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Purpose

The talk presents the methodology and results of a research 
project on using both deterministic ruleset and machine 
learning for automated non-agricultural land cover change 
detection on Aerial Photographs and Satellite Images.

Examples of Non-Agricultural land covers include sheds, 
solar panels, roads, trees, ponds etc., basically representing 
the area we deduct from parcels for subsidy.
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Background – Why did we 
want an automated method?

• The RPA has decided that all reference 
intelligence used for LPIS validation 
should be newer than 3 years.

• The current process to keep 
intelligence up to data is resource and 
cost intensive.

• Change detection is subjective to the 
photointerpretation skills of the 
digitisers.

• Defra wishes to reduce the customers 
efforts in reporting land changes to 
the RPA.

• Commission is encouraging MS to 
substitute OTSC with continuous EO-
data based monitoring.
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Background - A bit of history

• Project ALIC (Automated Land 
Intelligence Consumption) (2015)

• Automatically compare new 
features in Ordnance Survey 
MasterMap update with in-
house layer, and  simply import 
relevant features and changes.

• The process was withdrawn after 
a short run.

• Technical defects - Drained 
system resources and 
produced unexpected 
results.

• OSMM currency itself was 
found to be quite old in 
rural areas.

But, we have tried automated change detection before…
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Background – What did we want project to deliver?

• The project was asked to research and develop:

• Innovative combinations of image and geospatial data 
processing methods to automatically identify and 
detect change in non-agricultural land cover

• Scalable and repeatable business process that meets 
the RPA model of land cover and land use.

• The solution was expected to be agnostic of image 
type and resolution e.g. AP, Satellite Images.

• Propose how to best consume change intelligence in 
the map update process.
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Project - Overview

• Develop and Compare accuracy of classifications of land covers using both 
Aerial Photography and Very High Resolution Satellite Images. 

• Develop change detection methods using the intelligence  (i.e. AP or RS) 
which results in the most accurate classification. 

• Develop methods to quantify the accuracy of the change detection methods.

1. Ordnance Survey (www.os.uk)- Experts in eCognition and Aerial 
Photography based land cover mapping. 

2. Satellite Applications Catapult (sa.catapult.org.uk) – Experts in Machine 
Learning and Satellite images based land cover mapping. 

3. apmgeo – provided overall guidance.

Research Objectives
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Project - Study Areas

• Four study areas were chosen. 

• Selection Criteria:

• Areas were selected based on 
whether we had AP and Satellite 
images from the same season 
and year.

• Areas also had to have a 
varieties of land covers.

• Data from 2015 matched the 
conditions.

• Zone 2 was eventually not 
considered for further analysis 
because suitable semi-processed 
AP could not be obtained.
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Methodology – High Level

• Ordnance Survey Team

O1. Perform segmentation on AP+H, VHR images in eCognition.

O2. Perform ruleset classification in eCognition using AP+H, VHR and 
ancillary data e.g. OS GreenSpace, MasterMap

O3. Develop change detection and reporting algorithms based on best 
land cover classification.

• Satellite Applications Catapult Team

S1. Perform machine learning classification algorithm (Random Forest) in 
scikit

S2. Identify important variables useful for ruleset classification (task O2). 

S3. Provide a quantitative insight into the relative value offered by each 
dataset used within this study. 

Task Breakdown between research teams
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OBIA and Deterministic Ruleset Random Forest Machine Learning

Pixels are grouped into homogenous 

Objects based on associated spatial, 

spectral and textural properties, also 

called region growing.

Objects classes (e.g. trees, house) 

obtained from a single run of  pre-

defined decision tree of rules developed 

by an expert, based on exhaustive 

association of image properties with 

object classes.

Doesn’t allow discovery of new image-

properties-to-class associations.

Also, uses a pre-defined lookup table 
of object classes with respective image 

properties. But, overall decision tree is 
unknown initially.

