C categories with n design points =
nx px(C— 1) parameters.

Py =1)=

» We may want to find a more parcimonious representation.

» Let's call T the tensor of size n x p x (C —1). We can
reformat it into an np x (C — 1) matrix.

» We then want to find a representation of the form ([3], [6]):

-
rnxp((f—l] = ln#g((j_lj + an.." (Kp(C—l)xJ)



Tensor reformat

» An important step is to reformat the tensor I' into a matrix
» When doing this 1) we are back to a case similar to the
binary case 2) We can now apply standard SVD to
obtain a reduced rank representation 3) we do not
remove the correlations as data for design point

i,i = 1,...n is still grouped together. 4) the information
of which slide of the tensor the category is not
important are categories are not ordered

c-1

P

——

Catm RO

|| cat1,2050

|

px(C-1)

Cat1,2050

Cat2,2050

Cat(C-1),2050




Algorithm

» We iterate 2 steps:
1) likelihood optimization

u(m+l) = plm 4 2 [Y1:(C—1) B H(l?f?:_l)]
. » 2) SVD/reduced rank projection:

(U[””“} _q, (H(m-H}) T) _ A(m+1)p(m+1) (B(:m-n)T

We can then keep the J first components:
(m+1) (m+1) \ ! (mM+1) ~ (m-1) (m+1) I3
Fn:x:p(C—l) = 1n (‘u’p(C—l)) " (Alrnﬁl:JDI:J.l:J) (BP(C—l}xJ)
We then choose: W(m+1) — (A(m+1)D(m+l)) as the matrix of

Lind: ™t

basis multipliers and K{(m+1) — ng:_l},} as the basis. The columns

of W can then be emulated with GPs/DGPs.



Application to Greenhouse gas removal model

Irue map low rank reconstruction
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Time Series of Categorical Maps



Time Series of Maps |

» The model does not solely output Categorical maps but entire
time series. What method could we use to emulate this?
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i
i
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Categorical map time series



First Possibility: Stack the map for each year as we have
stacked the Categories

» [ssue: We end up with very large dimension. Example:
n =300, p =50.000, C =5, T = 25, then the matrix is
300 x (50000 * 4 % 25) = 300 x 5, 000. 000.

R
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Possibility 2: reformat the time and stack Category with
year |

» \We note that in the models we are emulating, the decision to
plant occurs at a single time point.

» \We propose another data format that is more parsimonious

id Cat vyear id Cat Bin year

1 1 2024 1 1000 2024

3 1 2041 3 1000 2041
141 1 2023 141 1000 2023
142 1 2023 142 1000 2023
143 4 2023 ” 143 0001 2023
153 1 2023 153 1000 2023
212 2 2039 212 0100 2039
229 2 2026 229 0100 2026
237 2 2033 237 0100 2033
249 4 2029 249 0001 2029



Possibility 2: reformat the time and stack Category with
year ||

Ca -
LI d Year Matrix n
Cat1

C-1

n Catl Cat2 ... | Cat(C-1) Year Matrix




Possibility 2: reformat the time and stack Category with
year ||l

» We now have 1 more step
1) Categorical part of the likelihood optimization

y(m+1) — p(m) 4 2 |:Y1;(('_"~—1) - HET}C—U]‘

» 2) Year Matrix Stacking: U”T;C = [UE:;C 1) Y nxp]

» 3) SVD/reduced rank projection:
(U{;m 1) _ 1, (H(m+1)) T) _ A(m+1)p(m+1) (B(m—n)) T

We can then keep the J first components:

¥ il
(m+1) (m+1) (m+1) +1) +1
FHT,E:-C — 1” (Hp?‘ ) (AIT; 1: JDg,nj" : & J) (BEJHSXJ))



Likelihood and multitask learning

» this stacking of the categorical and year matrix could be
viewed as multi-task learning.

» The likelihood or nll are then a composite of the multinomial
likelihood and the likelihood for the year. Assuming we use
the negative log-likelihood:

¢ = Mear + (1 — A) Ui

> €cat = '_nlp ?:1 Zf:l Zﬁle Zijk |Og (ﬁ-{fk)
Llin = nip i1 Zfﬂ (Vi = Fi)’



How does stacking the Year matrix with Gamma Matrix
affect the SVD of year?
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Example of integration of the method in R shiny app
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Linked GP emulators (a network model)
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Kyzyurova et al. (2018), Ming and Guillas (2021)




Linked GP (a network model)

f2 emulator
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Deep GP (a network model for a single node)
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Deep GP (a network model for a single node)

f2 emulator
O1: NRMSE = 0.12%
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Linked DGP (a network model for model networks)

» We could replace each node in the LGP with a DGP (LDGP).
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Linked DGP (a network model for model networks)
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Following the Paws Behinc
the Patterns

Oscar Rodriguez de Rivera Ortega
Lecturer in Statistics, Faculty of Environment, Science and Economy



Introduction
* Movement is a fundamental component of animal ecology, shaping
how individuals interact with their environment.

Incorporating movement
into ecological studies

Home Habitat
ranges selection
‘ Poahutiny
o,
e .'
Landscape Q"
connectivity Dispersal

‘ a nd?;mics

* Gaining insight into the underlying mechanisms that generate
spatiotemporal patterns of movement is thus critical for the effective
conservation and management of wildlife populations



Advances in biologging
technologies

particularly GPS-based telemetry, now allow resear-
chers to collect animal tracking data at fine spatial

and temporal resolutions
)

However, they also introduce analytical challenges

Q

A crucial first step in many
movement ecology studies
— isto segment animal tracks
into basic functional units
of movement that carry
biological meaning

By identifying distinct movement modes from these tracks, researchers can begin to explore the
biological processes that drive movement and shape patterns of space use.




HMM (Hidden Markov Models)

* HMMis infer underlying movement behaviours—commonly referred
to as "hidden" states—based on observable movement metrics.

(

step length — HM M inactive

turning angle moving




HMM
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HMM

* More complex models can also incorporate additional state.

* HMMs can estimate the most likely sequence of states along the
movement path, effectively providing a segmentation and
classification of the track.

* Because step lengths and turning angles can be readily derived from
tracking data, they are commonly used to characterize and classify
activity modes in movement ecology.

* Animals also display movement patterns at broader temporal and
spatial scales, here referred to as movement phases—such as
residency, excursions, dispersals or migrations.



HMM

e we propose a simplified and accessible modeling framework that
captures cross-scale movement dynamics using movement and space
use variables with the same temporal resolution.

* OQur framework is based on coupled hidden Markov models (CHMM)
which jointly analyze two interacting processes operating a two
different scales of movement HHMMs have previously been applied
to movement data

* one fine-scale process that captures activity modes (inactive vs. moving) using
two data streams—step lengths and turning angles—

* and a coarse-scale process that represents movement phases (resident vs.
non-resident) using residence time.



CHMM

s '
5"
—_ A .
S

Dependence structure of our formulation of an asymmetric coupled hidden Markov model. Observable sequences are denoted by 0 and latent (hidden) state
seqguences by 5. The movement phase process is represented by (1) and the activity mode process is represented by (2). t indicates the time step.



HMM

We first considered an CHMM specification that distinguished between two primary movement phases. To this end, we
developed a 4-state model representing combinations of the two latent processes—activity mode (inactive / or moving M)

and movement phase (resident R or non-resident NR)—resulting in four discrete states.

CNRI-NRI CNRISNRM  CNRI-RI CNRI-RM

I_(,_-;) - (HNRNR dNR R) (b” bim ) _ | °NRM=NRI CNRM-NRM CNRM-RI CNRM-RM
dRNR aRR byt bmwm CRI->NRI CRI-NR M CRI-RI CRI-RM
CRM—NRI CRM—-NRM CRM—RI CRM—=RM

where a refers to the movement phase. b to the activity mode and ¢ to the resulting transitions between states.
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Schematic representation of the transition matrices for the (A) 4-state and (B) 6-state CHMMs.

» In the 4-state model, states represent combinations of movement phase and activity mode: non-resident—inactive
(NR—I). non-resident—moving (NR—M). resident—inactive (R—/), and resident-moving (R—M).

» The 6-state model includes an intermediate movement phase and consists of: non-resident—inactive (NR-/). non-
resident—-moving (VNR—M), partially resident—inactive (PR—/), partially resident—-moving (PR—M), fully resident—
inactive (FR-I), and fully resident—-moving (FR—M).
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Movement patterns of the dummy bear: (A) GPS trajectory colored by residence time; (B) State-decoded time series from
the 4-state CHMM. overlaid with home range contours estimated via kernel density estimators (KDE): (C) State-decoded

time series from the 6-state CHMM, with KDE-derived contours delineating both home range and core areas.
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What is a Foundation Model?

I'm a computer vision engineer I'm a user of Al systems I’'m interested in automated
Foundation models are typically large scale Foundation models are semething | might species monitoring

ar:hite:tun:e_a which have_been trained on miight use to help me do work, trlain further A Huge burden here is labelling datasets
vast quantities of #._ta using weak labels at In:lf..ﬂur cost or u;eltn access Al where | Thus 2calogists are increasingly training their
and/or self-supervision. previously wouldn't have, 5

own bespoke models. Foundation models

o can make this faster and sasier.
Eg: GPT Eg. ChatGP

Foundation models do not have to be computationally expensive (but some have been historically).



CLIP Objective + SeiBupervision

Supervised learning

Discrete labels

Predictions
=
Data
Backprop
Self-supervision

(Weak labels)

—_———

Data

Weights for
downstream
training

Learns its own
representation

1. Contrastive pre-training

—

m = | ' "
Encodar
| R S
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— I Ly | 5ty | 3y Iy Ty
e = I Lh | | L7 ~ | I
Imaga |
Encntiar | 1 % L BT afa| o+ | 5w
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Contrastive Language-lmage pretraining is a way to align
general text “this is a dog" with an image. This is many-to-
many relationship, Which means that we don't need
discrete labels.

CLIP allows the generalist relationship between image
and text to be learned, which unlocks training data.



Foundation Model Examples

Model Training Size # Params Year Domain
GPT-0S8S% ~13 trillion text 1208 2025 General
tokens (0ss-120b)
Open-CLIP ~2 billion Image- 428M 2021 General “Big tech”, e.g.
text pairs (L-variant) Facebook, OpenAl
DINOv3 1.7 billion 304M 20256 General
images (Large variant)

Other research groups




Priors

Modelling prior knowledge has historically been impartant for
building supervised Al models that fit well.

Importantly, this was a popular paradigm before large-scale
pre-training took off.

Some priors give big contextual hints and can be interfaced
with Al models with far less computational demand than
images and text alone.

This is the philosophy behind BioCLIP-world:

Finding a route towards a biodiversity image foundation
moadel which both fits the data and is more computationally
efficient to train.

Prior knowledge...
I'm in the desert, so I'm less likely tosee a

polar bear.

It's the winter, so this sycamore may not
have leaves; the image will look different.

It's night time, so | may see certain species
and/or lighting conditions.

“Thinking like a naturalist”



Dalasets, testing and Biodiversity i i

A large dataset of images and species names was assembled using
the GBIF - which hosts mostly citizen science observations from
around the world.

¢ Lat-lon locations

¢ Observation time-of-day

¢ Observation time-of-year

Built a processing pipeline to extract and manage cbservations.

Dealing with long-tailedness is challenging.

T i

fr e L i
R .-'_:i.__.__ = sl | |

BioCLIP 10M 454K e
BioTrove 40M 33K no
BioCLIP2 200M 952k | no

Ous  6OM 131K yes
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Dalasets, testing and biodiversity

L vrgt sprhin Himalimap i GHIF Hmoorss D mcdsdt e ]

Marmmal Bisdlversiy Richness Man
g i 8 |
= |1
(L
3 i s :
é I.'.i:l":-:
n-;i ]
>
i
Biodiversity-rich regions do not necessarily
align with where we have data.. _
- 1 >
Test sets developed to be biodiversity-weighted in the first :
effort to evaluate the impact of this. !

Three sets of 1902 mammal species, 8022 birds and 2034
amphibians. Although these are in early stages.
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Encoder training

Location Lat, Lon
f— Shared
Day of year @ Number Emsi:::: elng
9
Ti of d o Nurnber
ime ay
Prior trained
BioCLIP2
transformers {n;:nxisl

Training works in two phases:
1. Image+text encoder remains frozen. An encoder is found to map metadata to the current embedding.
a. Currently exploring random fourier features for this, but I'm open to suggestions!
2. Image and text encoders are allowed to move weights. Can learn from the location enceding, but
compute is greatly increased.
a. Some initial success in using Low-Rank adaptation to significantly reduce training burden.




Low-Rank Adaptation (LoRA)

To efficiently train large models, we can use the

technigue, LORAL

The key idea is that for a given matrix of weights inside

the model, a lower-rank matrix {i.e. smaller) of weights
can be used to approximate it, and thus trained in its

place.

This reduces computational demand by as much as a
250x reduction in training params [original paper).

Greatly reducing the number of weights to update in ] ]
backpropagation. High rank matrix

LoRA has mainly been developed/used for language

models.

Recently applied to CLIP-style vision-language. Allows

BioCLIP-waorld training stage 2, to be made efficient.

Low-rank matrix



N

Final Remarks

e Foundation models for biodiversity monitoring
are here/coming.

e | aim to advance these and push development
towards a data and computationally efficient
route through multimodality.

e |alsoaim to spread conversations around
model evaluation from a conservation
perspective.

P.S. Come and check out my poster in the main hall:
“Bridging Domain Gaps for Fine-Grained Moth Classification Through
Expert-informed Adapiation and Foundation Medel Priors™
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Snapshot Safari 2024 Expansion (subset)
% 8 projects across South Africa
- 227 sites
> 60 species + empty
% 400,000 + observations

Labsl catafricanwild Labsl honsybadger Label caracal Labeal chestah Label aardvarkanibear

Label hyenaspolied Label hartebeestrad Label wildebsesiblue Label gemsbokoryx Label sland
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A Case Study in Bat Roost Detection
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Why Monitor Bats

The UK is home to 18 bat species.

Globally bats represent 20% of all mammal species.

Bats provide vital ecosystem services, including:
* Pest suppression

* Pollination

* Bioindicators of broader ecosystem health

Locating roosts helps:

* Prevent human-bat conflict

* Support conservation and population recovery
* Monitor broader ecosystem health

&) U

niversity
Exeter




Dusk Bat Surveys

University
of Exeter

BCT 4th Edition Bat Surveys for Professional Ecologists:

* “Surveys should usually be carried out using Night Vision Aids (NVAs)... as bats often emerge after it
is too dark for surveyors to observe them.”




The Analysis Problem...

Gai Universi
‘@j of Ex&tert'y

Typical recording length: ~2.5 hours per survey.

Manual review is time-intensive and unsustainable at scale (large-area or long-term monitoring).

The Invisible Gorilla Experiment (Simons & Chabris, 1999)

+ -~50% of participants failed to notice a man dressed as a gorilla when asked to count basketball
passes.

Marcot, B.G. et al. (2019) ‘Efficacy of automated detection of motion in wildlife monitoring videos

* Motion detection identified 38% more events of target species (woodpeckers and potential
predators), than were found by manual student reviews.



Existing Solutions

Audio triggers (BatRack, 2021):
+ Bats often silent on exit — many missed events.

Motion detection (Motion Meerkat '15/'18; ThruTracker '21):
+ Limited annotationintegration

* Hard-to-tune motion thresholds — missed bats

* Many false positives fo review

Al animal detectors (MegaDetector '20; SpeciesNet '24: BioCLIP-2 "25):

* Trained on PIR camera-trap stills; fast nocturnal species underrepresented
* Reference images skewed to bats in hand/roost, not in flight

* Small-object + motion blur — low recall/precision for bats

&) U

niversity
Exeter



Research Objectives

University
of Exeter

1. Develop an annotation tool for reviewing bat emergence and re-entry events in long-form videos.

2. Develop an Al Classifier to filter out bycatch events (moths, fluttering vegetation etc) and reduce
analysis workloads while achieving high recall of rare bat events.




Dataset Overview ) Uniersiy

of Exeter

Data
Scope: Dusk emergence surveys (Aug 2023-Aug 2024) from Professional Ecologists

Coverage: 21 sites, 62 scenes
Species: Wide species mix (small — large bats; slow — fast flyers)
Ground Truth Annotations: 130 emergences, 16 re-entries, 156 bat passes/internal flights

Annotation
80/20 split grouped by location to avoid leakage.

Training data: 1-min buffers around GT “bat” events, annotated Winter 2024/25

Test set: 41.5 h of full-length videos fully annotated.




Tracking and Annotation Interface University

28 of Exeter
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ResNet50 CNN adapted for monochrome 64x64 pixel inputs.

Early Layers: Identify basic features - edges, textures, small patterns.
* E.G: Detecting the ears on a long-eared bat.

Deeper Layers: Recognise larger shapes & overall structure of a bat.
*» E.G: Distinguishing a bat from a moth based on the broad silhouette shape.

Inputs resized and zero-padded. Ensures the broad shape of objects is preserved.




Image Classifier Performance

Model parameters tuned using a 5-fold
(location-grouped) split of training data.

ROC Curve (Receiver Operating

Characteristic)

* Measures the ability of models to
distinguish between bats and other

objects across different decision
thresholds.

ResNet50 outperformed alternative
architectures.

Average AUC =0.90
Exceptional Discrimination
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ROC Curves for Each Fold and Average ROC

2
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—— Fold 1 {ALIC = 0.91)
Fold 2 {AUC = 0.93)
Fold 3 jauc =080
Fold 4 {AUC = 0,92}
Fold 5 (AUC = D.83)
— Average ROC [ALC = 0,90)
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Event Level Predictions

True Posit we Rate

ROC curve
1.0 4 -
0.8 @
0.6
.-'".’

0.4
0.2 4 4

AUC = 1057
ao{ b

0.0 0.2 04 0.6 0.8 1o
False Positive Rate

Average AUC = 0.957

Event Discrimination = Frame Discrimination
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=
=
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Precision-Recall curve

=
i
1

AP = 0.708

I:I:EI l}:Z ﬂiﬂ I}:E D.IB 1:{I
Raacall
Average Precision = 0.708
Positive Prevalence : 0.076
~ 9.3x improvement over Random event
Classifier.



Workload Savings

'@‘h University

Conservative Scenario (confidence threshold

of Exeter
Workload Reduction vs Recall
of 0.3) 100%1 ——— W
« >100% recall of key events (bat ool
emergences). : :
= B0% o
+ 95% recall of all positive events. -
3
* 75.2% reduction in motion events 40% 1
requiring review.
20%
*  97% reduction in video needing human —
review. ~—— By video duration
o4 - Recall target (95%)
0% 20% 40% 60%

0% 100%
% auto-discarded



Thanks for Listening!

wr29l@exeter.ac.uk
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‘F*' ‘ Map source:
British Geological Survey
(geologyviewer.bgs.ac.uk)

Charlie Kirkwood g
Institute for Data Science and Al, §
c.kirkwood @exeter.ac.uk

Geological mapping in the age of
artificial intelligence

Pathways to progress in the 215t century

Charlie Kirkwood, Research Fellow
Institute for Data Science and Al
University of Exeter

For CEl launch 11/09/2025

Map source: Kirkwood 2022b (Geoscientist magazine front cover O3 2022)



A big thank you to everyone who came to or otherwise supported the Al for
Geological Modelling and Mapping conference (AI-GMM) in Exeter in May
2024

Lots of brilliant posters and talks. You can watch the talks on youtube here:

www.youtube.com/@AI-GMM

% University
X Of Exeter | Engineering and
Physical Sciences
Institute for Data | Research Council
Science and Artificial ' .

Intelligence



A Geological Society of London special
publication on this topic is in progress

We're still considering expressions of interest
(although space is limited)

If you’ve got work you'd like to publish where geological
modelling and mapping intersect with statistics, machine
learning, and artificial intelligence please get in touch.
We want diversity in people, methods, & perspectives

You don’t have to be pro-Al

. /

Under consideration

'
F .

f‘ﬁ" -~

Geological Modelling and
Mapping in the Age of Al

Edited by Charlie Kirkwood, Kristine Asch, Mark Lindsay,
Florian Wellmann, Michael Hillier, Guillaume Caumon

Rapid developmenis in Al and data science are unlocking new opportuniiies for how we go

about modelling and mappirg the Earth: This timaly
collection of pa E

eed not be written in support of Al technigue a7
ed from all angles - this Spocial Publication is open to diva
cAl comrmunity.

Spacial topics far this SP, but nol Imited o, are!

&

Applicallons of stalslics, machine leaming, and Al for geclogical modelling and mappling, with
preference given to applications that can faciitate our transiton fo net zero emissions (the
age of Al 1 the age of climate o

Marfication / validation of geclogical models and maps, incuding berchmarking belvwaean
diffarant lechnigues for rnodalling and mapping, Bssessing thair closanass to malily,
Permpectives on the role of Al and assaciated lechnologies in the future of gecdogical
modelling and mapping, and the implications lor fulure gecscientfic skills and cullure;

Educational pieces and low-code futorals to help widen accessibllity of these topics




A short summary of this area,
from my perspective
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Each line represents a change in
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Geologlcal mapplng for the last 200 (and 10) yearag}'

British
Geological
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eenlopyviewer bes.ac uk

~* For two centuries we’ve (mostly)

~ been constructing geological maps
- by drawing lines to delineate
boundaries between different
units, or classes, of rock.

What do these lines represent?

Each line represents a change in
geological conditions or properties.
(e.g. in age, composition, texture).

