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Purpose of document 

This document has been prepared as a final report to summarise the results and findings of 
the Deep Time experiment. Funded by Nesta½Ã Collective Intelligence Grants programme, 
Deep Time investigated whether Collective and Artificial Intelligence could improve our ability 
to identify unknown archaeological features and understand known archaeological features in 
the landscape. The experiment took place within a bespoke map portal over a 220km² area in 
County Durham and this document summarises the methodology, crowd recruitment, results, 
and conclusions as well as the significance and impact of the project. 

DigVentures accepts no responsibility or liability for any use that is made of this document 
other than by the Client for the purposes for which it was originally commissioned and 
prepared. DigVentures has no liability regarding the use of this report except to Nesta.  
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Executive Summary 

This document has been complied as a final report for Deep Time, a project funded by Nesta 
to investigate the potential combination of artificial and collective intelligence to tackle social 
and environmental impacts on buried archaeology.  

The project was `iÛ�Ãi`�LÞ���}6i�ÌÕÀiÃ� ���«>ÀÌ�iÀÃ��«�Ü�Ì��ƂÀV�Ƃ�]� ÃÕ««�ÀÌi`�LÞ� iÃÌ>½Ã�
Centre for Collective Intelligence Design, and trialled within the Brightwater Landscape 
Partnership, a 220² km area in lowland County Durham.  

The project addressed two related collective intelligence challenges. Firstly, it sought to 
understand how crowd and machine intelligence could be utilised to improve the quantity and 
quality of the Historic Environment Record (HER), a spatial database of archaeological sites 
managed by local government to coordinate planning decisions. Secondly, it assessed the 
impact of taking part in a collective intelligence project, with an evaluation of how participants 
perceptions of the role of archaeology within the planning system and the historic environment 
were affected by taking part.  

Discovery interviews were conducted with multiple practitioners and stakeholders to refine 
macro and micro task design and devise a high-level workflow. This informed the development 
of a custom Collective Intelligence (CI) «�>Ìv�À�� ÕÌ���Ã��}� ��}6i�ÌÕÀiÃ½� LiÃ«��i� 6�ÀÌÕ>��
Learning Environment, with an embedded participatory GIS enabling participants to make 
valid feature identifications from Airborne Laser Scanning mapping (LiDAR), satellite imagery 
and historic mapping. A six ÃÌ>}i�¼�Õ�>�����Ì�i����«½���`i��Ü>Ã���«�i�i�Ìi`��ÛiÀ�>�£Î-week 
`i��ÛiÀÞ�«À�}À>��i]�Ü�iÀiLÞ�Ì�i�VÀ�Ü`½Ã�vi>ÌÕÀi��`i�Ì�v�V>Ì���Ã�V�Õ�`�Li�ÕÃi`�>Ã�>�ÌÀ>����}�
data set for Artificial Intelligence (AI) analysis, after which the crowd would validate the results 
of the AI survey.  

In the first instance, HER data was imported into a standard GIS and audited for baseline 
quality (1); this source data was then added into the back-end of the CI platform, with LiDAR 
prepared and processed into archaeologically-relevant visualisations (2); participants were 
trained through a structured Mooc to recognise, annotate and describe archaeological 
features on LiDAR, supported by workshops and twice weekly newsletter (3); crowd enrichment 
of the HER data followed, enabled with a web accessible GIS and chat tool, supported by a 
single-track validation system (4); this proceeded to AI training, enrichment and crowd 
validation of the additional feature identifications derived through machine learning (5); the 
project will finally culminate in reintegration of enriched data back into the HER and/or other 
public repositories (6). 