Classification is derived by numerous 

iterations of numerous randomly 

generated decision trees (using subsets 

of input look up table), and continuously 

evaluating and correcting decision trees 

to find one that matches most of the 

associations in lookup table.

New image-properties-to- class 

associations are derived by exhaustive 

permutations.
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Methodology – eCognition OBIA Ruleset vs 
Random Forest Machine Learning

11

Aerial Photograph

Initial Segmentation or 
Regions Growing-10641 
Objects

Final Segmentation -2839 
Objects



Methodology – High Level
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Methodology - Input Datasets and Software

• Raster Datasets

• Semi-Processed (important) 4-band Aerial Photographs 

• Non-pansharpened (important) 8-band Worldview images

• Sentinel-1 Analysis Ready Images

• Landsat-8 images

• Normalised Digital Surface Model derived from Aerial Photographs.

• nDSM = DSM - DTM

• Vector Datasets

• LPIS Parcels and Land Cover, both pre and post-update.

• Change file that stores the difference between pre- and post-update

• OS MasterMap

• OS Greenspace Open Data

• Software Stack

• eCognition, for (OBIA) segmentation and ruleset classification

• FME,  for data ETL

• sci-kit, for machine learning (RandomForest)
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Methodology - Generalisation of Land Model

• It is non-trivial to automatically 
identify and classify landforms on 
images to match their exact 
specification in the CAP land model.

• For example, it is not straightforward 
to identify the various configurations 
of rivers and drains in relation to the 
parcel boundary.

• For example, it is non-trivial to work 
out the use of a building based on 
image however important it is for 
the calculation of subsidy.

• It is also difficult to identify 
temporary wire fences.

• Therefore, the RPA model had to be 
generalised.   
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Methodology - Change Detection 

• The RPA “Change File” was used as the reference dataset for the change 
detection accuracy assessment for land covers. Only valid changes from the 
change files were used for comparison with automatically predicted changes

• Changes in parcel boundary was also recorded.

• Both appearance and disappearance of land covers and parcel boundaries 
were recorded.

• Change assessment was carried out manually twice (to remove bias)

• Assessment process recorded the accuracy in following measures:

• TP (True Positive) = Relevant (i.e. selected features from land model) 
correctly identified RWC predictions

• TP_WC = As above, but incorrect label of the change

• OI (Other Ineligible) = Other ineligible change

• FP (False Positive) = Invalid Change Detected

•

Logic
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• AP+H based eCognition classification was more accurate than WV2 
based eCognition classification. 

Results

Comparison of RuleSet classification using AP+H and WV2 
Images

Overall Accuracy

Zone AP+H WV2

1 74% 65%

3 69% 61%

4 78% 54%

WV 2 AP
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Results

Comparison of Random Forest and Ruleset Classification on 
AP+H data
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Results

• Aerial Photography and Height related variables contribute to at least 
40% of the accuracy in the classification. 

• Landsat related variables were least useful, presumably due to coarse 
resolution.

Importance of Variables – Height is very important
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Results
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Land cover classification. AP+H is better looking



Results

Examples of automated change detection – RPA Inputs
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Land Covers on  1/4/2015AP July 2015 Land Covers identified by RPA on  1/1/2016



Results

Examples of automated change detection
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AP July 2015 Land Covers on  1/1/2016 Detected/Missed Changes

RPA Land Covers

Predictions



Results

Change Detections
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• 1/3rd of predicted changed were valid real 
world change.

• 87.5% of change predictions belonged to 
the correct land cover class.

• Although accuracy of proposed change 
predictions is relatively lower, the proposed 
solution identified more TP changes.

• Most common FP land cover change was 
TreesNew.

• Boundary change prediction have 
comparable accuracy to land cover 
predictions

• Narrow boundaries such as fences and walls 
yielded worst detection.

• 70% of Parcels are predicted to have had no 
change!

Land 
Cover

Parcel 
Boundary



Thanks!

Presentation only covers some of the salient aspects of the project. For 
more details, please contact me on 

sanjay.rana@rpa.gsi.gov.uk
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