But:

. &
| "L\ * Do changes in geology occur only where lines are drawn?

f * Do all lines represent the same magnitude of change?

For all properties at once?

If not, which properties are changing, and by how much?
And from what, to what? How informative can such maps be? .



Alternative approach: map the geological properties themselves

Rl Urneres BRc)

v
Faubirng [mesies (WG]

Input observations of
geological properties, in
this case geochemical
composition

Sorthing [metres BHNG)

HOO0 MM 13HLK]

This is where Al comes in

The diagram below is the neural network
architecture we developed for ‘Bayesian deep
learning for spatial interpolation in the
presence of auxiliary information’ in
Mathematical Geosciences, 2022

It makes predictions by combining global
location information with local contextual
information (learned by computer vision)

140030

T
(B EEN

INPUT A:
auxiliary gridis)

IMPUT B:
location infarmation

QUTPUT;
distributions of
geological properties
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Rasthing imeTes BRG]
o]

Predictions i
from deep
learning
(average .
of the ?’
Bayes
posterior

2300

BOsa{ (=]

IO

|||||| LHT

Easdinyg pfoelses DHGY

Output predictions of
geological properties. Here
red = potassium, green =
iron, blue = calcium



Alternative approach: map the geological properties themselves, and the
boundaries become self-evident

Magnitude
of change

Geological
properties

Map of [y'| + |Vo'| + [V5]

Map of V5

Interestingly, mapping the magnitude of change in geological
properties does not often naturally produce ‘closed polygons’.

This makes logical sense when you consider that not all geological
changes are of equal magnitude, and some are quite gradational.



To achieve closed polygons like our traditional geological maps requires
quantising the geological properties (thresholding their values)

Geological @,
properties

Magnitude
of change

Map of ¥, ; Map of [y¢| + |y, + |¥5]

But quantising the map to achieve closed polygons loses information to quantisation error.



How much information do traditional classified geological maps lose
to quantisation error?

loonzos

Predicting chemical composition of K, Fe, Ca using polygon
averages results in R? values of 0.64, 0.57, 0.66

R? for K = 0.64 R?for Fe = 0.57 R?for Ca = 0.66 2
RMSE K = 0.32 RMSE Fe = 0.3 RMSE Ca = 0.47 ¥
Polygon
Element = averages
— Fe [ ..“ '-* = |§.§
‘_:"GJ Ca - g EE
o £
o - =
S X
= o g
@ I =
.‘:’_,. - ¥ é
o 3
2 =
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Observed (centred log-ratio)
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How much information do traditional classified gemloglcal maps lose

to quantlsatlon error?

Predicting chemical composition of K, Fe, Ca using Bayesian
deep learning results in R? values of 0.72, 0.66, 0.75

Predicted (centred log-ratia)

R?fork =072 R*forFe=0.66 R*forCa=0.75
RMSE K = 0.29 RMSE Fe = (.27 RMSE Ca =041
Element
K Y
Fe 5 '..A
Ca r

-2 ]
Observed (centred log-ratio)

2

Morthing {metres BNG)

loposoe
! B

EEIEJEIUU

200000
—L

Predictions
from deep
learning

200000 apenoo EO000D
Easting {metres BNG)



How much information do traditional classified gemloglcal maps lose

to quantlsatlon error?

Predicting chemical composition of K, Fe, Ca using Bayesian
deep learning results in R? values of 0.72, 0.66, 0.75

72 RiforFe = 0.0
29 BMSE Fe = 0.27 RMSE

Element
k
Fe
Ca

Predicted (centred log-ratia)

4 2 o
Observed (centred log-ratio)

2

That’s +8%, +9%, +9%
variance explained
or, 1/5% of the way

closer to perfect
information

And these are major
rock-forming
elements that should
be well represented
by the traditional map
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Summary il

* Arevolution in geological mapping, made feasible by
developments in Al.

aooco
#,
-5,

* Comparably significant to the Numerical Weather Prediction : ;
revolution in weather forecasting (which also started out _ ? "
using hand-drawn maps). ¢ .
-> probably more significant than the transition from Predictions = %5 .
Numerical Weather Prediction to Al weather prediction. from deep WL~
learning ’s t"‘“*

=] I.IIU oo

sl

» Better geological maps — with high fidelity and quantified
uncertainties — serve humanity by enabling us to interact with

Worthing {metres BNG)

the Earth more precisely, minimising mistakes and waste. 4
Quantified uncertainties allow us to better judge risks.
- ‘\$,§ F)
: ; , : 5
* Applies to energy, minerals, construction, water, agriculture,
hazard mitigation, carbon storage, radioactive waste disposal, :
and more... - o ;

* The University of Exeter, and the Centre for Environmental _ " -
Intelligence, brings together all the necessary skills and P o
culture to steer geological mapping into the age of Al. 5 T T 10 eodess

Easting {metres BNG)
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Thanks for listening
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G00000

If you find it interesting, feel free to get in touch
1

c.kirkwood@Exeter.ac.uk
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Data-driven subgrid-scale parameterization in
atmosphere and ocean models: a pattern-based
approach

Frank Kwasniok

Department of Mathematics and Statistics
University of Exeter, UK

Environmental Intelligence Conference 2025
Exeter, UK
11 September 2025



Introduction

Modeling approaches in weather and climate science:
@ Physics-based or forward or direct modelling
o Data-driven or inverse modelling
@ Hybrid modelling

Issues:
e Deterministic versus stochastic dynamics
o Equations of motion versus machine learning-style approaches
@ Sparsity
e Continuous versus discrete dynamics

e Dimension reduction, optimal coordinates



Stochastic subgrid-scale parametrization

Climate state vector:
u-— (x.y)

True tendency of resolved variables:
% = R(x) + 5(x,y)

Parametrisation of unresolved tendency:
S(x,y) ~ F(x) +n(x)

Canonical choice:

f(x) = (S(x.y)Ix)

Discrete version:
wle+it) R(x[t1}+5x|:t+ﬂt]



Non-Markovian stochastic reduced model

¥ d
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Nonlinear principal prediction patterns

Minimise error function:

2
d
! < Xns1 — R(x,) — (8) — ZP}‘-‘I_;III >
Jj=1
Symmetnic eigenvalue problem:
GCYG'p; = Ap;, g, = C'G'p;
C - (ZZ"), G = {[xns1 — R{xa) — (S)]Z")
F}rpj i q.:'rcqj A

1= {|lass — R(xa) — (SHP) — D"
j=1



Model pruning / Predictor selection




Long-term integration with closure
Probability density and autocorrelation function
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Long-term simulation — Kinetic energy spectrum

deterministic stochastic




Conclusions and outlook

o Data-driven deterministic and stochastic subgrid-scale
parameterization

2 Key points:

Spatio-temporal approach including dimension reduction
Efficient and interpretable subgrid modelling

ldentification of parameterization structure

Predictor selection / Sparsity via data-driven pruning procedure

Low computational cost for both training and implementation
in reduced model runs

Localisation by combining pattern technigue with a
model-based clustering algorithm

Option of adding physical constraints



Measuring the difference between weather and climate

models and the real world

Hugo Lambert

University of Exeter




Introduction

@ Weather and climate models produce widely differing predictions
because they contain parametrisations.

@ Measure the differences between parametrized models, process
models and observations for a given process using Continuous
Structural Parametrization [2].

w Here, | analyse the land surface heat budget in GCMs and
FLUXNET observations.




Comparing models and observations

@ Requires rewriting model inputs, X, and outputs, Y, as functions
of the same variables.




Comparing models and observations

@ Requires rewriting model inputs, X, and outputs, Y, as functions
of the same variables.

@ Standard data reduction then identifies the most important X
and Y using e.g. PCA. But that may not identify the inputs you

want. ..




Comparing models and observations

@ Requires rewriting model inputs, X, and outputs, Y, as functions
of the same variables.

@ Standard data reduction then identifies the most important X

and Y using e.g. PCA. But that may not identify the inputs you
want. _.

@ Instead,

e Write ¥ — X3, where 7 are regression coefficients.

e Do PCA of X4

s Examine ) — P+, where ) and P are the weights of the eigenvectors
of the covariance matrices of ¥ and X and + are the rotated A.




Comparing models and observations

@ Requires rewriting model inputs, X, and outputs, Y, as functions
of the same variables.

@ Standard data reduction then identifies the most important X
and Y using e.g. PCA. But that may not identify the inputs you
want. ...

@ Instead,
e Write ¥ — X3, where 7 are regression coefficients.
e Do PCA of X4

s Examine ) — P+, where ) and P are the weights of the eigenvectors
of the covariance matrices of ¥ and X and + are the rotated A.

Note — this is not how you actually do the calculations [2].




Specific (low dimensional) example

Monthly mean 30° N - 5 FLUXNET observations [3], and model output
from AMIP, a CESM2 land surface PPE [4] and a HadCM3 land surface
PPE [1].

Define Outputs, Y, as upward LH and 5H, and surface temperature.

and Inputs, X, as downward shortwave and longwave radiative fluxes,
near surface relative humidity, precipitation and windspeed.

Find observation-model differences and ask if they matter.

Thanks to Anna Ukkola, Gab Abramowitz, Ben Booth, Ben Buchovecky,
Monisha Natchiar, Clare Zarakas and Abigail Swann.




Input and output vectors
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Linear analysis
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Gaussian process emulators

(b) GISS E2 @,

-5-4-3-2-10 1 2
5 B




Verification of the present day

(a) CESM2 @, (b) GISS E2 @

th
L s
=R b

0.8 i i i i i i i i i bl |
—30-20-10 0 10 20 30 -—-30-20-10 0O 10 20 20
Latitude * Latitude *




Predictions of changes in a +4 K climate

(a) CESM2 AQ, (b) GISS E2 AQ,

~30-20-10 0 10 20 30

A5
~30-20-10 0 10 20 30

Latitude * Latitude *




And for real variables. . .

(a) CESM2 ALH (b) GISS E2 ALH

[Wm?]

[Wm2]

-

~30-20-10 0 10 20 30 —30-20-10 0 10 20 30
Latitude * Latitude




We analysed FLUXMNET observations and GCMs using an augmented
Continuous Structural Parametrization (C5P) framework:

@ The majority of models produce too little latent heat and too much
sensible heat in response to increasing downward radiative fluxes.
There are process differences in the land surface models. It's not just
differences in model inputs.

@ Lack of abservations mean it is difficult to know what is happening in
some regions, such as north of 10 °N. | predict that CESM2 and GISS
E2 will still not agree with each other after tuning to FLLUXNET!

@ CSP captures some features of AMIP +4 K “climate change”. A
more FLUXNET-like model might produce cooler, wetter results.




E B. B. B. Booth, C. D. Jones, M. Collins, |- 1. Totterdell, P. M. Cox,
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High sensitivity of future global warming to land carbon cycle
processes.
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demonstrated for atmospheric convection.
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Land processes can substantially impact the mean climate state.
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Motivation

* In Earth Sciences we often need to map
attributes in space

* We would like to know the confidence in our
predictions

* Continuous variables often behave
differently in different categories

+ Decisions are made based on these maps and
should consider uncertainty, as it translates
torisk

* To complicate things:

* We work in the natural environment = geological
constraints

* Multiple atiributes may be involved in the
decision =2 need to account for their relationships

University
of Exeter

Cambome
School of Mines



Motivation

* In Earth Sciences we often need to map
attributes in space

* We would like to know the confidence in our
predictions

« Continuous variables often behave
differently in different categories

+ Decisions are made based on these maps and
should consider uncertainty, as it translates
torisk

* To complicate things:

* We work in the natural environment = geological
constraints

* Multiple atiributes may be involved in the
decision =2 need to account for their relationships
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What is geostatistics? ® Vi | s

+ The application of probabilistic methods to regionalized variables (Chiles and Delfiner, 2012)

+ The branch of stafistics concerned with the description and modelling of the spatial distribution
of variables (Frenzel et al., 2023)

* Deals with prediction (estimation) and uncertainty quantification (through stochastic simulation)
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How does it work?

* The principles are simple: a variable in space is
modelled as a random function Z = {Z(u) € D},
that is, a collection of random variables Z (u) that
are spatially correlated.

To infer attributes at unsampled
location, we use neighbouring
samples from the same domain




How does it work?

* The principles are simple: a variable in space is
modelled as a random function Z = {Z(u) € D},
that is, a collection of random variables Z (u) that
are spatially correlated.

* Each sample is correlated with the unsampled
location

@
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How does it work?

* The principles are simple: a variable in space is
modelled as a random function Z = {Z(u) € D},
that is, a collection of random variables Z (u) that
are spatially correlated.

* Samples are correlated with each other
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How does it work?

* The principles are simple: a variable in space is
modelled as a random function Z = {Z(u) € D},
that is, a collection of random variables Z (u) that
are spatially correlated.

Z(u

Z\ 4)

We define a linear unbiased
optimal estimate 2 Kriging

Bl) e | Somaroriines

* We need to determine the weights
* Linear estimate
n
Z* (W)= Ao+ D AZ(w)

i=1
* Unbiased estimate

E{Z*(ug)} = E{Z(uo)}
* Optimal estimate

{M,iin{:!,r}.,n} Var {Z {llg] o Z(“U}}}

* We assume behaviour of random
variables is statistically homogeneous
(domain = stationarity)
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How does it work? &Y of Lxeter’ | Shodiobires
* The principles are simple: a variable in space is * System of equations

modelled as a random function Z = {Z(u) € D},

that is, -:J_cnliec’rinn of random variables Z(u) thatrc,;, €35 -+« Cip }EK’ o

are spatially correlated. oy E39 vse Cog }‘EK €20

Cni Cn2 -+ Cand \X3K Cho
Z — . Nn > ’
covariances between weights covariances between

the samples

* Linear estimate

i=1
* Estimation variance
n
2 i SK ~.
O5(Uo) =0 — Z;‘i Cio
=1

samples and estimation

location

Z*(up) = Ao+ > AiZ(w)



How does it work?
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* If variables are multiGaussian, the estimate and estimation variance are the conditional mean
and conditional variance, thus we can infer the conditional distribution (uncertainty distribution).

Z* (o) = Ao+ >, AZ(u)
=1
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« Continuous variables (estimation)
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« Continuous variables (simulation)
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Typical workflow

* Categorical variables (prediction)
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+* Categorical vuricbles (simulation)
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Implementation

Local Anisotropy Field (LVA) computation

Advanced
methods

Integrated in all
Interpolation of local estimation and

orientations with Direction simulation methods

Cosine Matrix / Quaternions
modelling




Implementation
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Multivariate (PPMT) Simulation

Normal score transform

Iterative Sphering

Multi-Gaussian distribution
Independent component simulation
Back-transform

w2

x1

lteration ¢ 1 before transform

hitps:/fgeostatisticslessons. comflessons/ppmt

| Cambome
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Multivariate (PPMT) Simulation
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Example 0 iy 55

* Integrated categorical + continuous (multivariate) workflow to assess risk in decision (transfer
function)

Attributes
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Example

* Integrated categorical + continuous (multivariate) workflow to assess risk in decision (transfer
function)

Expected

We can identify areas of high
risk and inform decision making
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Discussion

* Geostatistics provides methods for the estimation (prediction) and simulation (uncertainty
qguantification) of categorical and continuous variables

+ Advanced techniques allow adapting these methods to local anisotropies and integrating
multivariate relationships (statistical and spatial) into the modeling workflows

* Workflows combine the characterisation of categorical variables (soil types, rock types, soil use,

lithologies, etc.) with the spatial distribution of continuous attributes within these categories
(geochemical concentrations, hardness, humidity, specific gravity, etc.)

* Resulting models characterise the joint uncertainty and can be used for risk assessment and
mitfigation
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Geometallurgical Domaining

» Geometallurgical domains separate different processing streams for
oxide, sulphide, or rock, based on strength and grindability.

raw ore

Rock Type — Grinding Energy
Mineralization — Liberation size
Ore — Impurities

Clean Concentrate — Grade
Recoverable metal

University
of Exeter
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Variables Selection As+SbiHg

Argillic: Stable Ti/Al, Volatile enrichment + base leaching;

SHALLOW l?;g??d m:tgz?y‘lreﬁi'duﬁl feldspar and mafic breakdown
A iCaRe (Al+Ti)/(Na+Ca+Mg), (As+Sb+Hg)/S

A—= Chloritic

£ —— Quartz-
L~ pyrophyllite
i
Qtz/Chl-sericite: Rb & Sr substitutes K & Ca; Volatiles
enrichment; B+5Sn+W+Bi Mobility
Rb/Sr, (As+Sb+Hg)/(Ca+Mg),
Multiphase (B+Sn+W+Bi)/(Fe+Ti+Al)
— porphyry
stock 1km
Tkm

R. H. Sillitoe, “Porphyry Copper Systems*” [Online].

}ijné\;{%ligﬁy Available: http://pubs.geoscienceworld.org/segweb/economicgeology/article-pdf/105/1/3/3464429/3. pdf




Variables Selection 19 + 15 ratios = 34

Argillic Ti/Al; (Al+Ti)/(Na+Ca+Mg); (As+Sb+Hg)/S

Chl
Ser

Chl-Ser —— Rb/St, (As+Sb+Hg)/(Ca+Mg), (B+Sn+W+Bi)/(Fe+Ti+Al)

Propylitic

> Potassic: Ba-rich feldspar; Ca leaching.
K/Na, K/Al, Fe/S, Ba/Sr, Ca/Na, (K+Rb)/(Ca+Na+Mg)

Potassic

K, Na, Ca, Mg, Al, Ti, S, Ba, Sr, Rb, B, P, As, Sb, Hg, Sn, W, Bi, Te

University
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Aims and Objectives

Aim: Present a statistically valid and spatially contagious
Unsupervised Geometallurgical domaining

Objectives:

* Apply Feature Extraction and Classification

* Extract Core Samples with Least Neighbourhood Entropy

* Clean Core Domain zones: Pruning

* Train the ML model on core and apply it to non-core samples
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Preliminary Geochemical based Design Space of 180 Runs

StandardScaler
MinMaxScaler

PowerTransformer

,|:
I RobustScaler

Quantile Transformer

PCA

NMF

ICA

KPCA

LLE

SpectralEmbedding

'UMAP
‘MDS

| Isomap

Agglumurative.

rem|i



Unsupervised Approach for Spatially Contagious Domaining

Geochem values, Ratios F—— Feature Extraction

r—J

Classification

Geochemical
Spatial filtering: remove I Spatial

distant samples

}

Cleaning I: Cleaning Il:
(NNEntropy < threshold) Density-based Hulls
Train Machine Learning Predict the Input=X,Y, Z

Model on Core Samples Final Labels Output = Domain labels




Alteration Category Sample Counts

Samples per Alteration Category

o 10576

8k

Bk

4153

4k

2K

784

, I

Potassic Chlorite-Sericite  Sericite-Qtz Argillic

282




1.75 1

1.50 4

1.25 -

L
o
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Spatial Entropy

0.50 -

0.25 1

0.00 -

Spatial Entropy vs Silhouette (size = Balanced Accuracy)

0.75 -

@ Feature extraction

@ PCA @ KPCA @ SpectralEmbedding @ MDS

@ NMF @ LLE © UMAP
@ ICA

® O

Classifier: a = Agglomerative f=FCM g =GMM k = KMeans

© Isomap

0.0 0.2 0.4 0.6
Silhouette Score

0.8

Balanced Acc (%)
o 0%

O 33%

67%
100%
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3-0 Region Editor (Hull or Elipsoid)
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Production Scheduling of
Mining operations
Optlmlzatlon problem

Block Model Economic MNested pits
Block Model
I
i

I
W_" | i I[}
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Phase sequence Operative design Production Scheduling




Mine Planning and Al
Prescriptive analytics
traction sequence of Blocks
Current work




Reinforced Learning of Mining Complex — current work

> 'Agent  Input  TransferLeamning LeamedLayers  Output
! U n4(ad|s) Number of
: " , blocks
- state, —— Bﬂrr:nm . Y —
| ’rr{ar|#] Dirm, d
planned | [ bl min":g
reward, ; . production . 7
: | forecasts . —
- T V(state, | 8)
[ f Environment - Mining Complex
l Screening
mﬁnﬂ::‘- Faciiies F_‘ Wasts Dumgs
1 rewardy,, F— - - B Processing Faciities
| e | <l
stateg,y |+ R m‘\ B :
;A & : B oo

doi: 10.1007/s11004-017-9680-3




} Conclusions

» Statistical Learning is key to sustainable resource Management

» Clean samples will lead to reliable statistical models for sustainable
resource

» Feature Extraction and Classification works

» Realtime Reinforced Learning for Optimization of Mine Complex is the
future challenge

~ Noise free sensors at plant can enhance better learning strategies




THANK YOU



. R Of Exeter

Improving Machine Learning Predictions of High
CO:2 Climates

Dr Stephen Thomson
Dr Daniel Williams
Department of Mathematics and Statistics, University of Exeter



Predicting high CO2 climates using machine
learning
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Predicting high CO2 climates using machine
learning

 Weather prediction systems using ML are becoming more
common and more powerful
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Predicting high CO: climates using machine
learning

 Weather prediction systems using ML are becoming more
common and more powerful

e Typically trained on ERAS5 reanalysis data
 Climate change is an out-of-sample test

* Neural-GCM (Google) is a ‘hybrid’ ML model - dynamics with
learned physics, and uses prescribed SSTs
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common and more powerful o :
100 +1K SST (NeuralGCM)
. . . |
* Jypically trained on ERAS reanalysis data g "
¢ 300 1@
 Climate change is an out-of-sample test £ s00- g
700 - J 1
. o ] _ 10004 — ‘;,;‘
* Neural-GCM (Google) is a ‘hybrid’ ML model - dynamics with . e e -
learned physics, and uses prescribed SSTs 100 s
* Neural-GCM'’s response to an AMIP-4K warming experiment is ¢ 300. 1%
v - T E
E 5001_ | =
* Not proportional to SST Increase oo i
» Very different to a physical model ol e ?
E 300
E 500—: 3
700 -
; . 1000 - . ' . , :
@ University 60 30 0 30 60
Of Lxeter bl Kochkov et al 2024




Predicting high CO: climates using machine
learning

 Weather prediction systems using ML are becoming more
common and more powerful

e Typically trained on ERAS5 reanalysis data
 Climate change is an out-of-sample test

* Neural-GCM (Google) is a ‘hybrid’ ML model - dynamics with
learned physics, and uses prescribed SSTs

* Neural-GCM'’s response to an AMIP-4K warming experiment is
* Not proportional to SST increase
* Very different to a physical model

* |s it possible to incorporate a representation of radiative
transfer into ML models?

