EuroSDR- Ordnance Survey and Al
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Ordnance Survey — Introduction

* National Mapping Agency of Great Britian (Land Registry is the
Cadastral Organisation)

* One of the few government owned private companies

* Funded by the Public Sector Geospatial Agreement

* Provides geospatial data and expertise to the public sector of GB




Ordnance Survey — The Data and Al

Administrative
& Statistical

* MasterMap Topography Layer, a topographic Unis
dataset of the whole of GB e

* AddressBase, addressing data across GB

* National Geographic Database

* Imagery - 25cm aerial imagey updated on 3
year cycles, 5cm drone imagery, sentinel

* A rich source of training data for machine

learning
—
OS Data == Imagery mmm Source of label data
Vector data for RGBI aerial imagery Change Detection Models

training Segmentation Models




Ordnance Survey — The Data and Al
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Ordnance Survey — Use of Al

* Alin OS is used both in production and on a daily basis.

* It can be broadly split into four categories.

Change Detection Automatic Feature Productivity Research
Extraction

The detection of change  The automatic extraction Al used on a day-to-day =~ Al being researched to be
to direct surveyors and to of data from imagery basis implemented long term
inform editing

Semantic segmentation GitHub copilot. Developing foundational
Satellite and Aerial models model
Imagery Large Language Models.
Object Detection Phd sponsorships

Python, AzureML, Databricks, QGIS, ArcGIS Pro, FME




Automatic Feature Extraction

* The process of automatically identifying features in imagery
* Slowly (very slowly) moving from manual capture to automated capture

* OS s starting to release products made using deep learning methods (NGD Land
Cover and Building Floors). Roof materials and solar panels on the way.




Automatic Feature Extraction

* Taking an ML output (a raster) and vectorising it to the point of usefulness is a
foundational problem for OS and AFE.

* Work done on geoprocessing is necessary to move us toward automation

* Much, much harder to integrate machine learning into existing production




Change Detection

* The process of using Al to identify changes in the environment using imagery (both satellite
and aerial).

* This can be used to direct surveyors to change and identify features to be edited

Image A




Change Detection

* Can be used to detect variety of change, such as broken earth, new warehouses and buildings

* Currently only in development and not productionised




Productivity

* GitHub Copilot trial yields 20% improvements in productivity

* OS and their journey with LLMs — how do we combat hallucinations and ensure best
practise?

* A closed, enterprise solution where data doesn’t leave OS, avoiding security issues

* Al working groups

« You

Create an image showing an Al being used at ordnance survey

',‘ Copilot

I'll try to create that.

I & ’{;‘ LD ® 6 of 30 responses  Al-generated content may be incorrect




Research

* The research devision at OS looks to research and R h
develop Al solutions that can be adopted by the €s€arc

commercial business

* Developing a foundational model to enhance ML

* Developing a geo chat bot using the LLM Llama to GeoAl ‘
answer geospatial questions
Conferences
Short term ML project
SME Support

Testing SOTA ML
Development of OS models

Horizon Scanning

ﬁ
5 PhD Support
~




Research University

of Exeter

* Preliminary diagram showing how a chat bot using OS Data could work

Tool for finding
locationsin a
3km radius

Toaol for
selecting
building type

Repeat in case of errors
Repeat in case of errors

Receives Query simplifies it
Agent - 1 then forwards it to agent 2
(LLM for

Decides on the Building Type
then forwards it to Agent 3

Agent -3
(LLM for
Location
Inference)

Agent -2
(LLM for
Building type)

Conversation)




Research

I'm hungry. Show me some places to eat in Exeter

A Here are some places to eat in Exeter:

¢ rFennsyivaria
L an

The Daisy Cafe - 98, Fore Street, Heavitree, EX1 2RS ,;‘ )