Participant recruitment was very successful, with 970 applications received for 100 participant 
places, enabling the final selection to be equitably split along age, gender, socioeconomic 
and the ethnic backgrounds. Other selection criteria included geographic location (with half 
of participants locally based) and previous experience (26% of participants had no experience 
of archaeology, and 65% only on a voluntary basis). Archaeological features were identified by 
100 participants, with 63 completing the validation stage and 47 completing the AI validation. 
The average number of feature identifications per participant was 36.7, with a longtail slant 
towards superusers (80% of features were identified by 28% of participants). 
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A baseline analysis of the quantity and quality of the known archaeology recorded in the 
Brightwater study area HER revealed 3925 sites, comprising points, polygons, and associated 
metadata. The crowd augmented this number with a further 3670 archaeological features. As 
1309 features identified by the crowd correlated with existing HER sites, the total number of 
new features (2361) represents a 60% uplift in positively identified archaeology. A data quality 
audit revealed an average 94.32% rating for the fidelity, accuracy and completeness of the 
VÀ�Ü`½Ã�`>Ì>ÃiÌ�V��«>Ài`�Ì��>��>ÛiÀ>}i�nn°Ç£¯�À>Ì��}�v�À�Ì�i��,�`>Ì>ÃiÌ°� 

/�i�¼�Õ�>�����Ì�i����«½���`i���v�AI training, enrichment and crowd validation of the feature 
identifications derived through machine learning faced obstacles, some of which could be 
addressed through better task and platform design. Though the crowd transcriptions were 
broadly accurate, the experiment showed that Ƃ��ÌÀ>����}�ÀiµÕ�ÀiÃ�>�£ää¯�>VVÕÀ>VÞ]��À�>�¼v�ÀVi�
�Õ�Ì�«��iÀ½�ivviVÌ�Ü�����i>`�Ì� multiple false identifications. Crowd validation of AI features was 
also problematic]�`Õi����«>ÀÌ�Ì��Ì�i�VÀ�Ü`½Ã�V��v�`i�Vi���`�V>Ì��}�Ü�iÌ�iÀ�Ì�i�vi>ÌÕÀi�Ü>Ã�
true/false, preferring to expand on ambiguity with text descriptions. As such, ArchAI were 
unable to automate their usual statistical approach to result evaluation.  

A quantitative and qualitative evaluation was undertaken for all participants, before and after 
their experience, to better understand how taking part had affected their understanding of 
archaeology in the planning process, their connection to the Brightwater study area, their skills 
in identifying archaeology and broader interest in the field. Prior to taking part, 6% of 
participants new nothing about archaeology in the planning process, 24% were uncertain of 
its role, and 48% new a little about its role. At the end of the project 96% of participants agreed 
that their understanding of archaeology and planning had improved, of which 50% strongly 
agreed that it had improved. A similar change can be observed in participants connection to 
the Brightwater study area. Prior to commencing, 75% of participants had no or neutral 
connections to the area or sense of place. Following the experiment this had flipped 
completely, with 75% of participants agreeing that their connection to Brightwater and sense 
of place had increased, 32% strongly agreeing.  A further 90% of participants stated that their 
interest in archaeology had increased and 96% stated their knowledge of archaeological site 
and monument types and how to identify them had increased because of taking part. 

The project has Ì�ÕÃ�`i���ÃÌÀ>Ìi`�Ì�>Ì�>�
��Ã��ÕÌ����Ì��>ÀV�>i���}Þ½Ã��>��v��`�«�>����}�>�`�
reconnaissance challenges can create a step change in data, at an equal or higher quality than 
is currently relied upon for the basis of binding planning decisions, with a demonstrable 
increase in social impact, at a fraction of the financial or time cost of undertaking this work in 
an exclusively professional model.  
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Section One: Technical Report 

1 INTRODUCTION 

1.1 Experiment Background 

1.1.1 Collaboratively developed by DigVentures, ArchAI and the Brightwater Landscape 
Partnership, the Deep Time project aimed to investigate how collective intelligence 
could improve the way planning agencies, construction companies, local authorities 
and landowners manage the destructive impact of development on archaeological 
remains. 