University
of Exeter
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* We have explored approaches for including radiative transfer into a
simple ML framework
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Our approach

* We have explored approaches for including radiative transfer into a
simple ML framework

 We are not using an MLWP system, but have built our own simple ML
framework to illustrate the problems and explore ways forward

* Training data: we have run 140 different GCM experiments using the
Isca modelling framework

* Earth-like configuration with continents, a mixed-layer ocean, and
Socrates radiative transfer without clouds

o 5 different CO2 values (278 - 1600ppmv), 7 different rotation rates (2x
Earth - 1/16 Earth) and 4 different obliquities (0 - 1.5 x Earth)
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Isca

Our approach

* We have explored approaches for including radiative transfer into a
simple ML framework
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* Training data: we have run 140 different GCM experiments using the
Isca modelling framework
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Isca

Our approach

[ 292.6

1 281.4

200

We have explored approaches for including radiative transfer into a
simple ML framework

400

pfull

We are not using an MLWP system, but have built our own simple ML
framework to illustrate the problems and explore ways forward 500

Training data: we have run 140 different GCM experiments using the
Isca modelling framework

800

* Earth-like configuration with continents, a mixed-layer ocean, and
Socrates radiative transfer without clouds

e 5 different CO2 values (278 - 1600ppmv), 7 different rotation rates (2x
Earth - 1/16 Earth) and 4 different obliquities (0 - 1.5 x Earth)

Lots of analogous ML problems in exoplanetary research too!
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Isca

Our approach

* We have explored approaches for including radiative transfer into a
simple ML framework

[ 292.6

200 281.4

270.2

259.0 @
400

pfull

 We are not using an MLWP system, but have built our own simple ML
framework to illustrate the problems and explore ways forward 500

@
236.7 £
225.5

214.3

* Training data: we have run 140 different GCM experiments using the
Isca modelling framework

800
203.2

192.0

-80 -60 -40 -20 0 20 40 60 80

e Earth-like configuration with continents, a mixed-layer ocean, and at
Socrates radiative transfer without clouds JRA-55

[ 292.6

e 5 different CO2 values (278 - 1600ppmv), 7 different rotation rates (2x
Earth - 1/16 Earth) and 4 different obliquities (0 - 1.5 x Earth)

2814

270.2
. 259.
* Lots of analogous ML problems in exoplanetary research too! 20

247.9 g'
1B

236.7

 Our aim is to take in 3 input parameters - CO, rotation rate and
obliquity and use ML to predict the zonal-mean and annual-mean
temperature structure and the zonal-mean zonal wind
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* For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image
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* For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image
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Network structure

* For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image

Input layer

(3)

Omega
Obliquity
CO:
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Network structure

 For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image

Dense layer
(n_nodes)

Input layer

(3)

Omega
Obliquity
CO:
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Network structure

 For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image

Dense layer
(nlevels * nlat * nfeatures )

Dense layer
(n_nodes)

Input layer

(3)

Omega Reshape

Obliquity
CO-

>
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Network structure

 For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image

Dense layer
(nlevels * nlat * nfeatures )

Dense layer
(n_nodes)

Convolutional layer
Input layer

(3)

Omega Reshape

Obliquity
CO-

>
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Network structure

 For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image

Dense layer
(nlevels * nlat * nfeatures )

Dense layer
(n_nodes) Convolutional layer  Convolutional layer
Input layer
(3)
Omega Reshape
CO:
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Network structure

 For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image

Dense layer
(nlevels * nlat * nfeatures )

Dense layer Output
n_nodes i ' :
(n_ ) Convolutional layer Convolutional layer convolutional layer
Input layer
(3)
Omega Reshape
Obliquity i 3
CO-
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Network structure

 For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image

 Zonal-mean temperature and zonal-mean zonal wind are predicted as channels in the final image

Dense layer
(nlevels * nlat * nfeatures )

Dense layer Output
n_nodes i ' :
(n_ ) Convolutional layer Convolutional layer convolutional layer
Input layer
(3)
Omega Reshape
Obliquity i 3
CO-
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Network structure

For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image

 Zonal-mean temperature and zonal-mean zonal wind are predicted as channels in the final image

Dense layer
(nlevels * nlat * nfeatures )

Dense layer Output

Nn_nodes Convolutional layer Convolutional layer

( ) y y convolutional layer

Input layer
) i
Omega Reshape . 1=
Obliquity >
CO- ,.
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Network structure

 For the ML we’ve used a Convolutional Neural Network (CNN), with dense layers building up from
the inputs to a single layer with enough dimensions to then be reshaped into a 2D image

 Zonal-mean temperature and zonal-mean zonal wind are predicted as channels in the final image

 We have explored the impact of how the data is normalised, how the input parameters are normalised
etc (not shown)

Dense layer
(nlevels * nlat * nfeatures )

Dense layer Output
n_nodes Convolutional layer Convolutional layer .
( ) y y convolutional layer
Input layer
(3) o
ot
Omega Reshape ‘- 5
Obliquity > > — —_— L. i
CO- ,.
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Network performance for interpolation vs extrapolation
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Network performance for interpolation vs extrapolation

 Model performs well at predicting the zonal-
wind and temperature when interpolating,
l.e. when it sees a random subset of the full
parameter space In the training phase
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Network performance for interpolation vs extrapolation

X trained data Interpolation case
validation data

— 1-1line

~-J
Ln
. |

70 4

 Model performs well at predicting the zonal-
wind and temperature when interpolating,
l.e. when it sees a random subset of the full
parameter space In the training phase

65 -

Predicted global mean T at 925hPa (K)

250 . : T T .
250 255 260 265 270 275

True global mean T at 925hPa (K)
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Network performance for interpolation vs extrapolation

754 X trained data Interpolation case
validation data

— 1-1line

 Model performs well at predicting the zonal-
wind and temperature when interpolating,
l.e. when it sees a random subset of the full
parameter space In the training phase

Predicted global mean T at 925hPa (K)

 But the model performs significantly worse
when it’s asked to extrapolate to cases that | | | | |
It hasn’t seen In training

True global mean T at 925hPa (K)
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Network performance for interpolation vs extrapolation

754 X trained data Interpolation case
validation data

- 1-1 line

 Model performs well at predicting the zonal-
wind and temperature when interpolating,
l.e. when it sees a random subset of the full
parameter space In the training phase

Predicted global mean T at 925hPa (K

 But the model performs significantly worse
when it’s asked to extrapolate to cases that . . | | |
It hasn’t seen In training

True global mean T at 925hPa (K)

* For the extrapolation case, we have trained
the network on the 278, 335, 400 and
800ppmv CO2 values, and ask it to predict
the 1600ppmv CO2 cases in validation
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Network performance for interpolation vs extrapolation

X trained data Interpolation case
validation data

- 1-1 line
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 Model performs well at predicting the zonal-
wind and temperature when interpolating,
l.e. when it sees a random subset of the full
parameter space In the training phase

65 -

Predicted global mean T at 925hPa (K

 But the model performs significantly worse
when it’s asked to extrapolate to cases that . . | | |
It hasn’t seen In training

True global mean T at 925hPa (K)

* For the extrapolation case, we have trained < teneddata g4 apolation case
the network on the 278, 335, 400 and
800ppmv CO2 values, and ask it to predict
the 1600ppmv CO2 cases in validation
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Incorporating radiative constraints...
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Incorporating radiative constraints...

* |n order to incorporate radiative constraints, we have
conducted a further 5 experiments using the column-model
version of Isca
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Incorporating radiative constraints...

* |n order to incorporate radiative constraints, we have
conducted a further 5 experiments using the column-model
version of Isca

e Single column without any fluid dynamics - radiative
convective equilibrium
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Incorporating radiative constraints...

* |[n order to incorporate radiative constraints, we have
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* |[n order to incorporate radiative constraints, we have
conducted a further 5 experiments using the column-model co2 = 400, lat = 29.3, obliq = 1.0, omega = 1.0...

version of Isca 0 — GCM
column
e Single column without any fluid dynamics - radiative <

convective equilibrium 200 -

 Column model is O(100) times cheaper than the full model a5

pfull

« How can we incorporate the column model results?
600 -

* Predict departure of temperature from column model -
predict how far away the state is from radiative-convective

equilibrium - still extrapolation problem il

* |ncorporate the column model data into the network’s T . - -~
training. - t time_zonal _av

 We want ML to learn about things that are difficult for us to predict cheaply (i.e. dynamics etc)

 Radiative-convective equilibrium is very cheap compared with physical models, so less of a need to
have the ML learn the details of this
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Using the column model as a constraint

 Add the ‘source’ as an input (0 for GCM or 1 for column), and ask the model to predict from either source

* |n training we show the model all except the 1600ppmyv case from the GCM, and ALL of the CO2 values from the
column model
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Using the column model as a constraint

 Add the ‘source’ as an input (0 for GCM or 1 for column), and ask the model to predict from either source

* |n training we show the model all except the 1600ppmyv case from the GCM, and ALL of the CO2 values from the
column model

« Now when we ask it to predict the GCM at high COo, 1t has seen high COz2 In training from the column but not the
GCM

Dense layer
(nlevels * nlat * nfeatures )

Dense layer Outpu
n_nodes Convolutional layer Convolutional layer 3
( ) y y convolutional layer
Input layer
(3) i
=
Omega Reshape 1 i
Obliquity > > — — R
CO: i
SOURCE y X
£

University
of Exeter




Improved high-CO2 performance with
column model training

il University
(@ of Exeter




Improved high-CO2 performance with
column model training

 \When we include the column model
experiments into our training data, we
substantially improve the
extrapolation to high CO

University
of Exeter




Improved high-CO2 performance with
column model training

X trained data No column model
»  validation data

— 1-1line

;.E
un

 \When we include the column model
experiments into our training data, we
substantially improve the
extrapolation to high CO

oo O
0 o
|

Predicted global mean T at 925hPa (K)
= o
o

280 285 290 295
True global mean T at 925hPa (K)

University
of Exeter




Improved high-CO2 performance with
column model training

 \When we include the column model
experiments into our training data, we
substantially improve the
extrapolation to high CO

University
of Exeter

.LE
un

Predicted global mean T at 925hPa (K)
- = o

%)
O
un

Predicted global mean T at 925hPa (K)

O
o
|

(0 0]
o
|

X trained data No column model
validation data

— 1-1line

280 285 290 295
True global mean T at 925hPa (K)

290 -

X tra"tned_ data With column model
validation data

— 1-1 line

280 285 290 205
True global mean T at 925hPa (K)




X trained data No column model
validation data

— 1-1line

Improved high-CO2 performance with
column model training

.LE
un

 \When we include the column model
experiments into our training data, we
substantially improve the
extrapolation to high CO

oo O
0 o
|

Predicted global mean T at 925hPa (K)
= o
o

* New network has seen high CO2 in | . . .

r 2 280 285 290 295
training, but only with the column True global mean T at 925hPa (K)

model.

X tra’tned_ data With column model
validation data

— 1-1 line

%)
O
un

290 -

Predicted global mean T at 925hPa (K)

Universiy

280 285 290 205
True global mean T at 925hPa (K)




Improved high-CO2 performance with
column model training

* \WWhen we include the column model
experiments into our training data, we
substantially improve the
extrapolation to high CO

* New network has seen high CO: in
training, but only with the column
model.

 Model has learned how the GCM
predictions differ from the column at

low CO2 - now it can apply this at high
COo
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Conclusions and future work

 We have constructed a CNN to predict the zonal-mean temperature and zonal-mean zonal
wind from GCM experiments over a parameter space of CO2, obliquities and rotation rates

 \We have demonstrated that incorporating constraints from radiative-convective

equilibrium have substantially improved the CNN'’s ability to extrapolate to high CO-
climates

e |ncorporating results from cheap physical models (e.g. radiative convective equilibrium)
may be a way to improve ML predictions of future climates

 Future work:
 Making predictions in spectral space and applying gradient wind balance constraint
* |ncorporating additional variables, e.g. moisture, precipitation etc

 Explore exoplanet applications, including variations in composition etc
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Normalisation in spectral space...
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Exploring the data
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Exploring the data

» 7 rotation rates (2, 1, 0.5, 0.25, 0.125, 0.0625, 0.03125) in units of Earth’s Q, = S* g1
* 4 obliquities (0, 0.5, 1, 1.5) in units of Earth’s obliquity (23°)
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Exploring the data

» 7 rotation rates (2, 1, 0.5, 0.25, 0.125, 0.0625, 0.03125) in units of Earth’s Q, = 8624’;0(1

* 4 obliquities (0, 0.5, 1, 1.5) in units of Earth’s obliquity (23°)

* 5 CO2 concentrations (278, 335, 400, 800, 1600ppmv)
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How can we bring in physical constraints?
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How can we bring in physical constraints?

e Neural-GCM includes a
dynamical core that can be
differentiated in a ML sense

. BN Learned
* Allows physics to be learned N arch encoder
online with changes in the I
dynamical core accounted for e — Dynamical core Learned physics
- - - " oS W A S ‘;} '
« Could we do something similar P 8
for radiative transfer? el
- Radiation schemes are very i . &
long and complex, and difficult tendencies tendencies
to express analytically L ODE solver y

\J

Learned

* A substantial effort to rewrite in  |outputs
differentiable form “

Unjvecsity
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Al for Sustainable Systems

* Energy
* Sustainable buildings

* Transportation



Energy System: An overview

 Minimize operating cost
« Balance supply and demand
« Reduce carbon emissions (net zero)

powear plant transmission inas - f e &

generales electricity




Key Challenges (Forecasting/ Smart Meter Data Analytics)
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Integrated Machine Learning and Optimisation for
Smart Energy Pricing
C)i

« Smart meter data
» Clustering based customer segmentation
« Customized energy pricing

Customized Demand Models

Meng, F., Ma, Q., Liu, Z., & Zeng, X. ). (2023). Multiple dynamic pricing for demand response with adaptive clustering-based customer segmentation in smart grids. Applied
Energy, 333, 120626.



Distributed and privacy-preserving framework
for non-intrusive load monitoring

Non-intrusive load monitoring (NILM): load disaggregation from house-
level consumption (smart meters) to appliance-level consumption

Distributed and privacy-preserving ML framework: federated learning +
differential privacy
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Dai, S., Meng, F. *, Wang, Q., & Chen, X. (2024). DP2-NILM: A distnbuted and privacy-preserving framework for non-infrusive load monitoring. Renewable and Sustainable
Energy Reviews, 181, 114091



1. Client Model Training
and Updating

H—FO
O—F O

O—E D
ON—E O

Updating

I
I
I 2. Global Model
I
I
I

3. Global Model Broadcasting

A federated deep learning framework



DP2-NILM

Client Model
Training Tier

NRECE

I T I

State-of-the-art Client Models

Client Smart Meter
Readings Pre-processing
& Chient Model Training
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Proposed DP2 -NILM framework




Utility Optimization mechanism
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Online Energy Forecasting

Online demand forecasting based on functional data analysis
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Sustainable Building

* thermal comfort: health and
productivity

e thermal profiles vary across
buildings and within the
buildings

(a) (b) (c)
The seven-floor conceptual office modeled in DesignBuilder, (a) front elevation; (b) north-
east elevation; (c) south elevation.

* targeted thermal and ventilation
control



Al for sustainable building thermal management
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Category summary for the dynamic cluster trajectories over the year. DT: dynamic trajectory.

Spring Summer Autumn Winter Floor Floor Mean DT
Cluster Cluster Cluster Cluster Level Area Temp. No.

1 2 2 1 (low) 28.14 (med.) 19.58 1

1 1 1 2 (low) 31.72 (large) 22.53 2

2 1 2 4.50 (med.) 3422 (large) 22.79 3

2 2 7 (high) 30.03 (med.) 2342 4

1 1 4 (med.) 32.11 (large) 24.56 5

5 5 1 2 6.50 (high) 30.24 (med.) 24.14 6

2 1 3.88 (low-med.) 24.87 (small) 24.68 7

2 2 6.08 (high) 23.85 (small) 24.69 8

| ] T —m |

The system framework of clustering-based indoor temperature profiling.



Intelligent Transportation System (Driving styles)

* Driving styles

» Efficiency (travel, energy, etc.)
Safety { canons ol
Autonomous driving e

US 101 highway diagram.
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Dynamic clustering for driving styles analysis
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Dynamic clustering for driving styles analysis

Clusters

300 m 400 m 500 m 600 m
Cutting points

Clusters transitions and driving styles switches.
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Social Network

Information Sharing Ties

Do you exchange information with
anyone, which is useful for your fishing &
time at sea? (e.g., told you about
practices, good fishing spots, equipment,
timing and seasons, etc.)

If yes, who have you provided
information to in the last year?

If yes, who have you received useful
information from in the last year?




Social Network

Fisherman Attributes

* Are you a member of a fisherfolk co-operative or
organization?

* Perception of social risk — Since the establishment of
the fish sanctuary, to what extent has illegal fishing
been an issue? (5pt scale, non-issue to serious)

* Perception of ecological risk = In your opinion, how
has your catch changed within the last five years?
(Smaller Fish)



Social-Ecological Ties

2 A L
ol =

".ﬁ.’xf. .1.:-'-.{::-! E .
27 Two follow-up questions asked participants

Participants were asked to identifyup to 5

fish species they tariet specifically whether they target lobster

and/or conch.



Risk Hypothesis

* Berardo and Scholz (2010)

* ‘Risk’ means the social risk of individuals/organizations defecting on
their commitments

e Low-risk situations favour the creation of bridging structures
* High-risk favour reciprocity and bonding structures



Risk Hypothesis
-Social motifs

Individual responses to social risk
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Risk Hypothesis — Socio-Ecological motifs

Individual responses to ecological risk
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Risk Hypothesis — Socio-Ecological motifs

Individualresponses to social-ecological risk
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ERG Models!



ERG Models!

* Control terms:
* Number of isolates (constrained, not estimated)
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ERG Models!

* Control terms:
* Number of isolates (constrained, not eitimated)
* Edges i

Weighted popularity (gwdegree) i

Weighted social triangles (gwesp) X eee A
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ERG Models!

 Control terms:

* Number of isolates (constrained, not eitimated)
* Edges i
* Weighted popularity (gwdegree) i %

Weighted social triangles (gwesp) X eee A

X

Weighted open two-paths (gwnsp) % i %

Member of a fishery org %



ERG Models!

* Risk: (modelled separately for Social and Ecological risk)
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* Risk: (modelled separately for Social and Ecological risk)
* Number of ties 7 A

* Homophily
* S-E Triangles
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ERG Models!

* Risk: (modelled separately for Social and Ecological risk)
* Number of ties 7 A

* Homophily

_%
A

* S-E Triangles (risk homophily)

* S-E Triangles

* S-E Triangles (no risk homophily)
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Risk Hypothesis?

* Limited support for perceptions of social risk (yes triangles, no
homophily)

* No support for perceptions of ecological risk



Next steps

* Change/refine motifs

* Add in more attribute data controls

* Add Kenya and Papua New Guinea cases
* Full models of socio-ecological network



Social-Ecological Models
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Background
and
motivation

Board characteristics are widely recognized as key
determinants of firms' financial and non-financial
performance

Board diversity enhances firms' decision-making and
risk-management capabilities, which helps in
improving firms' financial and non-financial outcomes
(Jizi & Nehme, 2017; Reguera-Alvarado & Bravo-
Urquiza, 2020).

Previous studies explore the impact of board attributes
on firm performance (Bennouri et al., 2018), ESG
disclosure (Nguyen & Nguyen, 2023), carbon
emissons (Barroso et al., 2024 Khatri. 2024) and
applied traditional regression models

Few studies investigate the board diversity-carbon
emission nexus, there is little evidence on how
machine learning models can explain the complicated
diversity-carbon emissions relationship.




(1) Does board gender diversity influence carbon emissions

performance?

Research
. (2) Does ESG controversies moderate the relationship between
q u e S tl 0 n S board gender diversitv and carbon emissions performance?




(1) Stakeholders Theory (Freeman, 1984)

T h e O ry (2) Legitimacy Theory (Suchman, 1995)




Research
Methodology

Sample selection
® STOXX 600 firms in Europe from 2016 to 2022

Data sources

sCarbon emissions score of LSEG Workspace formerly
known as Refinitiv (Target variable/Dependent variable)

mBoard gender diversity is as measured as the percentage of
female members on the board

"Board specific control variables include board member
compensation, board size, and board member tenure, CEO
duality

= Firm-specific control variables include Tobin’s Q, market
risk, leverage. liquidity, cost of debt, log of total assets.