N Stoke Hil
2. Great Wall - Ground Floor, 42, Fore Street, Heavitree, EX1 2QL '
3. Let's Do - Montgomery House, 144, Fore Street, Exeter, EX4 3AN Exwick.
4. Ganges Restaurant - 156, Fore Street, Exeter, EX4 3AT i
r Foxhayes
5. Homewok Chinese Takeaway - 129, Fore Street, Exeter, EX4 3JQ &
6. Eddys Fast Food - 46, Fore Street, Heavitree, EX1 2QL ‘E‘\ ? A
7. Pig and Pickle - 38A, Fore Street, Heavitree, EX1 2QL \ el
8. Royal Bengal Take Away - 48, Fore Street, Heavitree, EX1 2QL
9. Pizza LaVita - 30C, Fore Street, Heavitree, EX1 2QL =
10. Akwaba CB Ltd - 30, Fore Street, Heavitree, EX1 2QL 5
These are just a few options, and there are many more restaurants and cafes in Exeter to explore! \Tc‘i:‘\ %

Aip?{mqtop




Case Studies — Total Revision UAS Imagery

* A semantic segmentation model was trained (UResNet) to identify features in
building sites - roads, buildings and fences by using OS Data as labels.

* Model developed, then a phase of post processing built on Lusaka script and Python

Use ML to predict Vectorise and Post
feature classes Process the data

Take drone imagery




Case Studies — Total Revision UAS Imagery

* Model development was trained on 250+ UAS Drone Imagery sites, matched to OS
Data and manually QA’d. Data can be supplemented by augmentation.
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* Time asynchronicity between the flight date and data was a challenge

* The goal is not to capture features as they exist, but as they exist in product spec

When Integrating ML to existing Production
Lines-Think Efficiency Gains, Not Wholesale
Replacement




Case Studies — Total Revision UAS Imagery

* First phase focused on training the model and post processing Roads,
Buildings, Pavement and Other Obstructions.

 Second phase is adding in more features to the model training and
updating the training data with 2024 imagery and a DSM.

* The goal is to save time for editors

The challenge- Accuracy on the ground V generalised polygons




Case Studies — Total Revision UAS Imagery
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Imagery Improved Post Processing




Case Studies — Total Revision UAS Imagery

Imagery Baseline




Case Studies — Total Revision UAS Imagery

Imagery Post Processing




Geoprocessing Example - Pavements

Identify noisy areas of roads Pull out inference using the Combine and run smoothing and
and pavements for removal. pavement centreline, plus the simplification
Use identify narrow inferences minus the noisy areas
polygons tool.

But is it working?




Case Studies - Field Boundaries Project

Develop a Machine Learning (ML) model that outperforms the existing image
classification to reduce editing time and costs to the business.

Current flowline

Manual QC
Automatic and editing Generalisation Field
classification > where <80% " 2 caleulation > leld
(eCognition) thematic : Boundaries
accuracy Of\:l,?ﬁ:t / Product

eCognition System is a rules-based system designed to identify features such as field boundaries.




Case Studies - Field Boundaries Project

* Training Data
o Model builds on existing solution by training on NGD Field e
Boundaries : |
o Hedges, Dry Stone Walls and Other from NGD Field
Boundaries, Trees from NDVI+nDSM thresholding and Scrub

from manually edited data

* Selecting the Best Model and Fine Tune

o Using an iterative approach to training, settled on model iteration 3 as the highest performing

o Then fine tunes model 3 based on a select dataset to address problematic classes

* Working closely with technology and production




Field Boundaries Project

Imagery
Model exceeded performance of current solution

ML Model thematic accuracy 12% higher *

Current

Solution

¥ ML Model

|[dentifying Dry Stone Wall in challenging areas

I *based on assessment of five 10km tiles



Case Studies — A Foundational Model for Geospatial

A Foundation model is an Al model designed to produce a variety of outputs

Training a foundational model will give a lot of flexibility for a
range of ML tasks, improving Al development, speed and
resolution













Sealed Surface

Building

Image Classification Object Detection Semantic Segmentation Change Detection




How do we train our foundation model?

Encoded ! Rail
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How do we train our foundation model?

Encoded

 Features |

17 Roof Materials
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2025

A huge year for GeoAl at OS
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OS GeoFoundation Model Acceleration of Al across OS

OS GeoChatBot




EuroSDR Workshop — Summary

* Al is increasingly integrated across OS in core business practises

* Key examples:
» Large potential savings proven with automation and field boundaries — savings on QA

and data accuracy
» Moving toward integrating ML in capture processes — AFE and semantic segmetation
» Products developed using ML — land cover and building floors

» Producivity increases with copilot — 20% increase




Thank You and Questions

Ollie Bowden
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