1.1.2 Collective Intelligence (CI) is created when people work together to mobilise a wide 
range of information, ideas, and insights to address a social challenge. This is 
facilitated by smart technologies, such as satellite imagery, and networked 
technologies that enable participants to pool resources and ideas, leading to the 
creation of new intelligence about our world. When combined with the capacity of 
Artificial Intelligence (AI) to analyse large volumes of data, this process is amplified, 
creating a more complete picture of a problem, and enabling better solutions. 

1.1.3 At a time when sustainability is vital, Deep Time aligns with land use transformation 
projects including responses to climate change, carbon capture, fulfilment of the Clean 
Energy agenda, housing policy and large-scale infrastructure. By combining Collective 
Intelligence (CI) with Artificial Intelligence (AI), the project aimed to train people and 
machines to rapidly assess satellite and LiDAR imagery, helping to de-risk intrusive 
development projects or large-scale landscape change by improving capacity to 
interrogate the HER, ultimately creating a bespoke, cost-effective solution for 
developers, landowners, and local authorities. The project also sought to understand 
if this approach could potentially provide a pathway into decision-making about places 
for local people, creating relationships between those managing development and 
communities affected by it. 

1.1.4 Following a grant from Nesta½Ã Centre for Collective Intelligence Design, awarded in 
early 2021, the project team developed a bespoke training and participatory GIS 
platform through which to engage community participation.  A six-ÃÌ>}i�¼�Õ�>�����Ì�i�
���«½� ��`i�� Ü>Ã� ��«�i�i�Ìi`� �ÛiÀ� >� £Î-week delivery programme, whereby the 
VÀ�Ü`½Ã� vi>ÌÕÀi� �`i�Ì�v�V>Ì���Ã�V�Õ�`�Li�ÕÃi`�>Ã�>� ÌÀ>����}�`>Ì>�ÃiÌ� v�À� Ì�i�Ƃ�]�>vÌiÀ�
which the crowd would validate the results of the AI survey.  

1.1.5 The Brightwater Landscape Partnership was selected as a suitable study area q a 
220km² area of lowland County Durham and Darlington (Figure 1 q Location of Study 
Area). Containing 3925 known archaeological sites, the HER for this mixed urban and 
rural landscape combined a mix of good and poor quality data, and presented a robust 
use case for the proposed CI/AI methodology.  

2 DETAILS OF OUR RESEARCH OBJECTIVES 

2.1 Research context 

2.1.1 The CI/AI Deep Time experimental methodology focused on the question ¼How can 
we best combine machine intelligence and crowd intelligence to tackle our pressing 
social and environmental challenges?½° The project followed two successful pilot 
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projects; in 2019, ArchAI deployed AI in partnership with Historic Environment 
Scotland to automatically detect archaeological sites on the Isle of Arran. And in 2020 
DigVentures expanded their on-site crowdsourcing offer to a purely digital audience 
during COVID-19 lockdowns, attracting 8,000 citizens from 81 countries. The research 
has been designed to build on these initiatives, investigating the following 
hypotheses: 

� Hypothesis 1 q If the application of the CI/AI Deep Time model 
can refine and enrich the baseline archaeological information, 
then the quantity and quality of data in the HER will be improved 

� Hypothesis 2 q If a wider range of people can get involved in the 
CI / AI Deep Time model, then awareness and understanding of 
heritage considerations in the planning process will increase 

2.1.2 Heritage-based planning decisions, which determine the character of our physical 
i�Û�À���i�Ì]� VÕÀÀi�Ì�Þ� Ài�Þ� ��� Ì�i� µÕ>��ÌÞ� �v� >� ��V>�� ƂÕÌ��À�ÌÞ½Ã� �Ƃ®� ��ÃÌ�À�V�
Environment Record (HER). This data triggers the level of archaeological investigation 
developers are required to undertake in advance of development, depending on 
whether proposed work is likely to impact heritage assets. 

2.1.3 The existing structure for historic environment management provides effective 
protection through the planning process for many heritage assets with archaeological 
interest, serviced by commercial archaeology business funded by developers. 
Currently, around 95% of heritage assets are not protected by the State and planning 
policies ensure this undesignated resource is managed. The same process allows new 
archaeological significant sites to be discovered and offers significant support to 
development, de-risking projects and removing the cost of safeguarding from the 
public purse (to the value of £258m in 2019).   