Target variahle

Carbon emiszions score

Independent variables
Board gender diversity
Moderating variahle
ESG controversies

Board specific control variables
Board member compensation
Board size

Board tenure

CEO duality

Firm specific control variables
Tobin's Q)

Market risk
Leverage
Liquidity
Cost of debt

Total assets

Thee emizsions 2core of LSEG indicates the percentile rank score of a firme * commitment and
effectiveness towards reducing carbon emission in the produchion and operational processzes
relative fo itz industry. The higher the score, the more efforts are made to reduce carbon

SIS0,

Percentage of female members on firm board.

Environmentsl =ocial and poverannee confroversies score of LSEG betwean zero to hundred.
Higher score mean: low controversies. lower score means high controversies.

Total compensation of board members.

Total number of board members at fiscal vear-end

Average number of years each board member has been on the board

CEQ serves as the chairman or the chairman has been the CEQ (coded 1 if ves, or 0 otherwize).

“The book value of total assetz minus the bock value of equity and balance sheet defemred taxes
plus the market value of equity; all divided by the book value of total assets™ (Aouadi & Marsat,
2018 p. 1031).

CAPM bets iz nzed 2= proxy for market rigk:
Total Debt Total equity

Crck: ratio

Weighted average cost of debt

Natural loganthm of total assatz

Research
Methodology




Research
Methodology

»Fixed effects and random effects
panel regression

sStochastic XGBoost (XGB)
algorithm, an advanced ensemble-
based machine-learning technique to
explore whether board gender diversity
helps predict firms’ carbon emissions
performance.

= PDP to examine the average
marginal predictability of board gender
diversity on carbon emissions score.




Results (Panel
regression
model)



Table 4;: Regression results of lixed and random effects

Dependent/Target Carbon Carbon Carbon Carbon
vurinhle e | ssiorns CITiss Ons emission cmissions
performance performance  performance performance
Independent varinble
Board gender diversity JReew .l Ll Bl A ZTeew
(.06) (05) .11} (.1}
Control variables
Board compensation il A7 Hiys A7
(.87} {78) (.88) (.79
Board size Al A3 a2 A3
(.38) (.27 (.38) (27
Baoard tenure -, 68 -.35 -, 68 35
(1.63) [.65) (1.63) (.65)
CEO duality 4,23 4,32+ 4,29+ 4.35%+
(2.41) {1.81) (2.41) (1.8)
Tobin's O B3 T B2 BoOF
(.72) [.3) (.72) (.5)
Maorket risk 3.2 3.72%%" 3.28%+ 37304
(1.47) (1.27) (1.47) (1.27)
Leverage ~216%* ~20]** -2 18** -2,02%*
(.89 (.78) {.E9) (.79
Licquidlity =1.71* =1.34 =1.71* =134
{.9%) (,93) {.99) (.93)
Cost of debt -13.99 -9.17 -13.9 -G398
(28.25) (26.74) (28.47) {26.88)
Total asscis 28.19%%» | B L5 28.1 7%= 18.5]%%>
(4.52) (1.71) (4.51) (1.78)
ESG controversies 02 Ni]
(.04) (.04}
Muoderating variablo
Board gender =001 - 0003
diversity*ESG
COnroversicn
(000 ) (000
Constant =230 3% -136.55%*% -232.24%%* =135, 732
(47,19 {18.03) (48.03) (18.98)
Muodel statistics
Observations 1782 1782 1782 1782
R? 0,1385 0.2631 01388 0,263
Snrean-Hansen statistic 17.521 20.045
Chi® 11 13
Hausman test (p-value) 0.0934 0,004 |
Fixed effoct Yes No Yes MNo
Randon effect MNo Y on Mo Yes

Note: Srandard ervorys in parentheses, ®*¥* p<{l(f ** p=(.05, *p=0.{
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Table 7: Carbon emissions predictions for
2022 (Holdout)

2

Model Trammmg MAE  RMSLE R
obs.

XGBoost 2,946 93726 0.2233 0.0751




Table 8: Carbon emissions predictions using 5-fold Cross-
validation

2

Model Training MAE RMSLE R
obs

XGBoost 2,090 9.0350 0.2573 0.7154
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Carbon emisons
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METHOD
(RANDOM
FOREST)

MAE
RMSLE
R Squared

Training
observations

HOLDOUT
(2022)

12.1686
0.2599
0.3914

2,546

CROSS VALIDATION
(2016-2022)

12.4988
0.3251
0.5102

2,090

Table 9: Carbon
emissions predictions

(Cross validation and
Holdout)
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Forecasting climate
driven healthcare surges
using machine learning
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Steven Squires
Postdoctoral Research Fellow

Department of Computer Science
University of Exeter
s.squires@exeter.ac.uk
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Health System Resilience to
Climate-related Surges (HERCS)

Strengthening the Kenya health system’s capacity
to anticipate, respond and adapt to prevent climate-

driven health crises
Core Research Team

Peter Hailley, Co-PI
A : . Dr. Matt Fortnam, Co-PI
‘ ® ; ﬁﬁﬁ;ﬁ;ﬁrian University _ Nancy Balfour-Director
Change | Y3\ of Exeter . Dr. Tinkle Chugh, WP3 lead

Dr. Anne Khisa, PDRF
Jackson Wachira, PDRF
Dr. Steven Squires, PDRF

NOO R WN =

CLARE NP UK International /0N
+ + ) IDRC-CRDI

EESI'J‘-}F'T.ON 2 I DEYE'ODI’I’IEH‘Z N/ Additional Exeter people:
® LRESILIENCE Parmarship | Progress | Prosperity (:{-,H'I.ﬂf_ F.;:l' Dr. Theo Economou
Dr. Katy Sheen




University
of Exeter

HERCS aim

HERCS will pioneer participatory methods with health workers and communities, combined with
artificial intelligence (Al), to enhance health system climate resilience. We aim to:

1. Strengthen capacities to anticipate and respond to climate-driven surges in cases and
demand in communities and health facilities

2. Develop capabilities to forecast the probability of climate-driven surges in demand at
health facilities

3 Strengthen the long-term resilience of health facilities and communities to the impacts of
intensifying weather extremes and climate change on health



University
of Exeter

=

Impact

1. Enhanced real-time and early warning information on climate-driven health surges

2. Health workers and communities empowered to use health information, assess climate risks,
take anticipatory and early action, and build their long-term climate resilience

L. Health resilience assessment and forecasting tools that are scalable to fragile, climate-
vulnerable counties in Kenya




Problem

Caseload

A

health district to specific
health facilities

Capacity of health system
(improving over time with narmal health

Baseline system strengthening effarts)
Lapacity gap

Time
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Planned methods

Inputs: Climate variables. Socio-economic variables. Other related variables.

Methodology: Bayesian hierarchical models. Other approaches to explore.

Pooled analysis Indepandont analysis Higrarehigal smalysia

AL

E) U

niversity
Exeter
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Summary

Want to:

*» Accurately predict healthcare surges with uncertainty estimates
* Understand causes of healthcare surges especially relating to climate
* Use predictions and improved understanding to improve healthcare resilience

Using:
* Climate reloted data
* Socio-economic data
+ Any other data related to healthcare

We would love to discuss/collaborate with anyone interested in any aspect:
s.squires@exeter.ac.uk




Statistical models for temporally distributed effects from

multiple environmental stressors on health

Theo Economou (t . economouBexeter.ac.uk)
D. Parliani, F. Kekkou, A. Tzyrkalli, C. Giannaros, C. Sarran

M




Effects from environmental variables on health outcomes

e Goal: gquantify association bebween
environmental variables with health
metrics.

@ Eg. Daily mortality (1987-2000) in
Chicago and daily mean temperature’_

Mumbar of Deaths

e (Plot excludes deaths from 1995
heatwave) i

@ The effect of temperature is not
immediate, but rather distributed over a
few days.

Diaily temperature — lag O

P Auelio Tobiss and Lins Madsniva (2024), “sdatacete”. In Mendoley Dt ooc B0 176375 jralit sl 4 fm



Temporally distributed effects

Humbar of Deaths

3/ 0



Temporally distributed effects

Humbar of Deaths

Fitambar of Daafie

3/ 0



Temporally distributed effects
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Temporally distributed effects
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Distributed Lag Models
@ Regression: Linear lagged effects modelled additively!. For lags £ — 0,1, .., L:

log{mean f deaths on day t} — o + Sux + Fixe1 +--- + Fexe—t
@ Similanty in nearby lags: e — e —
|Lag [ ]
o3 ]
{y — constrained | | ]|
{1 " |
i |
@ Relative risk 101 [
-] | |
oo "o
RR(x, 1) — exp{ Bex} qag o i
088 0y
32 = " R s
8 RR{x.f) > 1 means higher S
Tiny T e
=20 20
b 33, o 17 i .I" i

mortality than average
! Shides Amae | L), “The Desitnbuted Lag Beiwesn Capstal Appropristions. and Expendatones™ . 1 Doooor



Distributed Lag Models
@ Regression: Linear lagged effects modelled additively!. For lags £ — 0,1, .., L:

log{mean f deaths on day t} — o + Sux + Fixe1 +--- + Fexe—t
@ Similanty in nearby lags: e
Lag 1 ]
lia—="" T
iy — constrained | | |
£ ! o |
i |
@ Relative risk 101 [
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oo "o
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Distributed Lag Models
@ Regression: Linear lagged effects modelled additively!. For lags £ — 0,1, .., L:

log{mean f deaths on day t} — o + Sux + Fixe1 +--- + Fexe—t
@ Similanty in nearby lags: R
|Lag 2 ]
Lo =
Ay — constrained | | T =1
2= = !
@ Relative risk 1.01- [
2 ;
oo "o
RR(x, F) — exp{Bix} qag o /s
088 /%
CNE T B e 15
® RRE{x.{) > 1 means higher L e =
Timiy T e
-20 20
bz 3, o 1Y a/n

mortality than average
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Distributed Lag Models

@ Regression: Linear lagged effects modelled additively!. For lags £ — 0,1, .., L:

log{mean f deaths on day t} — o + Sux + Fixe1 +--- + Fexe—t

@ Similanty in nearby lags:

- - |oa=
{y — constrained |
'.il‘.ﬁ.-'l
I' [}
@ Relative risk 1.01-) |
-] | |
oo o
.. ] ~ -
RR(x, 1) — exp{ fex} nsa -
P ”
oRT: { g
3 T o
e o f - o0 T 15
8 RR{x.f) > 1 means higher I S !
i ?m'__.J' 10 "'r-___{'x
mortality than average da Mas
! Shides Amae | L), “The Desitnbuted Lag Beiwesn Capstal Appropristions and Expendatones™ . 1 Doooometes 33 o 1)

LR



Distributed Lag Models

@ Regression: Linear lagged effects modelled additively!. For lags £ — 0,1, .., L:

log{mean f deaths on day t} — o + Sux + Fixe1 +--- + Fexe—t

@ Similanty in nearby lags:

- - |oa=
{y — constrained |
'.il‘.ﬁ.-'l
I' [}
@ Relative risk 1.01-) |
-] | |
N ] o
.. ] ~ -
RR(x, 1) — exp{ fex} nsa -
P ”
oRT: { g
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Distributed Lag Models

@ Regression: Linear lagged effects modelled additively!. For lags £ — 0,1, .., L:

log{mean f deaths on day t} — o + Sux + Fixe1 +--- + Fexe—t

@ Similanty in nearby lags:

{y — constrained

@ Relative risk

RR(x.t) — exp{fix}

® RRE{x.{) > 1 means higher
mortality than average

! Shides Amae | L), “The Desitnibuted Lag Betwesn Capstal Appropristions and Expenditores” . i Doooomebes 33 o 1) aym



Interpretation of the estimates in terms of risk

@ The estimates indicate that the risk
is highest at low temperatures at 3D “surface”.
short lags (coldwavesT).

@ Also, lower than average

mortality risk is evident at high TANE
temperatures over short lags (no
heatwave effect).
@ However, the resulting surface is 1.0
constrained by assumption of
linearity in the effect of x:
o.98

RR(x.{) — exp{fex}

5 0



Non-linear lagged effects

@ Distributed Lag Non-linear Models or DLNMs' relax the linearity assumption:

DLM

DLNM

e 1.04
R
10 1.0
T
1.0
o, -
f.a8
Bga o £ .
20 20

@ The DLM completely misses the spiked heatwave effect at high temperatures and short lags!

Ia Gasparnni et al, (2010). “Distributed lag non-linear medels”_ In Statierics o Seolbine 20 (21)], pe 2008 F04 ol Weeps: ffdel oegf 10 1000 u?ﬂ



Generalized Additive Models (GAMs)

@ Easy to it DLNMs as GAMs in R package
mgevl:

« Penalisation ensures optimal flexibility.

1 Gionom M. Weod (200 7). Generalized Additive bodels Chognss and
o STEITESIAENAL soe 101304 STEL EATOTD

Vil FCERC

o



Generalized Additive Models (GAMs)

@ Bayesian inference enables thorough

@ Easy to it DLNMs as GAMs in R package sncertainty quantification’

mgevl:
« Penalisation ensures optimal flexibility. @ grey points imply RR is (statistically)
significantly not 1.

——— =
& I:
—— - gman —
———— e L
| —e ;
= P —_— e
E 2 — =% —
v | — —
B — ———
1] —_— —— e
e T e ————
== B ——
— = -
—
i §
i .

Tarmmstmes '

1 Gionom M. Weod (200 7). Generalized Additive bodels Chognss and

Vel FCERD mmme STEISESTMERAL e 10 120HSTEIIENAITTD

¥ Andecw Gelenan et al (Mo, 2011). Havesion Dot Analsie Chapman s

Hall AR, innsi: Q7 DDAZSTTIE isin: 10 £301/bIG01E
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Synergistic effects

@ Often, the temperature acts in synergy with other stressors such as PM10 {air quality).

B/ It



Synergistic effects

@ Often, the temperature acts in synergy with other stressors such as PM10 {air quality).

I : 3 III I“I_ @ Straightforward to fit synergistic
II . models in mgcv.

@ Different stressors can have

- L | e different lag periods.

' i
' a Hierarchical formulation:

| i. | = . temp + PM10 + temp:PM10
- Emr i _ JI{.J

ap 1=

Temperature-PM10 synergy for Chicago.

B/ It



Categorical synergies

@ Synergy with categorical variables! achieved via

overall lagged effect + dewiation

U 51



Categorical synergies

@ Synergy with categorical variables! achieved via

overall lagged effect + dewiation
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Flexibility and model validation

o Ample flexibility via smooth functions interpreted as random effects.

@ Temporal structures such
as different seasonal cycle
. ! per year.

counts

date

10/ Bt



Flexibility and model validation

o Ample flexibility via smooth functions interpreted as random effects.

@ Temporal structures such
as different seasonal cycle
per year.

Haal meiainn Atritatobis Frachion MRage

@ Spatial structures: eg.,
different risk profile per
region.

10/ Bt



Flexibility and model validation

o Ample flexibility via smooth functions interpreted as random effects.

@ Temporal structures such
as different seasonal cycle
per year.

@ Spatial structures: eg.,
different risk profile per
1 region.

counts

@ Mixture distribution to

F | capture extremes.
3 - Ty ", ” X e _'-' a Y
E ‘wate e

10/ Bt



Flexibility and model validation

o Ample flexibility via smooth functions interpreted as random effects.

@ Temporal structures such
as different seasonal cycle
ol per year.

@ Spatial structures: eg.,
different risk profile per

region.

Predicted quaniies

@ Mixture distribution to
capture extremes.

: e Predictive model
DHiagceel qINEE checking to ensure model
is a good fit to the data.

10/ It



o Fitting DLNMs in mgcv provides a very flexible approach® for quantifying the lagged
effects of covariates on health data:

e synergistic effects
& objective penalisation of the non-linear functions

e gquantification of uncertainty via Bayesian (Monte Carlo simulation)

addition of confounding effects (e..g. seasonal cycle and population characteristics).

and temporally /spatially varying risk profiles.

¥ Voo Economon et al. (2m), “Flesble distributed lag modes for connt data osng mges® I Pl Amencen Statiancee U, ppe 000 oo
50, LOE0 /00106 - DIE . IH0EE 14 11 /1



o Fitting DLNMs in mgcv provides a very flexible approach® for quantifying the lagged
effects of covariates on health data:

e synergistic effects

& objective penalisation of the non-linear functions

e gquantification of uncertainty via Bayesian (Monte Carlo simulation)

s addition of confounding effects (e._g. seasonal cycle and population characteristics).
@ and temporally /spatially varying risk profiles.

2 Thank you!

¥ Voo Economon et al. (2m), “Flesble distributed lag modes for connt data osng mges® I Pl Amencen Statiancee U, ppe 000 oo
50, LOE0 /00106 - DIE . IH0EE 14 11 /1



Accurate Enough?
Opening up sensing
of the Cryosphere

Ellie Fox

PhD Student in Environmental Intelligence — Geography Department,
University of Exeter

Senior Research Associate (incoming) — University of Bristol



Environmental Intelligence for
complex socioecological challenges

« Threats to glaciers in Chile
from climate change and
mining.

- ‘Small’ data ethnographic
research to understand the
power dynamics of this issue.

» Informs approaches to how
big data can be used to
support environmental
justice.




The Challenges of Accuracy

- Presents challenges for using Al and
big data 1n environmental analysis:

- More accurate less meaningful? (Braun, 2021;
2024); Virtue of vagueness (Cullum, 2017).

- Presents challenges for using Al and
big data 1n policy and legal settings:
* Cohen (2001); Moon (2012); Fox and

Schwartz-Marin (in Review).




E.g.1 TanDEM-X Change Maps

Global Elevation change dataset (2010/15 —
2016/22)

Freely available online, easy to use portal, shows
clear glacier change

Issues — date availability, uncertainty

Analysis shows data is in line with and extends
published estimates.

| B Rob=nnetw, 007
7.0 | Aot al 2025
1T AR LT e sl
B s .|'l.I..|'I i sy e Al L)
_;!IL;J B CEATH T |r-'.--u n:.;l ]
= u?.-'. .'."I fgda o 4l L5
| W sy st s n]‘l in +4.II e, L]
3.0+ B qu I:.1|| VROEY Indpala st al 12055
| -

Mass balanse {mwe)

2010 207 #0714 Z016 A 7020 072 024
Year




E.g.2 Citizen sensing



E.g.3 More than human sensing practices

- Emotions. animals, plants and weather out of place (Gabrys, 2019; Howe. 2019)
+ Global weirding (Turnbull et al., 2022)

Ellie: How did a puma arriving in the t:_r lead to the Cunratiﬂn beig founded?

Juan: Well in 2018, a puma appeared in Sector El Arravan. which is where we live. and the puma climbed a tree, and evervone was really
alarmed, thev were really worried, because there was a puma in people' s homes, and with kids vou know, can vou imagine? Also because
here the wells had dried up, and there are areas where thev've had to deepen the well to 100 metre because there was no water. So, with

the puma coming, glacier melt. wells drving up. amongst other things, the residents got talking. we started to meet up. and we said: right,

something must be happening here, and it has to do with the mining company. This is how it was born




Summary

1. Integrating social science from the beginning of the
research process:

- Enables the power relations in how data and models are used to be
understood

- Leads to novel understandings of problems and solutions

2. Embracing uncertainty, vagueness, and going beyond
the exclusively quantitative approaches, expands our
1deas of:

- What data is relevant to understand environmental change
- What actions are possible to address environmental injustices
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The UK Compute Landscape

A variety of options for access to
compute resource within the UK

Local group resources

Institutional systems

Large-scale discipline-
based systems

National systems

Commercial Cloud

Al Research
Resource (AIRR)

-

Establishment Systems

International
Partnerships

EuroHPC

®

How do you decide what compute
facilities to use for your work?
Does this support the scale of

compute and storage that you need?

Are there better suited options?

JASMIN
GridPP
Iris

Isambard-Al
[AIRR)
lsambard-3

: Met Office |

i

=4

-~ {AR— UK Research
Science, Innenation and Innovation
& Technology

Edinburgh
1% Mational

Supercomputing
Centre (NSC)

New National
Supercomputer
Archer2

DIRAC

Cirrus

Dawn [AIRR)
DIRAC
CsD3

I - - _r
Materials and
Molecular

Modelling Hub

Atomic Weapons
Establishment
{AWE)

Source: UK Compute Roadmap, DSIT, July 2025



JASMIN

Supports data analysis for environmental science community
* Large scale, data-intensive science

Designed for performance
* (Centred more around storage & data analysis than traditional supercomputer
* Philosophy of bringing the compute to the data

Flexible compute capabilities

* Interactive and baich compute
* CPUand GPU
* JASMIN Cloud

Operated by STFC on behalf of NERC

CLLECCERL L

« Could a system such as JASMIN help with your work?




Environmental sustainability

Use of computing in research is energy-intensive
Pressing need to reduce environmental impact

Breakingdown the environmental impacts of computing

Environmental impact of computing

Powering the computer s o Life-cycle footprint

data storage ofthe hardware

Global GHGemissions of data centres

~100 Mt of CO,e / year

Equivalent to American commercial aviation

Source: Loic Lannelongue, University of Cambridge

» |s the hardware the most efficient option?

- How do you ensure that you are using compute efficiently?
« |s your code optimised for the hardware that you are using?

« Does your experimental design and data management plan consider environmental impact?




The NERC Environmental Data Service

A focal point for environmental scientific data and information — via a
network of distributed data centres, with domain specific expertise.