2.1.4 The proposed new Planning Bill, introduced in the House of Commons on 15th July 
2021, aims to simplify the planning system through three categories: Growth, Renewal 
and Protected Areas. Communities are at the core of proposed reform, however there 
is little detail on how public support will be mobilised to underpin positive, sustainable 
growth. This project sought to investigate how CI/AI solutions could facilitate this shift 
in the politics of rootedness and belonging, co-creating the cultural distinctiveness 
acknowledged as a driver to attract people and investment to places.  

2.1.5 Detecting archaeology from earth observation data is one of the most difficult 
automation or crowd-based challenges]�LiV>ÕÃi��Ì½Ã�>�V��ÃÌ>�Ì�Þ��ÛiÀÜÀ�ÌÌi��«>ÌÌiÀ��
in the landscape formed by layers of features over time. HER datasets have been 
gathered over the past 100 years, and through this is still very useful, the quality of the 
data can be variable. Some sites no longer physically exist (due to land development), 
some are georeferenced incorrectly and others, still underground, are not visible using 
LIDAR data (due to extensive ploughing). The data challenge is both to increase the 
quantity of known sites, but also the quality of existing entries on the HER database.  

 

 



 

  

 3 

 

2.2 Similar works by others 

2.2.1 The Deep Time project is, to our knowledge, the first time that CI/AI has been 
deployed in the context of spatial and participatory planning. In terms of projects 
utilising the powers of CI, several Landscape Partnerships have undertaken similar 
small-scale LIDAR interpretation projects by harnessing the powers of crowd 
intelligence.  

2.2.2 The Kent LiDAR Portal was established as a citizen science mapping project aimed at 
Õ��µÕi�Þ� i��>�V��}� Ì�i� V�Õ�ÌÞ½Ã� ��ÃÌ�À�V� i�Û�À���i�Ì� ÀiV�À`� LÞ� ÕÃ��}� ���Ƃ,� `>Ì>�
through an open-source web application. Launched in 2020 by the Darent Valley 
Landscape Partnership Scheme (DVLPS), over 100 participants studied over 190km² of 
LiDAR within the Kent Downs AONB through the web-based app HEROS. The Surrey 
LiDAR Portal has also just been launched using the same web application and setup. 

2.2.3 DigVentures has also delivered a similar project for the Living Levels Landscape 
Partnership, established as a National Lottery Heritage Fund scheme. Taking a 
different approach to Deep Time, the team devised a citizen science LIDAR mapping 
project in 2020 based on the HEROS participatory GIS. This project assessed maps 
and LIDAR across 225km² area of the Gwent Levels to create an online accessible map 
showcasing the history and archaeology of the area, and all insights and learning from 
this were incorporated into the discovery phase of Deep Time.  

3 EXPERIMENTAL DESIGN 

3.1 High-level workflow 

3.1.1 A high-level workflow was designed with a series of tasks and associated microtasks 
within six stages (Figure 2 - High-Level workflow). The workflow, developed as an 
interactive board in Trello visible here, is summarised below. 

3.2 Stage 1 - HER Import (Project set-up and data baseline) 

Upon project initiation, a Data Management Plan was devised in line with 
CIfA/DigVentures guidelines. Due to the large quantity of data being collected 
throughout the project, a plan for metadata, organization and storage was essential. 
Digital data was obtained from the County Durham and Darlington HER and Historic 
England and was added to QGIS to undertake cleaning and an audit (Figure 3 q 1 - 
Historic Environment Record Data). The data was filtered into polygons, points and 
lines and split further down into periods, from the Mesolithic through to Post-
Industrial. This audit helped to establish a baseline of the quantity of known 
archaeology across the Brightwater area, which revealed 3577 sites in total across 66 
different monument types relating to 16 different period classifications. Outputs for 
this stage included:  

x Project design 

x Data management plan 

x Ethics and values statement 

 

https://trello.com/b/4zQ8CHlO/ci-ai-deep-time


 

  

 4 

 

3.3 Stage 2 - Back End (Platform setup) 

3.3.1 Datasets were gathered and refined down to form the back end of the experiment 
platform, to have a robust set of information for the crowd to work with. The County 
Durham and Darlington HER and Historic England shapefiles were added to the 
project as structured data files, as well as unstructured mapping layers such as 
historical maps from a National Library of Scotland subscription and Ordnance Survey 
maps. Opensource LIDAR data was downloaded from the Environment Agency and 
processed to produce hillshade and local relief models that could be analysed. 

3.3.2 A detailed data schema was also developed, filtered down from what was available 
and visible across the available HER data for Brightwater landscape. This would 
essentially go on to create our metadata collection tool for the project, which would 
be essential in collecting information about the data that the crowd would collect. The 
data schema was better informed, and the terminology was improved by the Forum 
on Information Standards in Heritage thesaurus (FISH).  

3.3.3 Once all the data had been collated and imported into our GIS, it became apparent 
that we needed to develop a bespoke web app to mitigate against any constraints 
anticipated for the front-end CI participation. This was developed with a specialist web 
design team from HUMAP which could be embedded with our teaching materials and 
designed to perform exactly how we envisioned. This enabled participants to toggle 
through data and mapping layers, with the ability to create shapefiles with embedded 
metadata and information about the features (Figure 3 q 2 q The Deep Time Portal). 
The app also allowed us to split the Brightwater study area up into a grid system, so 
that each grid square could be studied individually by a Pastronaut and actions within 
the grid square could be recorded and assessed after the experiment. Outputs 
included: 

x Pre-processing and preparation of open source HER data 

x Processing open-source LiDAR data into relevant visualisations 

x Data schema detailing categories for crowd enrichment of HER 

x Design and build of participatory GIS 

 

3.4 Stage 3 - Front End (crowd enrichment) 

3.4.1 One of the initial aims of the CI/AI project was to upskill and train a crowd with no 
previous experience to make professionally valid contributions. We facilitated this by 
developing a detailed online course (MOOC) through the tried and tested 
DigVentures course platform (Figure 3 q 3 q The Deep Time MOOC). Six chapters were 
developed to train the crowd in the following topics over the course of 13 weeks: 

x Chapter 1 - Introducing Collective and Artificial Intelligence 
x Chapter 2 - Introducing GIS and LIDAR 
x Chapter 3 - Identifying Sites 
x Chapter 4 - Search and Record  
x Chapter 5 - Validation 
x Chapter 6 - Teaching the AI 
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3.4.2 Each chapter contained a series of sub-topic learning modules with introductory and 
tutorial videos and screencasts, along with a wealth of links and resources to dig 
deeper, with a quiz at the end to help reiterate learning points. Following a launch 
event and the unveiling of the Deep Time Portal, the crowd, affectionately termed 
¼*>ÃÌÀ��>ÕÌÃ½, were given three weeks to work through Chapters 1 q 3 of the MOOC 
before beginning their investigations of the mapping layers in Chapter 4. 

3.4.3 A chat function was also embedded as a constant feature within the MOOC which 
proved invaluable for the crowd enrichment (Figure 3 q 6 q The MOOC chat function). 
Pastronauts were able to ask questions, encourage each other and share learning 
points as they worked through the portal discovering archaeology. This also proved a 
useful feedback tool for live improvements to the portal and MOOC. Outputs 
included:  

x Development of six-chapter MOOC and supporting video content 

x Crowd promotion, recruitment, and onboarding 

x Pre-experience impact evaluation 

x Mooc delivery, supported with bi-weekly newsletters and workshops 

x Crowd mapping q LiDAR feature identification, annotation, and classification 

x Crowd validation q single track review of LiDAR identification, classification, and 
description 

 

3.5 Stage 4 - Back end (AI training and Validation) 

3.5.1 The Pastronauts were allocated two weeks to scroll through the mapping layers, LIDAR 
and HER data looking for archaeological features and illustrating these using the 
drawing tools in the Map Portal. They were then put through another MOOC training 
chapter to learn how to vali`>Ìi��Ì�iÀ�*>ÃÌÀ��>ÕÌ½Ã�Ü�À��>�`�Ì��Ãi�Ãi�V�iV��Ì�i�`>Ì>�
in the metadata forms (Figure 3 q 5 q The Validation process). 