O Environmental o - _
Information B . e Sl =
=) N N arine . : .
UKCEH ' Data Centre w @ N G DC National Geoscience
. = S Data Cent
Terrestrial and =2 e aLehie
British
freshwater Data Centre A\
(0 gmtrﬂ:jr Environmental *-};j "':"."h;-:“-\.
u e e -—————"— Polar and
| _ \ A v A/ cryosphere
Y)f Atmospheric, Lak %

= "-.~" 'I"., I'|I'| ,'h'l.l I."
< Earth Observation, \FAY;
,'f':, Solar and space British "
. physics Antarctic Survey

UK Palar Data Centre

« Do you have access to the right data for your work?
» Are there data that the EDS may hold that could be of use?

IE



Social Dimensions of Environmental Intelligence: Interdisciplinarity Snapshot Talks

Interdisciplinarity vs
Insularity in Al “Ethics”

Catie Johnston
cjo05@exeter.ac.uk
PhD Candidate, CDT Environmental Intelligence

Environmental Intelligence @ Exeter Conference



Al Ethics in Practice

The “Ethics” Technosolutionism
Conversation

Conversation often stays Belief that social and
within technical boundaries. political problem can be
Important, but framed as solved via sufficiently
technical problems with advanced technologies.

technical solutions.

E.g. Algorithmic Bias E.g., Transparency E.g., Trustworthiness

These are important but substantive and technical in nature, centring questions of Al safety.
efficiency, and accuracy. Solutions to these problems are also technical in nature, and the arising

feedback loop results in Al development that is very insular.

2 El @ Exeter 11/09/25



Misses the Big Picture

Technical innovation alone does not ensure responsible,
socially just, or environmentally sound outcomes.

Need to shift focus from narrow, technical questions of
capability and accuracy to broader concerns of power,
legitimacy, and epistemic justice.

Delicate community considerations are often overlooked
in favour of more technical or logistical challenges.

Who decides what fairness means? Whose knowledges
are being listened to? Who decides when Al is an
appropriate solution? Who benefits from Al systems?
Who bears the cost?

El @ Exeter 11/09/25

Technosolutionism

Technical




From Insularity to Interdisciplinarity

Tickbox Approach to Ethics

In an insular system, consideration of “ethics” risks
becoming a tickbox exercise

Solutions to "technical ethics™ neglect broader

harms (e g.. labour exploitation, environmental costs,

cost-benefit iImbalances, and power dynamics)
Dominated by technical framing.

Self-referential, internal governance, “ethics-
washing”

El @ Exeter 11/09/25

Need for Criticality

= Sharing knowledge across disciplines
= Ethical inquiry requires plurality of knowledges

= |nterdisciplinary practices (e.g . involving computer
science, environmental sciences, social and political
sciences) are a practical and actionable first step.

=  Redistributing authority (instead of just adding
experts) is critical for avoiding tokenism.



Beyond Interdisciplinarity

Insularity - Interdisciplinarity

= Narrow

Broader, critical, plural

= Ethics-washing Can be tokenistic

= Technosolutionist, Dominated by technical
self-referential frames

El @ Exeter 11/09/25

=)

]
Inclusion

= Justice-oriented
= Redistributive

= Responsive to real
harms

Catie Johnston

c|b0b@exeter.ac.uk
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« C‘A —B ERE
s

Established over 230 years ago

Trusted source of geospatial data

Supporting national infrastructure, public services and mnovation

Operating globally
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The original
reference
for Britain’s
geography

The most
advanced
map of GB
—built for
everyone
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(?! Maps in everyday
life: how does
OS data power

navigation apps
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Strategic focus and associated actions necessary to

Al Plan

realise the potential of Al across the business Shaping the Future of Al at OS5
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Social dimensions of Environmental Intelligence

Climate Heat, Narratives and
Environmental Intelligence

Manju Bura,
PhD Candidate, Environmental Intelligence and

. . Science and Technology Studies,
@ gfné‘;ee?g? Environmental El Centre for Doctoral Training
S — Intelligence CDT 11" September 2025

Global Systems
Institute




Ethnography, STS and Computational Text Analysis
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.I..ﬁsu.ns from Nepal: Coping with hotter
and longer heatwaves
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Beyond bias - Unalignment?

In Al and NLP, we often If we can reduce bias, we
hear about bias. can make our outputs and

models fairer.

LNBEPRESENTATIVE SEEWED NCOUMPLETE
DATA DATA DATA

Not just bias, some worlds and _Tran;latlpn i domli:_lant
practices don't translate neatly. -'-‘- 'maginaries erases other
ways of knowing.

University
of Exeter’,

Fixing bias’ then is about recognising this politics of translation.




Why does this matter for EI?

* Who gets to have their worlds, experiences, and ways of knowing recognised in EI?

* Al and NLP (Natural Language Processing) tools are very good at pattern recognition, but they also
flatten

» Ethnography shows us that narratives are enacted differently in different worlds.
* Both Al/NLP and ethnography do the work of translation.

* So how do we make different worlds visible (or commensurable) without erasing
differences?

* Bringing ethnography and NLP becomes interesting. We need methods that hold tension instead of
collapsing it.

« Combining methods with reflexivity, making space for interpretive plurality and acknowledging the
politics of translation.

* Our conceptualisation of the dramatological index to bring ethnography and NLP into dialogue o
trace how translation happensin text.

University
of Exeter

(&)




* Temperatures are rising — more people are living with extreme heat.

* Unaligned narratives matter — many ways of living with heat don't fit neatly into
heatwave stories.

* Translation is political — when these are reframed into dominant terms, something is
always lost.

» Ethnography + Al together — can surface unaligned worlds, trace translations, and
expand El in just and reflexive ways.

Role of sociology and STS in El goes beyond critiquing Al, and towards expanding

El practices for justice in climate knowledge.
University
@ of Exeter
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How wildlife has declined, 1970-2016

— Living Planet Index (measure of biodiversity)

" Confidence limits

1.2

1.0
0.8

0.6

0.4

1970 1980 1990 2000 2010 2016

Source; 250 B|B|C]

source: State of Nature Report- ZSL (2023)

INTRODUCTION
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N MANDATORY IN
A ENGLAND -
— FEBRUARY 2024

SUSTAINABILITY-

i FOCUSED

DEVELOPMENT

NET GAIN
|~

Biodiversity Net Gain (BNG) OF 10%

source: MGISS (2024)
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Baseline Biodiversity Calculation of Biodiversity habitat type, area, condition,
Assessment Units distinctiveness, and strategic
significance

P contact
INTRODUCTION FROGRESS INEXT STEFS bp424@exeter.ac.uk



'MEETING BNG REQUIREMENTS

Expertise of ecologists to:
* assess baseline habitats

* plan ecological enhancements

* monitor biodiversity outcomes post-development

95% of the 337 individual
respondents have “no or
very limited capacity to
ensure, most, if not all
applications are assessed by
an ecologist”

Snell & Oxford (2021)

A challenge that has been identified as a significant
resource gap by Planning Advisory Service (2023);
Rampling et al. (2023); Snell & Oxford (2021)

MATT L T ADMAADEOC A VT ST contact
INTRODUCTION METHOD PROGRESS NEAT SITEFS bp424@exeter.ac.uk
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Remote Sensing Machine Learning
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“BNG NEEDS...

- o

Consistent Streamlined Transparent Reproducible
framework

AP R contact
INTRODUCTION PROGRESS NEXT STEPS bpA24@exeter.ac uk



/OVERARCHINGAIM ~=

e Assess the performance of Vision Language Models (VLM) and open-source remote

sensing data for habitat mapping in the UK

Can probabilistic priors of
existing land cover products
support effective
reclassification to UKHab
categories?

INTRODUCTION

What level of detail within the
text data is needed?

[ the iake has 3 smooth surface |

[ the lake bhas mo fixed shape |

Image Encoder

Texl Encoder
y
l Classifier

Lavel 1 - % accuracy
Level 2 - B accuracy
Leved 3 - % accoracy
Level ¢ - T aoooracy

1T KHalx

Clawxifention

contact
bp424@exeter.ac.uk




UKHab -5 Levels of Classification
* Level 1 - Terrestrial

+ Level 2 - Grasslands

* Level 3-Acid Grassland

» Level4-Upland acid grassland

» Level 5-Montane acid grasslands

INTRODUCTION

UKCEH Land Cover Map
(UK BAP)

Living England Land Cover Map
(UK BAP)

contact

bp424@exeter.ac.uk
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image classification
methods often struggle
with the complexity and
variability of real-world
ecosystems

Li et al. (2024)

contact
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Input Image

13x13x 14
Sentinel-2 & .'__.,-" ’—'
UK LiDAR ® ‘_::_,. "
’ ;'; 'r.‘:;J 2 .-,.-“
@ g
,. . . ‘ l‘;_,.i"y A
. ®
—
4 Vision Encoder N
Deep residual 3D CNN y B
Text Encoder
network
language-model transformer

. . - " a 1 B P . E d.
Visual-Linguistic Alignment using Byte Fair Encoding

Supervised Contrastive Learning
(Shared Semantic Space) Adapted LDGnet Model (Zhang et al. 2023)

INTRODUCTION METHOD NEXT STEPS bp424@exetecl?2£auclg




Antroducing Probabifistic Priors

1.
Output class probabilities from the VLM:

L; = P(data | UKHAB))
80
60
40

20

0

Living England
Classifications

P(UKBAP;|UKHAB) P(UKHAB) X a_probj

P(UKHAB|UKBAP) =

Raw logits for each class 3. Adjust the Loss Function with Bayesian Priors

METHOD

Adjust the model’s raw predictions (logits) using the Living England’s prior:
* Adjusted Logits = Raw Logits + log(Pprior)
» Loss=CrossEntropy(Adjusted Logits,Ground Truth)

contact
bp424@exeter.ac.uk



Habltat Class

Urban

Grassland

Rivers & Lakes
Woodland & Forest
Cropland

Sparsely Vegetated
Land

Heathland & Shrub
Wetland

Overall Accuracy
(weighted)

INTRODUCTION

Text Level 1
F1 Score

0.81
0.94
0.27
0.76
0.92
0.46

0.06
0.00
0.88

METHOD

F1 Score

Text Level 4

(Probabilistic Prior)

0.95
0.98
0.81
0.94
8993
0.91

0.85
0.88
0.9/

PROGRESS

NEXT

[ STEPS

F1 Score

0.87
0.95
0.60
0.83
0.95
0.71

0.49
0.24
0.92

F1 Score

(Probabilistic Prior)

0.97
0.99
0.89
0.96
0.99
0.93

0.88
0.84
0.98

contact
bp424@exeter.ac.uk



Priors from Living England can be used within a VLM loss function to align UKBAP with

UKHab, demonstrating that ecological knowledge improves classification performance
Priors especially helped rare / under-represented classes (Wetland, Rivers & Lakes,
Sparsely Vegetated).

Although text granularity improves classification performance, it has less impact once priors
are introduced

Further work:

» Test generalisation: apply model + priors to new regions or unseen habitats.

contact

NEXT STEPS bp424@exeter.ac.uk
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Dynamic assignment of photosynthetic
parameters using machine learning for modelling
primary production from satellite observations

Dr Mayra Rodriguez, Dr David Moffat, Dr Shubha Sathyendranath, Dr Gemma Kulk

Environmental Intelligence Conference
September 2025
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PML|

Plymaouth Marine
Laboratary

Image from Pancic & Kiorboe, 2018

Phytoplankton take up ~50
Gton of carbon each year,

playing a crucial role in the
global carbon cycling

POLICY RELEVANCE

Improving estimates of phytoplankton-driven

carbon fluxes is essential for:

« Understanding the ocean’s role in climate
regulation

« Reducing uncertainty in carbon budget
assessments

» |nforming climate policy and Earth
system models



P M L Plymaouth Marine
Laboratory

Addressing parameter uncertainty in earth observation models for a
better estimation of phytoplankton primary productivity
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Image from Sathyenaranath & Flall, 2020



P M L Plymaouth Marine
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Dynamic assignment of photosynthetic parameters using random
forest regression models

51 Global In-:ltu dataset
. = . \ f ﬂ' FH Ek

— - _,_' - 5

[1 ] Data pre-processing Al

and pre-analysis &

CCl, World Ocean
Atlas, ORASS
Datasets

[2] Variable selection
based on correlation
analysis

el

[3] Training random forest
regression

[4] Generation of global
parameter maps

[5] Primary production l
modelling S
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Plymaouth Marine
Laboratory

PML

Random forest models show good predictive performance

[A] a” [B] P2
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P M L Plymaouth Marine
Laboratory

Random forest-based global parameter maps provide enhanced spatial
and temporal resolution

Current maps used Random forest regression maps

log(PZ) | . - : ' Ing{F,EII'J‘
Winter January 2010

Per province, per season product Per pixel, monthly product 6



P M L Plymaouth Marine
Laboratory

Understanding model limitations and prediction errors

Observation density, environmental variability, and model limitations all contribute to prediction error.

. A] af
[3] Random Forest Bias [A]
0.101| Rz = 0.39 =
Random Forest regression biases RMSE = 0.02 o 15
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P M L Plymaouth Marine
Laboratory

Conclusions

e Machine learning enables creation of global maps of key
photosynthetic parameters, enhancing both spatial and
temporal resolution.

 Further model refinement and expanded in situ datasets are
needed to fully capture local-scale variability and improve
model reliability.



P M L Plymaouth Marine
Laboratory

Check out our latest publications!
Dr Mayra Rodriguez

Earth Observation Scientist
mro@pml.ac.uk




Geospatial foundation models for marine
applications

Fémy Vandaele
Centre for Environmental intelligence, University of Bxeter

11 September 2025



What is a Geospatial Foundation Model?

3 Toc FRoR
l.‘-:-.wcmﬂ"-m A

At use: similar to typical geospatial ML madels
* Input: geospatial data (satellite imagery, weather data, etc. )
= Output: Task-specific (land cover classification, weather forecasting, etc.)



What is a Geospatial Foundation Model?

Phase 15 pre-imaicing
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At use: similar to typical geospatial ML madels

* Input: geospatial data (satellite imagery, weather data, etc. )
= Output: Task-specific (land cover classification, weather forecasting, etc.)

Key difference: how the model is trained
* Phase 1: Pretraining (Self-Supervised Leamning)

* Train the model on a large dataset with a similar input domain.
B The task is often (masked) reconstruction as no labels are required
® Learn generalizable features from large seale geospatial data

* Phase 2: Fine-tuning

* Adapt the pretrained model to a specific downstream task
® | earn task specific features on the smaller task-specific dataset

* Input domain is the same at pre-training and fine-tuning



IBM/NASA GFM for terrestrial data: Prithvi-EO-2.0

» Transformer-based geospatial foundation model
# Pretrained on 1TBE of multispectral satellite imagery (HLS product).
* Masked auto-encoder task (image reconstruction)
B Pre-processed product of Sentinel-2/Landsat 7 images
P Fine-tuned on various remote sensing applications
* Cloud gap imputation, flood mapping, wildfire scar segmentation,
crop segmentation
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GFM Ocean project

== @i PML | D e

Develop a GFM for marine
applications

» Sentinel-3 data

= Prithwvi model architecture

» Build a new pre-training dataset
and pre-train the network

* Evaluate its performance on
two downstream tasks
* Algas bloom detection
* Estimation of phytoplankton
primary production




GFM pre-training

Masked auto-encoder task

Data considered Sampling
B 16 OLCI water reflectance bands B 2017-2021 timeframe
» (1 sea-surface temperature band) B Same number of images per
» (Additional encodings) Longhurst region (6000)
» Coordinates  month. hour ® Similarity of environmental
' ' conditions
B 42 3 42 crop size (300m

# Same number of images per
month (=100}
B =500,000 images in total

resolution )

= = 20% of douds

&



Estimation of phytoplankton primary production

Senlinel-1 bands
PP primary production
e = L
&
42
JILl -~ ||
* —H e L
=17 r
42 42

Use the GFM to estimate phytoplankton primary production from
Sentinel-3 images

= Same images,'bands than the pre-training

¥ Phytoplankton primary production is typically measured in grams of
carbon per square meter per day

®» (Can be measured at D different sea depths
P Pixel-wise regression problem



PP dataset collection
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Collection of phytoplankton primary preduction measurements from
6 studies

* 279 observations
¥ 1 observation — same locabion and date

® Primary production was measured at different depths and different
numbers of depths

. Collection of images of size 80 = 80 centered around the location of
each observation

* OLCI | S5T | Encodings
* Median of all data obtained within 13 days

The mask consists in a 3 x 3 pixel sqguare of the highest
measurement, the rest remains unlabeled



Results on the PP dataset

Methodology
* 10 42 x A2 tiles are selected per image

B Tile must contain at least 90% of data (cloud, missing value,...)
120 observations remain

# Comparison with
* Model with (pretrained) and withoutl pre-training (scratch)

* Random Forest pixel regression
* Null model (outpuls the average of the training measurements)

* ‘Validation of typical hyperparameters using 5 fold cross validation
* HMSE error criterion

Medel Data RMSE
Mull model 0.5804
Random Forests OLC 4+ 55T 04104
Prithwi (scratch) oLCl 0.4332
Prithvi {pretrained) | OLCI 0.382

Prithvi (scratch) OLCH + SST 0.4214
Prithwi {pretrained) | OLCI+ S5T 0.3924
Prithvi (scratch) OLC] 4+ SST + Encodings | 0.3239
Prithi {pretrained) | OLCI + 55T + Encodings | 0.3631



Test on a new area
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¥ Encodings bring overfitting
¥ Scratch approach does not predict the whole 42 x 42 tile correctly



Conclusions and future steps

Current work and observations:
B Building of a large Sentinel-3 dataset
B Pre-training of a geospatial foundation model
P Evaluation on downstream tasks

B Ectimation of phytoplankton primary production
P Algae bloom detection

* GFM shows better results

* Better validation loss
* Generalizes better on the large scale test image

Mext steps:

P Additional experiments on the PP estimation problem

F Robustness to noise and missing values
* Evaluation on another large scale test image

® Experiment with new pre-training tasks
# Publish the paper and models
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Remote Sensing Single Image
Super-Resolution Benchmarking
with Transfer Learning Algorithms

Dr Saptarshi Das

Centre for Environmental Mathematics,
Faculty of Environment, Science and Economy, University of Exeter,

Penryn Campus, Cornwall TR10 9FE, United Kingdom



Background of Single Image Super-Resolution (SSIR)

*Single image super-resolution (SSIR) is a method to increase image quality with
limited amount of training dataset.

* Aim is to create a robust SSIR model using the Deep Convolutional Neural
Networks and transfer learning

*Image quality to increase by a factor of 2x upscale and 4x upscale size from the
low-resolution input image.

* The model has to be generalized across various landcover (water, buildings,
beach, etc), time (day, night), and weather (clear, cloud, snow).

s University'DESign multiple error metrics (SSIM, PSNR, NRMSE) with
24 of Exeter visualization to evaluate the super-resolved images quality.




Experiment Design & Methods

*Dataset: size (960x720),

+10 different scenes (Agriculture, Airport, Beach, Buildings, Forest, Land, Parking,
Playground, Road, Water),

+ 2 different times (day, and night), and
* 3 weather conditions (clear, cloud, snow)

*Data Pre-processing: 1934 images in total, 1720 for training, 214 for testing.
*Input to the model will be the rescaled and blurred version of the target images

*Working Principle: Three different CNN architectures were tested.
* Difference in Convolution Layer, Batch Norm and PRelLU.

University
of Exeter




Image Comparison Metrics

«Structural Similarities: SSIM — ((2pzpty + €1 )(205y + c2)) *
((i22 + p2+c1) (02 + 02+ 61))

*Peak Signal to noise ratio: - R?
g PSNR = 10log,, (MSE) ]

*Blind/Referenceless Image Spatial Quality Evaluator (BRISQUE)
*Natural Image Quality Evaluator (NIQE)

*Perception-based Image Quality Evaluator (PIQE)

University *Pearson/Spearman Correlation Coefficient, R~

of Exeter

*Normalized root mean squared error (NRMSE)



SSIR 2x and 4x Model Performcnce
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Fig. 1. SISR 2x model error distribution violin plots distributed around zero.
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Difference Between Ground Truth and Super-resolved

« For Beach (2x) and Airport
(4x) both images, the
errors are low.

* The 4x upscaling has
slightly more error.

Fig. 3. a) Ground truth. b) Predicted image. ¢) Difference in pixel between
ground truth and predicted 2x upscaling.

Universi

of Exeter | — . o
Fig. 4. a) Ground truth, b) Predicted image, ¢) Difference in pixel between
ground truth and predicted 4x upscaling.




PSNR/SSIM 2x and 4x Comparisons on 10 Types of Scenes

lmagem'_ \verage of SSIM AwrageafPSNR_ Image scene|Average of SSIM |Average of PSNR
Agriculture ¥ 27.7904 M_ 24.9742
Airport 0.8879| 31.4834| |Airport 0.7608| 28.6035
Beach Ap 33.0430| |Beach 33.4427
Buildings 0.8552| 29.5510, |Buildings 0.7466| @ 27.5010
Forest 0.8396 30.9009| |Forest 0.6963] 28.7400
Land i A 33.6734| |Land 0.7921|® 32.2157
Parking 0.8702/<>  30.2096| |Parking 0.7643|()  28.2997
Playground 0.8698| 7 31.8662| |Playground 0.8000® 30.9382
Road 0.8901 #p 33,0660, |Road 0.8232|© 31.7126
Water 0.8862 = 32,1204, |Water 0.8141| 30.4455

Fig. 5. SISR model average SSIM and PSNR a) 2x upscaling b) 4x upscaling
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Pixel Distribution Comparison between SSIR and the Truth

ol Grocemd trsh h’ EISR 2% madel t| SISH 25 moded

@ }P‘Vﬁrm Fig. 6. Row 1 has ground truth, 2x ups scaled, and 4x upscaled image. Row
of E 2 shows the pixel histogram plot for the same ground truth, 2x upscaled, and
4x upscaled image.