3.5.2 Outside of the map portal, the CI data was exported and cleaned. This involved 
removing false or accidental data (for example when a Pastronaut marked a grid as 
¼V��«�iÌi½�LÞ�>VV�`i�Ì�Ã��Ì�>Ì��Ã�V��Ì>��i`����̀ >Ì>®]�>�`�Ài��Û��}����i�>�`�«���Ì�̀ >Ì>]�
as the AI can only learn from polygon data. The cleaned data was sent to ArchAI and 
selected limited site types were used to train it, such as Ì�i�`>Ì>�V���iVÌi`�v�À�¼*�ÌÃ½ 
(Figure 3 q 4 q AI data).  The AI was then run over the LIDAR data across the Brightwater 
area Ì��v��`�>ÀV�>i���}Þ�ÕÃ��}�Ì�i�>�}�À�Ì��Ã��Ì��>`�Lii��Ì>Õ}�Ì�LÞ�Ì�i�VÀ�Ü`½Ã�¼*�Ì½�
data, as well as using models collected from other sites across England, and the data 
was sent back to DigVentures for analysis during the next stage of the experiment.  

3.5.3 The CI data was also subjected to a data audit, where the Fidelity, Accuracy and 
Completeness were assessed over a representative 5% random sample. The results of 
this can be seen in section 5.3 and Figure 9. Outputs included:  

x Preparation of crowd identified features for AI training data set 

x Quality audit of crowd features 
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x AI analysis of study area using both a crowd and professionally derived training 
data set 

 

3.6 Stage 5 q Front End (Expert / Crowd Validation) 

3.6.1 Once the AI data had been received back from ArchAI it was imported into the 
participatory to be analysed and quantified. The Map Portal was redeveloped to 
accommodate a change in activity; the AI data was added as an interactive layer and 
the metadata collection tables were redesigned for the next validation task. 
Participants then undertook another training module comprising Chapter 6 of the 
MOOC, learning how to validate and sense check the AI data. They were then 
>ÃÃ�}�i`�Ì��Û>��`>Ì��}�>���Ì�i�Ƃ�½Ã�`>Ì>]�>�`�Ì�i�v>�Ãi�«�Ã�Ì�ÛiÃ�vÀ���ƂÀV�Ƃ�½Ã�>««À�>V��
were reviewed by the crowd to analyse whether previously unknown archaeological 
sites had been identified. Outputs included: 

x Import of AI data into the participatory GIS 

x Crowd validation of AI features 

x Quality audit of AI features 

 

3.7 Stage 6 q Improved HER Export  

3.7.1 Following the completion of the validation of the AI dataset, the results and findings 
will be fed back to ArchAI and used to fine tune the AI algorithms and to help it learn 
from the false positives it identified. The intention is for this and the CI data to be 
further cleaned and assembled into a HER dataset which can furnish and embellish the 
current HER. Outputs include: 

x Improved and augmented HER for the study area, ready for reincorporation into 
Durham County Council repositories 

 

3.8 Participant recruitment  

3.8.1 Participant recruitment was launched on the 19th of August, advertised through the DV 
newsletter, website, and social media channels, remaining open for a month.  A total 
of 970 applications were received, with many supporting their contributions with long, 
and heartfelt descriptions of why they wanted to be part of the project. Motivations 
ranged from bucket list, personal motivations to more virtuous contributions to the 
public good. ¼������}� Ü�Ì�� the community and loads of nutty archaeologists to 
discover something amazing½]� ÜÀ�Ìi� ��i� «>ÀÌ�V�«>�Ì]� Ü�Ì�� >��Ì�iÀ� >��Õ`��}� Ì�� Ì�i�
«ÀiÃÃÕÀiÃ��v� ��V�`�Ü�\� ¼Finally doing some actual work with you and the wider DV 
Ìi>��>}>���Ü�iÀi���V>��V��ÌÀ�LÕÌi]�À>Ì�iÀ�Ì�>���ÕÃÌ�Ü>ÌV���}o��ii«Ã��i�V���iVÌed 
and sane°½�Ƃ���}Ã�`i� Ì�i� `iÃ�Ài� Ì�� �i>À�]� Ì�iÀi�Ü>Ã� >� ÃÌÀ��}� Ãi�Ãi� Ì�>Ì� Ì��Ã�Ü>Ã� >�
collaborative endeavour contributing to something larger than themselves:  

¼��Ü�Õ�`� ��Ûi� Ì��Li�«>ÀÌ��v� >�}À�Õ«� ¼��ÃÃ���½� >�`� Ì�� ���Ü� Ì�>Ì��Þ�Ü�À�� �Ã�
helping in a collaborative effort. I would cherish an opportunity where I could 
hone my skills, and contribute to something truly ground-breaking in my field. 



 

  

 7 

 

With universities closing archaeological and humanities departments, now 
more than ever, it is important that we unite and show the world the 
remarkable work we do.½ 

3.8.2 The overall applicant pool was significantly more diverse than available demographic 
data (though scant) for other similar crowdsourcing projects, providing a solid basis 
from which to enact the project values through the final participant selection. The 
applicant crowd was 55% female, 88% white, with all ages and 11 socio-economic 
groups represented (as defined by the Office for National Statistics) and no group 
representing more than 28% of the overall number.  

3.8.3 With such a high number of applicants, the final participant selection could focus on 
ensuring as diverse and equitable composition as possible, with the selection 
extended to 150 to effectively price-in the probable fall off in numbers as the 
experiment progressed. Pastronauts were carefully selected across the four categories 
of Age, Occupation, Pronouns and Ethnic Background (Figure 4 q Applicant and 
Pastronaut statistics) with the remaining applicants invited to watch the experiment 
Õ�v��`�>Ã�¼*>ÃÃi�}iÀÃ½°� 

3.8.4 All applications from ethnically diverse backgrounds were automatically accepted, as 
were applications from postcodes in and around the study area (75 applications). This 
left 75 remaining spaces, which were selected based on three sub-groups: those that 
have experience of archaeology, those with partial experience, and those with no 
experience - then reviewed qualitative answers to why each wanted to get involved 
and what they hoped to get out of the experience. Once we had a long list, we then 
chiV�i`�L>V�����Ì��Ãii�Ì�>Ì�Üi��>`�½Ì���ÌÀ�`ÕVi`�>�Þ�>``�Ì���>��L�>Ã�Ì�>Ì�Ã�iÜi`�Ì�i�
group and cut back to make sure no one demographic dominated our Pastronauts. 
This resulted in a participant group that was a fair representation of wider British 
society, 25% non-white, where no one occupation or age level dominated, and the 
gender imbalance had been reduced. 

4 PROBLEMS AND OBSTACLES TO THE EXPERIMENT  

4.1.1 During the project discovery phase, several different commercially available 
participatory GIS options were investigated, including the HEROS platform currently 
utilised by DigVentures on two other crowdsourcing projects. All presented significant 
limitations that put the overarching aims of widening participation and creating valid 
data at risk. Examples included limits to the number of participants who could use the 
system simultaneously, load speed of mapping and LIDAR layers could load, 
customisable metadata tables and intuitive the drawing tools were. Available GIS 
solutions required a degree of comfortability with tech that may be off-putting to some 
participants, and it became clear that choice of GIS platform would be a definite 
constraint in terms of the front-end participant journey. 