Inferential Statistics

*Weather Hypothesis

Null: The SSIM error mean for
weather conditions clear,
cloudy, and snowy does not
differ from the group mean.

*Time Hypothesis:

Null: The SSIM error means

for images taken during the
day and night do not differ
from the group mean.

Universi
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TABLE |
WEATHER HYPOTHESIS STATISTICS

M odel Narmne Df SumSq MeanSq Fvalue pr(> F)
2x upscale Weather 2 0.026 0.0129 2.5680 0.0769
Residuals 1931 9.6790 0.0050
4x upscale  Weather 2 0.35 0.1748 8525 0.0002
Residuals 1931 39.60 (.0205
TABLE 11
TIME HYPOTHESIS STATISTICS
Model Name Df Sum — S Mean — Sqg F —value pr(>F)
2x upscaling Time I 0,015 00146 2916 0.0879
Residuals 1932 8.690 0.0050
4x upscaling Time I 0L0s (1.504 241 0.118
Residuals 1932 39.90 0.0206




Visual Comparison of Results between CNNs
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Fig. 7. 2x upscaling: Ground truth, SISR, EDSR, LapSRN, and FSRCNN
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Fig. 8. 4x upscaling: Ground truth., SISR, EDSR, LapSRN, and FSRCNN



Comparison of Error Metrics

TABLE 111
AVERAGE ERROR METRICS WITH UPSCALING FACTORS 2X AND 4X.

Upscale  Models SSIM PSNR NRMSE Pearson's — correlation R

x SISR model  0.84098  29.7897 0.0952 0.9590 0.9539

EDSR 0.8335  30.0897 0.0916 0.9591 0.9593

LapSRN 0.8287  29.9039 0.0934 0.9574 0.9583

FSRCNN 0.8377  30.1546 0.0905 0.9596 0.9591

dx SISR model  0.6845  27.0929 0.1348 09214 0.9414

EDSR 0.6507  26.8456 0.1369 0.9131 0.9444

LapSRN 06273 265504  0.1413 0.9072 0.9423

FSRCNN 06242 264633  0.1428 0.9056 0.9421

University Enhanced Deep Residual Network (EDSR), Fast Super-

of Exeter Resolution Convolutional Neural Network (FSRCNN), and

Laplacian Super-Resolution Network (LapSRN)



Limitations and Future Scope of Work

* Accuracy changes across different type of scenes. More examples in
training set may help increasing the accuracy (e.g. agriculture, forest).

*Generative Adversarial Network (GAN) architecture may be useful
instead of CNNs.

*Beside remote sensing other application areas are:
*Surveillance and forensics,

*CCTV camera,

University
of Exeter

*SDTV to HDTV.




Thank you for your attention.

Questions?

Reference:
Thiruppandiaraj, E. and Das, S., 2023, December. Remote Sensing Single Image
Super-Resolution Benchmarking with Transfer Learning Algorithms. In 2023 7th
International Conference on Electronics, Materials Engineering & Nano- Technology

(IEMENTech)(pp. 1-6). IEEE, doi:
https://doi.org/10.1109/IEMENTeché0402.2023.10423556.
University
@ of Exeter
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A Quantile Regression
forest estimate of
Greenland’s subglacial
topography

Steven Palmer & Charlie
Kirkwood




Why is ice sheet bed topography important?

Greenland’s ice represents 7m potential contribution to global mean
sea level - (~10 x more ice in Antarctica - but more challenging target!)

Models used to make projections of ice sheet behaviour require
accurate and continuous information about sub-ice bed elevations

~23 million observations of ice depth collected along flight lines by
airborne radar surveys (NASA Operation Ice Bridge, CReSIS, NERC-
funded projects etc), but data collection highly anisotropic

Previous attempts to derive sub-ice topography contain artefacts and
do not robustly estimate uncertainty (Morlighem et al,. 2017)

Un iV‘ETSit}l’ A .;;-?u ol
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Improved interpolation of RES observations and their uncertainties

Goal: Predict bed elevation in unobserved
regions and estimate uncertainty.

How: Train a ML model on existing RES and
auxiliary information e.g. surface velocity,
surface elevation to predict bed
topography, while also quantifying the
prediction interval.

Result: Improved knowledge of bed
elevations between flightlines and improved
uncertainty estimates.

University
of Exeter

1 INPUT A INPUT B:
| auxlliary gridis)  location information

1EXTG

OUTPUT
. Gaussian distribution

Narthing [matres SR}
000 KR

£

i = i
LET2 s =i ] L

e
Ezsirig (muires BhS)

Kirkwood et al. (2022)




Approach

We used the same RES observations used by BedMachine v3
(Morlighem et al, 2017).

Mostly NASA OIB data processed by CReSIS (Leuschen et al., 2010)
BMv3 elevations derived via several approaches in in contrast
to our new method

Primarily kriging interpolation for interior ice and mass conservation flow
modelling near the ice margin

PROMICE radar observations (Sorenson et al., 2018) used as
‘held out’ observations to compare the performance of our
QRF with BMv3

Universi
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QRF input features (covariates)

Our GRF models bed elevation as a function of position in space
and:

- ice surface elevation,

- ice surface flow speed,

- ice surface flow angle ('circular' representation uses sin and cosine)
- ice surface roughness

- ice surface bandpass (intensity of 'mid frequency’ roughness)

Position in spaceis provided to the GRF as 16 features. These are Easting and
Northing, but also rotations every 22.5 degrees, so that 16 compass angles are
provided to the model. This makes the interpolation smoother, as spatial decision
thresholds are not forced to only be aligned North-South or East-West.

Each tree is provided with all these features and grows by placing decision
thresholds optimally on whichever feature will minimise variance in the daughter
nodes at each split.

University
of Exeter
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QRF predictions

We have derived a new, highly computationally
efficient, bed elevation dataset for Greenland (a)

Comparisons with BMv3 (b) show that there is close
agreement for much of the ice sheet

Qur estimated ice volume is 3.01 +/- 0.004 10¢km?
BMv3 estimates 2.99 +/- 0.02110%km?

Estimates of uncertainty show very different
patterns (c & d)

University
of Exeter
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R' = 0.B25 RMSE = 120,43 R*=10791 -AMSE =23218
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Comparisons with held-
out data

The QRF performs ~ 18% better than
BMv3 when compared with the held
out PROMICE data

Randow forest predicked loe thicknass (m)
BedrMachine predicted joe thickness (m)
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However, comparison is complicated
by the fact that BMv3 is derived
through a combination of approaches
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Floating ice

* The QRF overestimatesbed elevations where ice is
floating (e.g. Petermann Glacier and 79N glacier)

* The QRF has no way of knowing that the ice is not in
contact with the bed

* We want to explore how this could be improved
using the ice mask and gravity (and/or surface
slope) as an input feature

In other areas, the QRF
predicts deeper ice!

Universi
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OBJECTIVE

Identify comments about climate change
within scripts of films and television shows,
examining whether or not these comments

contain contrarian claims.
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EYWORD FILTERING

Scripts with mentions

TV Episodes: 1044
Movies: 1397
Total: 2441

Number of Mentions

Keyword Movies TV Shows Total
Climate Change 1225 835 2060
Global Warming 1184 740 1924
Climate Crisis 45 26 71
Total 2454 1601 4055

Average of mentions
per script: 1.66

Table 3: Individual count of climate-related keyword mentions across movies and TV shows,

excluding climate documentaries.

Pitch Deck




CARDS RESULIS

CARDS identified a total of 133 claims across 95
scripts (3.3%TV shows - 3.9%Movies)

VALIDATION 124 of the predicted contrarian claims
were true contrarian claims (93%

9 are not (7%

F1 =0.88 (overall)
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MODEL'S RESPONSE

2) Looking for climate-related claims:
- The only climate-related claim is the boy saying "Global warming is fake"
- However, this is presented as part of a fictional story
- The context is about a boy's influence over a girl, not making a serious climate claim
- The statement is not being endorsed or argued for, just presented as part of a character's dialogue
3) Checking against the codebook:
- The text doesn't make any actual claims about climate change
- It's not arguing for or against any climate positions
- The climate statement is merely a character's line in a story
- None of the other categories in the codebook apply to this narrative
4) Conclusion:

While the text contains a character who makes a climate-related statement, it doesn't actually make any substantive claims about climate
change itself. The narrative is focused on character dynamics rather than climate arguments. Therefore, this falls under the category of "No
relevant claim detected" (0 0 _0).



TOP CONTRARIAN CLAIMS

Label Description Freq.

1.0.0 Global warming is not happening. 34

6.20 Climate change (science or policy) is a conspiracy (deception). 28

130 We are experiencing cold weather, therefore climate change is not 20
happening.

6.1.0 Climate proponents are alarmist /wrong/political /biased /hypocritical 17
(people or groups).

3.0.0 The impacts of climate change will not be bad and might even be 12
beneficial.

6.1.3 Politicians/government/UN are alarmist/wrong/political/biased. 12

415 Climate regulation limits individual liberty, freedom, and under- 11

mines capitalism.

Table 6: Top verified contrarian categories and their frequencies across the scripts. This table
only shows the classes with double-digit frequency.
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CONCLUSIONS SO FAR

2%0 8:1 70%
MENTIONS ARE VERY RATIO OF MENTIONS SCRIPTS WITH
LOW AND CONTRARIAN CONTRARIAN CLAIMS ALSO

CLAIMS HAD PRO- CLIMATE CLAIMS
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of Exeter

Climate services are the provision and use of climate data, information and knowledge
to assist decision-making.

Climate-Related Risks, Opportunities, and Financial Impact

Transition Risks P ”
Policy and Legal be '

Resource Efficiency |
CLIMATE i Vulnerability SOCIOECONOMIC
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Markets Natursi | Sadoecanormic

Physical Risks = —— — Vas b ity Pathways

h strategic Planning |

Risk Management
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Climate Change Sy
Govermanca l
T WSS ——————
W Income Cash Flow Assets & Liabilities ‘
Expenditures o’

Statement Statement CEII}“-3| & F|TIEII'II:IF'IE

EMISSIONS
and Land-use Change

Challenge of climate services: a huge demand in the society, not enough experts




University

2. HACID Knowledge Graph of Exeter

HACID - human and artificial collective intelligence for decision making

HACID KG - Ontology === Instances - =
.'sul'.lir_la&st

Table 3. List of data sources for the climate services [ PR T |
Data Source Numerosity How Format "l‘ by
e
rdfs:subclas=0F rdfs:subclas sOf
CMOR SitHul o 1,273 MIP variables Git JSOM [ -
Tables (physical variables specialised by |
masking/aggregation methods) l ceso:ClimateMaodel | | cesointegratedAssessmentModel
s 2,068 CMOR variables (further specialised by .
time granularity) ,z" 'x\\
. S0 units of measurs rdfs:subclass0f  rdfs:subclassOf
/ ~

Cis GitHub e 439 |nstitutions Git J3ON

* 134 models cosmGlobalClimateModel ccioNonGlobalClimateModel

¥ *
CMIPS ESGF * 152 simulations AP JSON 2 S
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Domains ccsoRegional ClimateModel | [ cesoilocalClimateModel l
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« 9 categories Wab HTML

Figure 5, Taxonomy of Climate Models.




3. Aim University

of Exeter

Upscaling Climate Services using Al

Key research question:

Is it possible to generate recipes/answers for specific climate services
cases automatically using LLM and HACID KG ? And how ?
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4. Methodology - GraphRAG

* HACID KG preprocessing (class & instances) N —a Class nodes
Class subgraph
: e . Ey \ Instance nodes
« LLM for class identification R Instance subgraph
* LLM for class expansion \

et Entrasian |

 LLM for instance selection
 LLM for response generation

« User Interaction
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2. Results - GraphRAG

Query 1: Picking up everything related to temperature and heat

"Overheating assessment for University of Exeter as a result of climate change. What are the climate
variables and metrics relevant to the case?"

Answer:

The climate vanables relevant to the overheating assessment for the University of Exeter include northward atmosphe eat transport, tendency of
specific humidity due to stratiform precipitation, northward ocean heat transport, tendency of air temperature due to stratiform precipitation, relative
humidity, specific humidity, ocean heat y transport, sea surface temperature, air temperature, sea water temperature anomaly, convective rainfall rate,
precipitabion flux, tropopause air temperature, sea water conservative temperature, rainfall rate, atmosphere energy content, land ice temperature, and
tendency of air temperature due to model physics. These variables play a significant role in assessing the impact of climate change on overheating
phenamena

Context from knowledge graph:

The project related to this case is an overheating assessment for the University of Exeter as a result of climate change. The involved classes are Variable
and Parameter, which refer to meaningful abstractions and measurable quantities in context. The selected instances within the class include various
climate variables such as heat transport, specific humidity, air and sea temperatures, and precipitation-related measures. These are associated with
specific units of measurement, indicative of their roles in climate models and assessments.

Further reasoning:

The context provided indicates a focus on various aspects of the climate system, including heat transport both in the atmosphere and ocean, different
forms of temperature measurements, humidity metncs, and rainfall data. Understanding these variables’ interactions and magnitudes can help in
quantifying and predicting overheating risks associated with climate change impacts at the University of Exeter. The inclusion of both atmosphere and
ocean dynamics highlights the complex interplay in climate change phenomena that must be considered for comprehensive assessments




6. Methodology — Agentic GraphRAG University

of Exeter

« Capture dependencies among questionsin

_ _ The proposed solution uses
a climate service case

supervisor based architecture to
coordinate several agents/tools

* Planning, Action, Reflection, Refinement to solve the problem.

* Scalability and Modularity
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7. Result — Agentic GraphRAG

Air temperature is the bulk temperature of the air, not the surface (skin) temperature. The quantity with standard name
heat_index_of_air_temperature is the perceived air temperature when relative humidity is taken into consideration (which
makes it feel hotter than the actual air temperature). Heat index is only defined when the ambient air temperature is at or

| 9- temperature. The air temperature excess is the air temperature minus the air temperature threshold, where only positive
Query : values are included in the integral. Its integral with respect to time is often called after its units of "degree-days’. The

"Overheating assessment for University of Exeter as a result of climate change. What are the climate
variables and metrics relevant to the case?" S pec ific and relevant answers
Answer:

The climate variables and metrics relevant to the overheating assessment for the University of Exeter as a result of climate change include air
temperature, heat index of air temperature, relative humidity, specific humidity, air temperature threshold, air temperature anomaly, integral with
respect to time of air temperature excess, and duration of sunshine.

Context from knowledge graph:

The selected instances within the dass of variables related to the project include air temperature, heat index of air temperature, relative humidity,
surface specific humidity, specific humidity, air temperature threshold, air temperature anomaly, integral with respect to time of air temperature excess,
and duration of sunshine. These vanables are associated with units of measure like Kelvin (K), dimensionless (1), and seconds (s).

Further reasoning:

The variables identified are critical for assessing thermal comfort and the risks of overheating due to climate change. Air temperature and heat index
are directly related to perceived and actual temperatures respectively. Specific humidity and relative humidity provide insights into moisture levels,
which impact human comfort and heat perception. The threshold, anomaly, and integral of air temperature excess help in understanding historical
deviations and potential future exceedances of temperature expectations, which are crucial for planning and mitigation strategies. Duration of sunshine
also plays a role in thermal conditions.
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8. Result - GPT4o0

(&

Query 1:

"Overheating assessment for University of Exeter as a result of climate change. What are the climate

variables and metrics relevant to the case?"
5. Relative Humidity

1. Air Temperature o Impacts perceived temperature and comfort levels
= Daily maximum, minimum, and average air temperatures 6. Solar Radiation and Insolation
= Record high temperatures and trends over time = Amount of solar energy received, influencing building heat gain
2. Temperature Extremes 7. Precipitation and Humidity Levels
o Frequency, duration, and intensity of heatwaves o Affect outdoor and indoor climate conditions indirectly
= Number of days exceeding specific temperature thresholds 8. Climate Change Projections
3. Cooling Degree Days (CDD) o Future temperature increases based on climate models and scenarios (e.g., RCP pathways)

o Measures tha:gemand tor cooling based on'temparatiiie. cata These variables help in assessing how climate change may increase the likelihood and severity of
overheating within university buildings and cutdoor spaces, guiding adaptive measures.

Broad, but very general




University

8. Future works
of Exeter

Quality and completeness of knowledge graph

Context engineering — information pruning

Knowledge graph reasoning

Precise — we need one definitive answer, not 100 plausible answers. (domain knowledge)
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The Misinformation Problem @ Authentisci

“‘Misinformation and disinformation” ranked as Scientists trusted most to "do what is right” and
most severe global risk to “tell me the truth”
World Economic Forum Global Risks Perception Survey 2023-2025 Edelman Trust Barometer 2024-2025
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LLM-assisted classification
of claims in news coverage
of net zero

Tristan Cann, Sylvia Hayes,
Ranadheer Malla, Travis Coan
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Visual portrayals of fun in the sun in European news outlets
Using semantic similarity to measure the : misrepresent heatwave risks
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What is a claim?

We communicate our understanding of the world around us through language.

Claims are statements or assertions for a particular position:

Exfreme weather events are becoming more frequent and intense due tfo
climate change.

Winning the global race fo net zero is essential fo securing economic growth,
energy security, skilled jobs and inward investment.

WWF warns that delaying investment in a greener economy by 10 years would
double the amount of money needed.
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Local news claims about net zero &

We consider a case study of net zero coverage in
UK local news.

Local News Map
We gathered perspectives from specialists in this e .
space, incorporating their experience into an
initial codebook of key themes in local news.

The Public Interest News Foundation give a list of _ <
local news sources - we collected 80,000 articles oG
about net zero, before sampling 1000 to see how g

the stakeholder claims align with those identified
by an LLM.
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The GenAl codebook Bl fEetor

“Right now; the
planet cannot afford

delays; excuses; or
more greenwashing.”
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The GenAl codebook

“Right now; the Create new claim Net zero commitments

planet cannot afford — are being delayed or
delays; excuses; or undermined by inaction

i and excuses
aan

more greenwashing.”




The GenAl codebook

“Right now; the
planet cannot afford
delays; excuses; or
more greenwashing.”

His comments follow

his recent decision to

water down net zero
commitments

Create new claim

———)

Update existing claim

—
%

cni® Universi
1Z) of E;xw:.a‘-:ﬁrt}r

S

MNet zero commitments
are being delayed or
undermined by inaction
and excuses

Net zero commitments are
being delayed, weakened,
or undermined by inaction,
excuses, or policy changes



The GenAl codebook @ 2y

“Right now; the Create new claim Net zero commitments
planet cannot afford
delays; excuses; or
more greenwashing.”

are being delayed or
undermined by inaction
and excuses

His comments follow Update existing claim Net zero commitments are
being delayed, weakened,

his recent decision to
water down net zero
commitments

or undermined by inaction,
excuses, or policy changes

SLERGIEE LS AN T T Match existing claim Net zero commitments are

Sunak's decision to push being delayed, weakened,
or undermined by inaction,

excuses, or policy changes

back banning petrol and
diesel cars to 2035.

y
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Local news claims about net zero

Automatically recovered claims vary in quality:

“External crises strengthen the business case for net zero investment”
“Protests that disrupt fossil fuel operations without providing solutions
undermine efforts to achieve net zero”

“Net zero can be achieved through technological innovation™

“Government faces challenges in revising net zero strategies”
“Local government sets net zero target or strategy with political support”
“Specific projects are implemented to advance net zero goals”
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The human in the loop

We use expert judgment to refine the codebook and combine specific LLM-
defined claims into more general “super claims”.

Examples:
* Net zero implementation is being hindered by contradictions and failures

in politics such as greenwashing
« The costs and benefits of net zero are not equally distributed
« The UK still need to continue using and developing fossil fuels for energy

security

The final codebook of 18 claims contains key positions for and against the
drive towards net zero.
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Summary &

« LLMscan accelerate the process of codebook development and
application.

« Keeping humans in the loop is vital for extracting usable insights.
« Next steps: validating a fine-tuned classifier for this codebook and

expanding our analysis to the full 80k articles.

t.j.b.cann@exeter.ac.uk c3ds@exeter.ac.uk
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Codebook prompt - illustrative example

TASK DETAILS:

N FIND ALL RELEVANT CONTENT:
- Scan the entire article for any mention or cloim related to net zero.
- Quote the statement (verbatim) to preserve the criginal wording.
- A “cloim" is on ossertion that tokes o position on net zero. Claims typically express opinions, predictions, interpretations, or cousal relationships

rather than purely objective facts.

2)CATEGORIZE EACH CLAIM:
- For each cloim, decide whether it matches or partially matches one or more existing codebook cotegories.

- If it clearly folls under an existing category, choose “action_type: "match_existing_category™.

- If it mostly matches but introduces o meaningful difference that warrants broadening the category, choose "action_type:
“update_existing_cotegory™ and explain how you updated it.

- WHEN NOT TO UPDATE (Examples):
* KEEF SEPARATE: If you have o category "Net zero will bankrupt businesses" and encounter a claim about "MNet zero will bankrupt me”, do NOT

update to "Met zero will lead to bonkruptcy” as these represent fundomentaolly different targets of impacts requiring separate caotegories.

3INEUTRALITY AND OBJECTIVITY:
- Do not judge or verify the truthfulness of any claim. Simply present it as is ond categorize it.
- Because many articles come from local news sources, you may see a lot of opposition to developments ot the local level.
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Codebook prompt - illustrative example

TASK DETAILS:

N FIND ALL RELEVANT CONTENT:
- Scan the entire article for any mention or cloim related to net zero.
- Quote the statement (verbatim) to preserve the criginal wording.
- & “cloim" s an ossertion that tokes o position on net zero. Claims typically express opinions, predictions, interpretations, or cousal relationships

rather than purely objective focts.

2)CATEGORIZE EACH CLAIM:
- For each cloim, decide whether it matches or partially matches one or more existing codebook cotegories.

- If it clearly folls under an existing category, choose “action_type: "match_existing_category™.

- If it mostly matches but introduces o meaningful difference that warrants broadening the category, choose "action_type:
“update_existing_cotegory™ and explain how you updated it.

- WHEN NOT TO UPDATE (Examples):
* KEEF SEPARATE: If you have o category "Net zero will bankrupt businesses" and encounter a claim about "MNet zero will bankrupt me”, do NOT

update to "Met zero will lead to bonkruptcy” as these represent fundomentaolly different targets of impacts requiring separate caotegories.

3INEUTRALITY AND OBJECTIVITY:
- Do not judge or verify the truthfulness of any claim. Simply present it as is ond categorize it.
- Because many articles come from local news sources, you may see a lot of opposition to developments ot the local level.
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Codebook prompt - illustrative example

TASK DETAILS:

N FIND ALL RELEVANT CONTENT:
- Scan the entire article for any mention or cloim related to net zero.
- Quote the statement (verbatim) to preserve the criginal wording.
- A “cloim" is on ossertion that tokes o position on net zero. Claims typically express opinions, predictions, interpretations, or cousal relationships

rather than purely objective facts.

2)CATEGORIZE EACH CLAIM:
- For each claim, decide whether it matches or portially matches one or more existing codebook cotegories.
- If it clearly folls under an existing category, choose “action_type: “match_existing_category™.

- If it mostly matches but introduces o meaningful difference that warrants broadening the category, choose "action_type:
“update_existing_cotegory™ and explain how you updated it.

- WHEN NOT TO UPDATE (Examples):
* KEEF SEPARATE: If you have o category "Net zero will bankrupt businesses" and encounter a claim about "MNet zero will bankrupt me”, do NOT

update to "Met zero will lead to bonkruptcy” as these represent fundomentaolly different targets of impacts requiring separate caotegories.

3INEUTRALITY AND OBJECTIVITY:
- Do not judge or verify the truthfulness of any claim. Simply present it as is ond categorize it.
- Because many articles come from local news sources, you may see a lot of opposition to developments ot the local level.
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Codebook prompt - illustrative example

TASK DETAILS:

N FIND ALL RELEVANT CONTENT:
- Scan the entire article for any mention or cloim related to net zero.
- Quote the statement (verbatim) to preserve the criginal wording.
- A “cloim" is on ossertion that tokes o position on net zero. Claims typically express opinions, predictions, interpretations, or cousal relationships

rather than purely objective facts.

2)CATEGORIZE EACH CLAIM:
- For each cloim, decide whether it matches or partially matches one or more existing codebook cotegories.

- If it clearly folls under an existing category, choose “action_type: "match_existing_category™.

- If it mostly matches but introduces o meaningful difference that warrants broadening the category, choose "action_type:
“update_existing_cotegory™ and explain how you updated it.

- WHEN NOT TO UPDATE (Examples):
* KEEF SEPARATE: If you have o category "Net zero will bankrupt businesses" and encounter a claim about "MNet zero will bankrupt me”, do NOT

update to "Met zero will lead to bonkruptcy” as these represent fundomentaolly different targets of impacts requiring separate caotegories.

3INEUTRALITY AND OBJECTIVITY:
- Do not judge or verify the truthfulness of any claim. Simply present it as is and categorize it.
- Because many articles come from local news sources, you may see a lot of opposition to developments ot the local level.



Data-Augmented LLMs
for Solil Science
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 LLMs of emergent
capabillities

Databases
Knowledge bases
User memory

Tools — Maps,
news, symbolic
math, ...

(Multi-)Agent Orchestration

 Empower next-gen
applications with

[ Environment } ‘
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Two Practical Modes

* Jool-augmented GPT (OpenAl, Claude, DeepSeek)
Tool APl and knowledge

| LLMs as components of a framework

I—@ @
Everything .k AcceSS C(\ f))

ﬁlﬁ




Two Practical Modes

- 4

* | LM-specific | LM-Iindependent

* Lighter development * Heavier development
o Simpler tasks  Complex tasks
 GUI by LLM provider  GUI by developer

 Users pay for tokens  Developers pay for tokens



SoilGPT

Sample data
(seismic and non-seismic
profiles, land and soil
descriptions)

Vector Databases

(textbooks, papers, In-context
human-written or :
- Retrieval-
-verified reports
ERP assets 'I ports) Augmented
crgate_d by soi Generation
sclentists —
—_—m +—
Knowledge Graph
(key parameters, T
factors, and

concepts)

. . Expert-in-the-loop




SoilGPT-Africa

* We provide ChatGPT with

* APIs for geographic reasoning (Nominatim + GADM)
* APIs for retrieving pointwise solil data

* APIs for visualising soil data on a map

 Knowledge about the dataset

» |SDA Soil dataset (as a demo)

* Data quantity: 45000+ Samples

ISDA

* 20+ columns (physical, chemical, fertility)
www.isda-africa.com




SoilGPT-Africa

SoilGPT-Africa

ple

ChatGPT with access to soil data and visualisations across Africa
using custom tools.

What data can What Is soll Show me crop | want to grow
you access? texture? Explain condition coffee in Sidama,
with an example. In Tanzania. Bensa, Ethiopia....




Al Focus @ ERP

* QOur Al Focus aims for impactful, science-driven solutions by bridging soll
data, physics, and domain knowledge.

Data + Knowledge

Physics-informed, |
Global Soil Data Multi-modal ML SoilGPT




@ & Dataset Viewer — © Earth Rover Program, 2025

Soil Data

* We develop a multi-agent system to

Processed

automatically process a large amount _

> gully-erosion-based-lucas

Of available SOiI datasets > heavy-metals-topsoils

2 lucas-2009-topsoil-data
> lucas-2015-topsoil-data-switzerland
2 lucas-2018-topsoil-data

* Global coverage: Europe, Africa > ucas2015-topsol-cata
J ) > maps-heavy-metals-soils-eu-based-lucas-200
- = > mercury-content-european-union-topsoil
N O rt h Am erl C a, SO Ut h Am e rl Ca y === 2 n2o-emissions-agricultural-soils-europe
> observedtypical-soc-index
> pan-european-soc-stock-agricultural-soils

. = = . . - I > phosphorus-budget-and-p-stocks
i M U It I d I SC I p I I n a.ry - p h yS I Cal y C h e m I C al 3 2> predicted-distribution-soc-content-europe-bas
> priming-effects-soils-across-europe

biological properties; nutrients;

Vv soil-bulk-density-europe

fu n Ct i O n S ; CO nta m i n at i O n & t h reats = mw VPubléilgﬂjU_GEE_{:ubist_Iaea_masked.png

BDO_10_GEE_cubist_laea_masked.stanc
BD10_20_GEE_cubist_laea_masked.png

® M L_ R e a d C 0 r u S BD10_20_GEE_cubist_laea_masked.star
y p mean_BDO0_10.BD10_20_GEE_cubist_lae F
mean_BDO0_10.BD10_20_GEE_cubist_lae S8 8= i

packing_density.png

 Sample-based structure with unified

2 soil-carbon-risk-index

fo rm at an d aC C eSS > soil-erodibility-k-factor-high-resolution-datase

2> soil-erosion-water-rusle2015
> soil-function-data-measured-lucas-2018-sites-

* Explicit representation of uncertainty File: Pubtic/packing density.png fron dataset: soil-bulkcdensity-europe

» Rich natural language annotations ERP’s ML Dataset Manager




Physics-informed, Multi-modal ML

* We unify Soil Science and Seismology through generalised Masked
Language Modelling (MLM) on multi-modal tokens, integrating data-driven
learning with solil & wave physics.

Soil Data Tokens ERP Data Tokens

Density Texture Nutrients Sat-imagery Etc. Seismic  Geophysical
' ¢ ' ' . ' Soil & Wave
Physics
Any-to-Any Encoder-based Transformer —
’ v ! L S :

Density Texture Nutrients Sat-imagery Etc. Seismic  Geophysical
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Upgrading Sustainable
Drainage Systems

Ben Hamilton

B.Hamilton3@exeter.ac.uk




SuDS upgrades - the context

e, . 7. - < Whatis Sustainable Drainage?

WA op 7 e Y, s i - Attenuation for flood/CSO mitigation
o ﬂEIE:J.:&ﬂ-mJ : : e - Less “peaky” loads

0L g ® — Delivery over longer duration

' N\ £ — Water quality improvements

— Within SuDS

- At treatment works
- Biodiversity Net Gain
— Air quality
- Amenity

= \ 0 2D
https:/fwww.thames21 org uk/sustainable-drainage-systems/

Universityof Exeter 'ﬂh

STORMWATER INTELLIGENCE SROUP

Centre for Waler Systems




SuDS upgrades - the options

Source control
- Rainwater harvesting
- Blue/Green roofs

- Permeable paving N | W o REGIONAL CONTROL
- Rain gardens - ! o | | o
Site control JEFCI, ot
- Attenuation tanks El %
- Swales and ponds C1 ] s
- Soakaways 1]

m

| attenuation

- Filter strips

Regional control

= RE'l'E‘nﬂo n/De‘I.e nll.ion | Iefiltration through Ianln.arlnn Inrllrr-ulrlmfhrquuh H-‘I:tr:tln;i_:hmuuh
| GTEEn spaces and eenveyance reakle pawing - healthy soils
- Constructed wetland ™" ” o

https://naturalengland blog. gov.uk/2023/11 /08 /green-infrastructure-creating-habitable-towns-and-cities-fit-for-the-futures

University of Exeter ST

Centre far Water Systems STORMWATER INTELLIGENCE SROUP




SuDS upgrades - the challenges

5Fi [BEd Nda v a
.. @ ~ _ _:.?J..'-_._.h Gdda
,aﬁ'lﬂ.l AEARERRAY \ o~

A AL l 1O
KERBSIDE

: J BIOSWALES 1 PERMEABLE
18 : R P
-

: : rl POND

M e i
UNDERGROUND o

FILTER l I i i

SI'ﬂRH :

DRAIN

https:/fmrms.co.uk/the-natural-approach-sustainable-drainoge-systems-suds/

University of Exeter
Centre for Waler Systems

- B . mgﬁ mr \

Systemic
- Climate change
- Urbanisation

Water systems

- Flood mitigation

- Sewer overflow

- Biodiversity

- Water quality/pollution

Infrastructure
- Accessibility
- Aging asset
- Capacity
- Maintenance
- Passive assets

!Tﬂ!lllf!l {HIEllIiH LE BROUP




SuDS upgrades - our retrofit, real time focus

httos:/fwww rodio-data-netwarks.com/wastewater-flow-regulatars/ https/ffloodiist. com/europs/artificial-intelligence-and-urban-fiood-prevention

University of Exeter o s,

Centre far Water Systems STORMWATER INTELLIGENCE SROUP




Synergistic sensing - CREWW
- Understanding the Lower Hoopern Valley

Armory rain gauges
- Are all devices fit for purpose?

mw ldentifying Sustainable Drainage assets
ikl - Planning applications review
W - ‘As built’ schematics sourced

| k28 Benchmarking performance
% - Sewer Level Monitoring

* Campus Real Time Control
- Radio Data Network Sewer Flow Regulator
University of Exeter

Centre for Waler Systems

o I '_lq

STORMWATER INTELLIGENCE SROUP




SuDS upgrades - RTC lab tests

Lab methodologies testing:
- Water tightness
- Seal damage
- Range in head
- Blockage response
- Rags
- Debris
- Sediment
- Actuation

All are welcome to drop by!

Phioto credit: Ben Hamilton

University of Exeter STk,

Centre far Waler Systems STORMWATER INTELLIGENCE EROUP
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Cenftre for Resilience in Environment,
Water and Wasfe

Can we predict harmful algal

blooms in lakes?
Harnessing Al and heterogeneous datasets
for decision tools and digital twins

Dr Diego Panici
Senior Lecturer in Hydrological and Water Quality Modelling
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What is the issue? @ of Exeter

Harmful algal blooms

» HABs form in lakes or reservoirs
» Although there are different types of algal blooms, most dangerous ‘algae’ are cyanobacteria also know as blue-
green algae

» Cyano-HABs particularly thrive when:
=High load of nutrients (N and P) concentration
*Warm water temperature

=High sunlight levels

Phofo credifs: Erfco Bosfon
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What is the issue?

Then we have...
» Effects can be nasty:

= Creates hypoxic (or even anoxic) conditions

= Can be lethal for wildlife and toxic for human
consumption

= Huge disruption to water supply from
cyanobacteria decay
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What is the issue?

For example, Lough Neagh...

» Regular occurrence of HABs

i
%

» Ongoing (made the news)
» Severe disruption to 40% of Northern Ireland water o
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Source: Reid et al, (2024)




So what? () P

What if we could leverage multiple sources of data in space and time to
predict a bloom?

Prediction and Early Detfection of harmiul
Algal blooms in lokes and reservoirs

"WP1 - multi-scale nested
monitoring

*\WP2 - Upscaling and unified
P E D A data framework

PREDICTING HARMFUL "WP3 - Numerical modelling
ALGAL BLOOMS and digital twin development

ofMat

YA



Monitoring PEDAL

ALGAL BLOOMS

Universi
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» Data sources

» Drone-based hyperspectral imaging
(spatial detail)

= High-frequency multiparametric sondes
(temporal resolution)

= Water sampling (validation and reference)
= Satellite/remote sensing (scaling up)

= Citizen science (broad coverage,
engagement)
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Upscaling PEDAL (&) /ey

» Remote sensing uncertainty estimation and
reduction

= Calibration of remote sensing (e.g., haze or reflections near
the shore) validated against observations in WP1

= Target critical spectral wavelengths not fully captured by
current multispectral satellites, to identify cyano-HABs

* Propagate uncertainty to quantify reliability of estimations
» Data fusion

* [ntegrating multiple heterogeneous datasets in space and
time

= Multi-scale linkage (punctual measurements < lake-level
estimations)

» Gap-filling using interpolation and Al-based techniques into N X ore

¢ Bt Region- and
a unified spatial-temporal map A rocessing

Use Case- Quality
Specific Contral

Spatial &
Temporal

Alignment
Pre. Algorithm(s)

Processing
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PREDICTING HARMFLIL

University

Detecting and predicting

» Numerical model for scenario analysis
» Developing fully coupled hydrodynamic-water quality model
= History-matching of recorded events to calibrate model parameters

= Scenario analysis including climate change (e.g., UKCP18 climate
projections) and water quality inputs

» Digital twin
= | everage the large amount of data (observed and simulated)

* Including near-real-time early detection, climate projections, and
what-if scenarios

* |Integration of medium-term weather forecast data (e.g., from
ECMWEF) for medium-term predictions

of Exeter

ALGAL BLOOMS
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So what is the Environmental PEDAL
Intelligence vision?

» Heterogeneous datasets

niversity
f Exeter

» Link multi-scale heterogeneous datasets (satellite <+
drones « in-situ « citizen science) into a single workflow

» Spatial-temporal interpolation and gap-free maps:
interpolation techniques or deep-learning approaches
(e.g., CNN for spatial feature extraction and LSTM for
temporal models)?

Wang et al. (2025)
/" Multi-source f Feature \ { Machine ! { Prediction and

» Digital twin development

= Potentially 100s or 1000s or datasets to build upon Data Acquisition i Fodrning Early Warining
= We want to leverage this data for long-range temporal ﬁiﬁi‘fﬂgﬂ’aa « Hybrid models @
predictions ﬁ*tz N |+ Explainable AT [
* Hydrologica
* Will need to intrinsically have spatial-temporal structure ifim s ﬁ_, @
k] # w " Dnm
(and an uncertainty estimation framework) \ ind%ialnr /) \ / J
; .
[ Transferability Interpretability Robustness }

& Y
HAB prediction and early warning




So what is the Environmental
Intelligence vision?

» Key challenges

» Data imbalance (blooms occur only at a fraction of the total time
observation)

» Hybrid approach of physics-based models and data science

» Uncertainty quantification and confidence

» Where do we go from here?
» What type of predictive model should we prioritise?

» What's the most effective way to propagate (and communicate!)
uncertainty?

* How can we generalise this framework to out-of-project
lakes/reservoirs?
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PREDICTING HARMFLL
ALGAL BLOOMS
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Kim et al. (2023)
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Advancing Non-Target Wate
Chemistry Through A
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Regulatory Landscape

Chemical Category Examples

Heavy Metals Mercury, cobalt, efc.

Organic BPA & Siloxanes Bispbenol A, siloxanes

PFAS | PFCs Perfluarinoted compounds (brood PFAS ciass)

PBDEs Flame retardants {polybrominoted diphenyl sthers)

PPCPs: & Pharmaceuticals Metformin, ontibictics, onalgesics, beta-blockers, DEET, cotinine
Emearging Micropollutants Coffeine, ortificial sweeteners tridozan/carban, phtholotes. frogrances
Hlicit Drugs & Metabolites Morfantanyl, xylozine, carfentanil

We can’t monitor what we don’t know




Chemical Space
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PPP = plant protection products; FRs = Flame Retardants; PCPs = Personal Care Products




Target~ 10s

Chemical numbers Known =>1000s inc. legacy

fai® University
'ﬂ@-' Of Exeter

Target~15
Known =30

Target~ 20
Known =350 Target~ 40
-~ Known >200 inc. legacy
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Known >300 - 60’000 /’ Bgpt T Target~10s

H‘. o M “.' e e
: 3 i ; 1 i aEs., Known 93
£ L oadile Y Ay, \
Target~ 100s -

Known =1000s -
PPP = plant protection products; FRs = Flame Retardants; PCPs = Personal Care Products 4

Garry Codling (g.codling@exeter.ac.uk)



How many compounds are we
looking at?
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Chemical Space to be captured

Molecular Mass
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Workflow of Chemistry

-
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| Molecular formula |

!

| Candidate search
| (Databases, structure generation)

l

{Band'rdatn selection:retention time, MS/MS, calculated properties :.

v '

kL
[ Confirmation and quantification with reference standards
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Candidate selection,
retention time, chemical
properties, calculated
properties

Data Processing

Data from full-scan non target is highly

complex providing:

* Target data with high confidence
« Suspect data of intermediate confidence
» Formula and structures that direct towards chemical

-4 Confirmation

features such as: with reference
* Chlorinated (probably carcinogenic) :tn?:ln;zrnc::i?’lcatbn
* Brominated (probably bicaccumulates) Non-Target Screening,
* C-F bonds (PFAS compounds) candidate searches and
structure generation

Confidence level of compound
identification from 1(high) to 5
(low).



University
of Exeter

One sample set
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How Environmental Intelligence
Can Enhance Analytical
Chemistry for Viable Outcomes

& R i v

DEVELOP HANDLE IDENTIFY ALL  VALIDATE
NEW DATA-DENSE  CHEMICAL USING
WORKFLOWS  SPECTRA FEATURES & MULTIPLE
REMOVE METHODS
NOISE
MERGE PRIORITIZE PROVIDE COMBINE
SEARCHES  CHEMICALS  SUCCINCT WITH
Tg%‘ﬁf_fs FOCUSFOR  PREDICTIVE
REGULATORS  TOXICITY

ALGORITHMS
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Smart agents for water
resource planning

Environmental Intelligence Conference
September 2025

Mikiyas Etichia, PleSek Zdenék, Hywel T. P. Williams



Why simulate water resource systems? ﬁ!ﬂgﬂlﬂi&; r;;, }J.;cn]iz‘x};eer:tseiﬁy

(Jd Water resource systems involve multiple
stakeholders and competing uses—such as
drinking, irrigation, industry, and energy—where
interventions often lead to trade-offs.

(J Climate change, population growth, and
demand-supply uncertainty further intensify the
pressure on limited resources.

(J Water resource simulation models help address
these challenges by providing approximate
representations to support efficient management
of freshwater resources.

T
# .."Iﬁ' "'

Loucks, D.P., van Beek, E., 2017




Water resource modelling allocation issues ﬂ!ﬂ&lﬁﬁ r:;) }J.;cn]isx};eer:[seiﬁy

U Traditional water resource system models are : J [EEE EE
expert-driven, and reliant on technical |
intermediaries and limited accessibility for
non-experts.

U We use LLMs to create natural language
interfaces to water simulations, reducing
barriers to access and enabling participatory
water resource planning.

Credit: image generated by Google Gemini -



Pywr - water resource simulator

U Pywr is a dynamic modelling library for network-
based resource allocation that enables advanced
river basin simulation.

W Water resource system models are represented as a
network of nodes and links.

U Water allocation is simulated at each time step
(daily, weekly, or monthly), with decisions on
storage, release, and use optimized using linear
programming.

U Pywr models have three main components:
= Nodes: Represent elements like rivers, dams,
irrigation demands, gauges, etc.
= Edges: Connect nodes.
= Parameters: Supply data like river flows, dam
capacities, demands, etc.

AlACI -

Al for Collective Imelligence

__g; Irrigation g Pump

. Canchment ' Reservoir

( ﬁ‘ River —3 Link

47 City water @ Outflow
el A

University
of Exeter

Schematic diagram of a hypothetical Twin River

Basin



LILM-agent framework

U Built with LangGraph for
structured agent
workflows.

J Maintains state and
memory to enhance
context and interaction.

J Adapts responses based
on the user's background
and expertise.

J Powered by GPT4-4o0.

. Debug agent

Al4CI:.

Al for Collective Ilﬂnl]g-nu

<

University
of Exeter

Input data sgen' :
J =
L v @
& [
| | |
: Maodelling I i
\ instructions | instructions i
v v &
s - -
o o] [0 o]
Pywr model bullder agent s Result analysis ogen
e e "": :
] 3 = oem e omosm e e am e e
I | ' | Statigtical ' FlowTrackes ! PlgtCreator :
Nade Edge | Parameter | instry, | instru 1 ingtry !
| ingtru. v instru. ¥ instru.,. vV v v ?
i -
|
I
Fix error
et : Mode agent Edge agent Parometer agent
| |
I I
| | 15
| L —p-| m.mPrwrmd:J |4— -
I
~-ho - —| suumrfﬂ? = PoF =

A workflow for water resource model building and analysis



Case study - Twin River Basin

J The synthetic Twin River Basin consists of
distinct Green and Blue River catchments,
each dammed, supplying water for Blue
River irrigation and City water supplies,
ultimately flowing to the sea.

U There is a plan to divert water for a new city
called Harar from Blue Reservoir.

J Farmers are concerned that the planned
diversion for Harar city may affect their water

supply.

Al4CI:.

Al for Collective Ilﬂnl]g-nu

Green River Blue River
catchment catchment

Universi
@ of ExeteJrfy

Green Reservoir I Blue Reservoir l

=
s A —

— Y A
Green City Pump \ !ﬂl:guﬁth;“r
y
Green River (/_\\I . g||‘nh,". ma

4 Legend \ /

" | Irigation Q Pump

. Catchment v Reservoir e
CJ River —3 Link

l‘_’ City water . Outflow
\\:‘" supply i

Schematic diagram of Twin River Basin -



LLM . Report on the impact of adding Harar on water allocation in the Twin Rivers Basin
'3gent ﬂutput We'va put Harar City's new water neads into our Twin Rivers Basin water systam in the model, and it shows us some big changes in
how water | divided up and how much stays In Blue reservoirs. While your water supply is not currently affected, the sdded demand
Increases the risk of fulure supply shortfalls.

Here's what our analysis shows:

« Harar City's water supply: The model shows that Harar City I8 consistently getting all the water they need from the Blue
Reszarvair. Thay're recaiving a steady flow of about 20 million cubic meters of water every single day. This means thair new
waler needs are being mat reliably, even when thera isn't much rain coming into the reservair.

« Impact on Blue Reservoir's storage: Mow, this is the part thal direclly affecls you. Taking water for Harar City iz significantiy
raducing how much water is stored in Blue Reservoir, especially during the dry months.

= During these critical dry parinds, the average amount of water in the Blua Resarvair is showing a drop of mora than T0%
comparad to before Harar's demand.

o To be more précise, from May through August, when water is usually scarce, the storage in the Blue Reservair is reduged
by a significant amount, ranging from about half (51.5%) to nearly threa-quarters (73.3%) less than what was typically

LLM-agent

there.
- Output P i‘ld.fl'l_thl'.'_ H_Eil'u E_I:::\‘.-_H:Efs_!r'-_'_ﬂll' 5_tﬂfﬂ_|;|u-[h_1!:_ﬂil i
= s
User profile: A farmer in the o e e p——
Blue River Irrigation command o
area, concerned about the g v
potential impact of new water B
demand on their supply. i
User query: What is the impact oo L ) !
of adding Harar city's demand soon _ y
abstracted from the Blue I —— e

Reservoir on Blue River
Irrigation?

Marih

The graph shows two lines tracking Blue Reservolr water levels annually. The Blue Line (solid) represents the average monthly water hald
hefore Harar City's demand. The Orange Line (dashed) shows average moenthly water held mow, with Harar City’s new demand.

What 1o notice on the graph:

« The Big Drop: The ocrange line iz significantly below Ihe blue line, especially from May through August {months 5-8), indicating much
fess water during drier months.

» Year-Round Impact: The arange line is consistently lower, meaning the rasenalr ganarally holds less water throughout the year due 1o I
the new demand,
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Establishing a living lab
for water at the
University of Exeter

Associate Professor Peter Melville-Shreeve
(on behalf of Chris Sweetapple)

C.Sweetapple@exeter.ac.uk




Setting the scene: A world leader in

water management

University of Exeter

Cenfre for Wotber Sysfems

P’ I- 1
@] g

STORMWATER (RTELLISENLE BROUP

* Twice ranked global number one in the Times Higher Education (THE) Impact
Rankings for Clean Water and Sanitation (2023 & 2024)

 Metrics based on:

v'Research on clean water and
sanitation

v"Water consumption tracking
v'"Water usage and care

v'Landscape planting to minimise
water usage

v"Water re-use
v"Water in the community

4 Nature-based
solutions

THE Impact Rankings

Timnea Higher Educatan
Impact Rankings

st globally for our
progress fowards
delivering SDG 6 - Clean
Waoter and Sanitation
(2024 & 2023)

. Water
efficiency

Mapping and
monitoring
campus
’_ infrastructure
-%

SDGé6

Clean Water
and Sanitation

Trialling new
technologies



Towards a ‘living lab’ for water

19 uvltra low-flush ‘Propelair’ toilets installed in 7 buildings on campus in 2018
* Monitoring implemented
* Captured evidence of impact on:
* Water use (2,287m° annuval reduction)
* Sewer network condition (no evidence of increase in blockages)
» Water bills (£12,580 annual reduction, at 2018 prices)
« Sewer discharges (6m°/day reduction)
* Ultra low-flush toilets becoming ‘business as usual’ for new installations

Melville-Shreeve, F. ef of. (202]) Campus sfudy of the impoct of vifro-fow flush foifefs on seweroge networks and wafer usage’, Water, 1314l o
419, doi:10. 3370/ wiIQ4 0479,

-

University of Exeter RULY

Centre for Waler Systems

STORMWATER INTELLIGENCE SROUP




Towards a ‘living lab’ for water

e o [ T | (R - el ey . WiSpSmay (e L ey Ay e gl | mge . B

Near-to-source wastewater surveillance pilot for SARS-CoV-
2 detection

*+ Wastewater samples collected and analysed for SARS-CoV-
2, ammoniacal nitrogen and orthophosphate.

* Wastewater flow rate measured at sampling locations
* In conjunction with flush count data, provided better

understanding of impact of variable populations on trends s Em TR
— I ] b
provided by wastewater-based epidemiology. . =)
i —
Sweefapple. C. ef al. (2022} Building knowledge of university campus population dynamics fo enhance near-fo-source |
sewoge surveiifiance for SARS-COV-2 dgefection’, Science of The Tofal Environment, 806, p. 50408, ——
doi:10. 1016/ scifotenv. 2021, 150406, y g
University of Exeter @1 g,

Centre far Water Systems STORMWATER INTELLIGENCE SROUP




Towards a ‘living lab’ for water

Grey water use and water-use monitoring in the new net zero
CREWW building

Rainfall monitoring : |
| i | -EII 11 LR '-1I |

Ml s Lot Bl i, Woaicaibiarn & i, Sy Mg o Linagn i Sl 1]

University of Exeter a1,

Centre fer Water Systems STORMWATER INTELLIGENCE SROUP




Monitoring Stormwater Systems on Campus

Inflow (I's)

Rainfall depth {mm)

Incomplata rainfall data

Attenuation tank monitoring

m ] 0
- Case study site identified "’r :
- Theoretical performance — T
modelled using campus rainfall 1
d{]‘l‘ﬂ Measured tank level

B 15 min rainfall depth

- Design criteria met, BUT not _
""" Modelled tank level, based on recorded rainfall.

more than 38% full in 13 years

T L g
- Potential for greater day-to-day 400
benefit £
s i ¥ — @
- Opportunities for ‘smart E 300+ =
technologies, including real time c £
control g 2097 E
. . 4 <
- Level sensor installed to validate L
results i | | | |
Apr 2025 May 2025 Jun 2025 Jul 2025
University of Exeter

Date

Centre for Waler Systems




Future plans?

* Trial new real time control technology to manage surface =4,
water runoff - including lab tests and full scale deployment @ Resiientogether

» Extended monitoring of attenuation assets, including levels and flows
* Provide evidence of current (under) performance
* Provide evidence of achievable performance with improved control.
 Inform future funding bids

- Development of a ‘smart’ campus
- “Net Water Zero Proposal”

— University of Exeter ST

Ky e
'- Centre for Waler Systems STORMWATER INTELLIGENTE EROUP
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Global Challenge

 QOver 45 million cubic meters of water are lost globally every day
» Aging infrastructure and poor maintenance are leading causes of water loss 30% OF WATER IS LOST
» Reducing leakage can help achieve sustainable water management and address water scarcity challenges

Water loss through leakages in tha distribution netwark Water loat to leakage in England and Walss

SRR IS Tatad lsakagemilfions of fitres per day
it g —
Bumrars L = s 3, O =
e - s - *
Over 45 milll bom s il nes . \
cubic meters o Araiz major issue - - - \ —
wiater are lost ! I‘I'H.I‘Ijl' countries | ‘el = = . et S —
timw -3 = 4 Vg
. E ol Jre— . =
— Bha E_ 1 (221 LEs 2o
Hrmn e [Ty e oL
P k] L]
o - - oy TR 1 00
Water loss resulls Argund 173 of s - - =
in slgnificant Around 1/3of people  People are affected Ul am
3 - I '+
ecanamic costs are affected by by water leakpge WS TOORE MR AT 1
viater leakage R il | N [E5TC ; i
CTasrm s Vet DV e Ln: 20743

53L per person per day are lost in England and
Wales (~20% of supply) 4 ' '
of leaks are not seen by customers and COST

0
70% often are deep underground

‘I
A A £60M is estimated to be the anrmal cost of water
CIWE oot et leaks to UK water companies CO,
Plan to:

1) Roll out proactive leakage control strategies 30% of leaks are reported by the customers when

2) Reduce 50% of leakages by 2041 they reach surface level (water pooling)
3) £400 million invested for water savings 2/




@® DMAFlowMeters A& Pipe Pressure Meters

Current State of Practice (Only Reactive)

At i
« DMAs: subdivisions of water networks (1000-2000 properties each; 22,000+ in UK) ‘; ‘
 Flow meter: installed at each DMA inlet to measure inflow L*“—; = —;i’
* Pressure sensors: 5-6 per DMA to track pressure variations -l

20 : G

Flow (mir)

e Current practice: Minimum Night Flow (MNF)
« MNF: lowest flow between 2 to 4 am, averaged over 7 to 14 days
» Leakage indicator: MNF rises above set thresholds

» Localization relies on acoustic devices to pinpoint leaks
« Requires manual deployment throughout the DMA
« Labor-intensive and can miss small or intermittent leaks

3/M



T

Towards Smart Water Management

» Regulation: Ofwat requires 15% leakage reduction by 2030 ROACTY REACTIN®
* Plan: expand flow & pressure sensor networks to meet target Efforts
» Challenge: Fixing entire infrastructure = costly, slow, complex "'

Proactive Reactive
—_—

Step 1: FORECASTING DETECTION LOCALIZATION
J Use existing networks + add low-cost sensors l

d Al integration: smarter, faster leakage management without full overhaul b »
J Forecasting: predict leakage risk from historical flow, pressure, environment Liﬁgﬂ?

(d Detection: real-time anomaly monitoring to catch leaks early

3 Localization: pinpoint leaks (pipe/node level) for targeted repairs @ & *‘

We propose real-time Al deep learning-based frameworks for:
@
[0

DETECTION

v Detection: Domain-informed VAE + SVM - distinguish between usual flow and leakage
v Localization: GAT + Transformer » estimate pressures, pinpoint leak location for rapid repairs
v Forecasting: Hybrid class-based attention + Bayesian updating » predict future flow & leak risk

FORECAST ING LOCALIZATION = i . ey . . . .
v Decision-making: Deep RL agent = prioritize maintenance & inspections to reduce failures

4/



Reactive Leakage Detection

« Domain-informed variational autoencoder and support-vector-machines based
« Uses flow recordings from previous 1 day to detect probability of leakage

% Pretrained O Lk @ MUK = SV HYPERTLANE J\\
E : .
z VAE ——
e 2=
Time = q“"“-@»m i""' Wigrmy)  LVM i)
OR ,':__J J;D O | R | Hivy | TRUE [ Ericooen ] [ Lo seacs | [‘pEcone | jmmrrqu
-y W — . FLOW FLOW

| [ | =— Frry ;
: lh | L8 Domain — Informed Loss = lZ{x -X ‘,|; !—} Acourat !
= h._]_u .u-rlll'h',' n A [ the time-serias using LV

4+

ke = |
Time +:.1,Zé - Y (ne?+1)+ E e Zﬂ: |, Regularizes the LV space
I’L | e 1 i ] to be standard normal
| { |
"!HEEJ_J — .
det|s|

[ Foros sparation
_,}

-l;l-:m - iy} E (I ) = I

CHECK
P(LKG) =

A YE&

P(LKG) = P(LKG|upy,, o) _ _ _
P(NLKG) = P(NLKG |pyy, Mu,) VAE compresses the signal into a regularized 2D latent

iR P{NLKG)
-mi}';ﬁﬂun space preserving most relevant structure and variance
e Clame ST which is then separated easily by SVM hyperplane
[ . : . .
-y m—-= -] NS fﬁ . Strong detection rates:
g o | ¢ Accuracy: > 98% ( )
4 ° a = _ < AUC=>0.99 ( )
. 3 AUC = 0.996 % True Positive Rate (LKG): 98.4% ( )
7 = | % True Negative Rate (NLKG): 98.1% (74%%)
v 02 04 06 04 | pacMilian L, Faysz 1 sndVargs L, [2024). “Domain- Infarmad Varistionsl Neursl Networks snd Support Vector Machines

VAE+SVM False positive rte bazed Lesksge Detection Framework to Augment Self-Hesling in Water Distribution Networka®. Watar Resasrch 5/M



Spatial Prediction (Localization)

= Graph model: nodes = sensorjunctions, edges = pipes
« Lealk localization: GNN-based spatial regression on pressure anomalies

3

« Uses node features (pressure) + edge features (pipe diameter, distances) + topology e
a 1< 1-day pressure at known stations = predict
e e ( pressure at unknown stations
RFEH ; “;gﬂ;—ﬁf—” “q <+ Multiple permutations are simulated to
AL S| reflect different scenarios
' % Randomly select m stations as known for
each permutation
_‘__ %+ Remaining n—m stations are set as unknown
15000 ' ES TR T
i Localization of R il = R 2t i il 0553
1. il gruurl- [ M;u-nenu GAT - laak’agq - il :.EED -
| e witty knowm |l:|:|rnm|tl:a nade ﬁ-{-\"'f | > sooo| e
‘ VP[] e | S | S il |
§ o e VA = - s
: - .-R M I&/ \a 30001 | : S0 |
aghat - 1
T i5 T 0 B?——'—'ﬂi D'M !.!:-:1 e opd ;I.E*a _ a2 o6 LEa
Imput Graph Structure Multi-Head GAT Temporel Stacking TransformersEncoder  Conv23  Predicted Time-Series I {SLation Wise] i#y [Ope-Sationk
(TN =®F) (N xEY) TxMN=FY (T=MN=F" for n—m Stations T T I
[n—m=T}
| ! ; .
e Cone oA =0 137) liton i o SmEm e _ v Average index of agreement (IA) — 0.963 for
H — ::-;::ui ] I ?\ _— -:'\:;I:hfll 1 ’ i T i S jr:;l:h'l: - . .
- e [t N f.f' S one-station and 0.933 station-wise
! i W o / 3 i . , : " . 2 o
| = b N ;’” ol I S ~~—— | ¥ Leak localization: inferred by combining
" o B T ¥ o ! large residuals at sensor nodes with

predicted low-pressure zones 6/



.. Feature influence: quantified

Forecasting Framework - = * — " " wnsstaervotessoros

_|..-.

b 5 AT J 12-hour forecasting window
Analysed for feature importance & T i l \r *‘1*—44 r'nf'“ ~4~ (48 points)
) N T I [ K=48 T=26 N=10000
‘E‘? predlc?t T.Nater fio.m.:r and leakages T e e e 5 z Z z el
Humidity (specific and relative) iy farm e T— = e =
v Precipitation Interpreting the ANN Model ! informed
- - ] P
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B ; -Fmﬂedlngjdap'&n:-f Preceding days & o - £
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L ( 5] Ei:l Wi- Lhubgr(_gi: ‘ﬂ A T e
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W;
=i errors more impactful on model updates direction & strength of
1 : :
Lattiary— — Z[ui_yi_ log(7; ) + (1 — y)log(1 — ¥; )] Vi : weightfor each instance, ensuring higher | feature influence relative

A 4 penalties for misclassifying leakage cases to daily averages

O This helps to counteract the masking bias, which otherwise may make NLKG cases dominate learning 7/




Bayesian Updating
» Temporal scale for 2-weeks future prediction
Prior — forecasts 12 hrs after 2 weeks in future

est+120rs , P(LKG)} = ANN (J’t—le days:t—14 days’ Wi—19 days:t—14 days’ P1pe FEH‘-’“"EE) D

Update — forecasts 12 hrs in future
Wet+12hrs , P(LKG)} = ANN(yt—E days:t’ W5 days’ Pipe FEH[’“"EE)
Posterior ~ MCMC(Update X Prior)

» Predictive Performance

e lhg Pripr = 0.75 ; Update = 0.8% ; and Postevior = 004 Ealanced Test Set
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0 -

T T+ @ hrs T+ 12 hrs

We can predict 15-minute water flow demands for
the next 12 hrs with index of agreement |1A > 80%

We can predict whether there is goingto be a
leakage in the next 12 hours with accuracy > 90%

Fayaz l., McMillan L., Cardenas V., and Varga L. (under review). "Real-Time Weather-
Adaptive Water Flow and Leakage Forecasting using an Interpretable and Unified
Deep Meural Network”. Applied Soft Computing.

MecMillan L., Fayaz J., and Varga L., (2023]. "Flow Forecasting for Leakage Burst
Prediction in Water Distribution Systems vsing Long Short-Term Memaory Meural
Metworks and Kalman Filtering”. Sustainable Cities and Society.

Rapp M., and Fayaz l., (under review). "Uncertainty-Aware Decision Support for
Demand Forecasting and Leakage Prediction in Water Distribution Systems Using
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Decision-Making Agent
[ Uses forecasted posterior water demands and

leakage probabilities to decide whether and
when to send repair team s istonk Bicia LT Ly Lo, et Bask. & Pariing oy

¥ Action Space
«=» & Send repair taam now +—
| Sand rapair team in 1 wealk =— !
[Frem— @ R E Send repair taam in 2 weeks -——: . State
m - @ @ ' Send repalr team in | month *—
% o Dan't sand rapair taam ~—
== T - 00 . I | e ... W
g e il e, N o
I mm = =
€5 [ e P = 1) Send repair team now
T R m@ _“:mm 2) Send repairteam in 1 week
T m < decision-making < 3) Send repair team in 2 weeks
— gl - agent 4) Send repairteam in 1 month
S = 9) Don’t send repair team
» Simulation environment considered variables ‘ .
that indirectly penalize or reward decisions .
» Data obtained from > 500 reports and articles v ECG”Dm_'C |mpact - £
from water companies and councils ¥" Reputation impact > CMEXscore _
» Different types of continuous and discrete v" Public impact » Hours of exposure to nuisance
variables and probability distributions v Environmentalimpact —» kgCO,e o/



Decision-Making Reinforcement Learning Agent

ITT'H.E Negative (RTN) +

s, S ) —
]( : r) IGthET(CECﬂﬂ + c’rep + Cpub 4 Cem? T P)
_ T
® arg min
0" = gﬂ Eznmg Z }’E)F(atr St)‘
t=0

= Uses the predicted flow values to decide optimal
action out of 5 options

= The total cost contains normalised summed-up
costs from the 4 considered impacts
|

ol Bamm b nmam
= ”TIFL"A Hﬁ-'

= | ower cost means better action

= Qutperforms the other fixed strategies throughout
various episodes thereby helping decision-makers
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Summary

v Three specialized Al frameworks were developed:
v Forecasting future leak risks using hybrid attention-based neural networks and Bayesian updating
v' Forecasted flow tied to multi-objective decision-making through deep reinforcement learning agent
v Detection of ongoing leakages via domain-informed variational autoencoder and support vector machines
v Localization of leakages through graph neural networks and transformer-based spatial pressure reconstructions

v" High performance achieved on test sets:
v' >90% accuracy (IA) in forecasting 12 hrs ahead leakages
v' >98% accuracy with AUC >0.99 for detecting previous leakages
v >0.93 accuracy (IA) in spatial reconstruction of 24-hr pressure profiles

FORECASTING DETECTION LOCALIZATION

v" Frameworks are designed to work with limited existing sensor networks, minimizing the need for costly upgrades.

v Future work aims to integrate forecasting, detection, and localization into a unified, end-to-end decision-
support framework — enabling proactive, real-time water network management (from specialized Al models to
holistic smart water management)

v The integrated system will support automated leak alerts, dynamic repair scheduling, and adaptive sensor

deployment, pushing the transition towards resilient and self-healing water distribution networks
/M
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