4.1.2 After exploring several other open-source GIS solutions, the team decided to mitigate 
against these constraints and commission our own web app to embed within our 
MOOC platform (Figure 5 q Heros Vs Deep Time App). The challenge in this instance 
was to run the project on a prototype application, however, it was still felt that this was 
a better solution more in line with the project values than to implement a commercial 
solution that would alienate a significant proportion of our participant group. As the 
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project developed and participants undertook the MOOC, struggles and comments 
for improvements and alterations to the app started to become apparent. These were 
collected in a dedicated chat channel, falling under training, task design, portal design, 
portal functions, data entry, chat design, and task tracking functions. By allowing for 
problems and issues to be discussed in an open manner through the chat function, it 
allowed a good visibility into the user experience for us to act quickly upon issues, by 
adding more training data to the MOOC or by making small live changes to the Deep 
Time Portal in the background. 

5 RESULTS AND ANALYSIS 

5.1 Experiment results q The CI data 

5.1.1 Following the completion of Stage 4 where the crowd analysed and annotated the 
mapping reference �>ÞiÀÃ� >�`� Û>��`>Ìi`� i>V�� �Ì�iÀ½Ã work, an initial data audit 
revealed that they had annotated 3,757 archaeological features. The data was queried 
against the HER data and 1,309 of the features drawn by the CI correlated with the 
locations of HER data points and polygons, implying that the CI had potentially 
identified 2,448 previously unrecorded archaeological sites (Figure 6 q CI data and 
correlations with HER).  

5.1.2 The crowd used a customised monument schema from which to classify site and 
monument types, which was based on the most common archaeological site types in 
across the Brightwater area. The table below (Table 1) shows the quantities of those 
common site types in the HER and in the CI data and shows the difference between 
them. This comparison revealed that the crowd identified less agricultural trends and 
enclosures than were present in the HER, however, they succeeded in identifying 
hundreds more banks, ditches, mounds, pits / hollows, routeways and settlements 
(such as deserted medieval villages).  

Site Type HER Count CI Count Difference 

Agricultural 1871 1739 -132 

Bank 38 276 +238 

C20th 0 6 +6 

Ditch 44 266 +222 

Enclosure 283 273 -10 

Industrial 11 73 +62 

Military 93 90 -3 

Mound 10 233 +223 

Pit / Hollow 17 348 +331 

Railway 2 57 +55 

Routeway 33 154 +121 

Settlement 39 242 +203 
 2,441 3,757  

Table 1 - A comparison of the most common site types identified in the HER and by the CI 
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5.2 Experiment results q The AI data 

5.2.1 The original goal of using the CI results as a training data set for the AI was not very 
successful, as was the attempt to use the crowd to validate AI feature identifications. 
Though the crowd transcriptions were predominantly accurate (see 5.3 below) AI 
ÌÀ>����}�ÀiµÕ�ÀiÃ�>�£ää¯�>VVÕÀ>VÞ]��À�>� ¼v�ÀVi��Õ�Ì�«��iÀ½�ivviVÌ�Ü���� �i>`�Ì���Õ�Ì�«�i�
false identifications. This was established by comparing the results of the AI with both 
crowd and professionally derived training data. The results for this are detailed in the 
table below (Table 2). /�i�`iÌ>��i`��iÌÀ�VÃ����Ì�i�Ì>L�i�iÝ«�>���Ì�i�Ƃ�½Ã�}i�iÀ>��recall 
and precision performance across England, its object recall, and the score it achieved. 
The table also shows how the AI performed in comparison to the CI data.  

Table 2 q Detailed recall metrics 

5.2.2 Drilling further into the metrics provided in the table above as well as the polygon 
data, it became apparent that the crowd polygons identifying Deserted Medieval 
Villages (DMVs) tended Ì��Li�Ã�>��iÀ�Ì�>��ƂÀV�Ƃ�½Ã�polygons for DMVs. This is because 
they typically included crofts within the shape (which are converted to enclosures by 
the AI) rather than making a polygon for the whole DMV. 

5.2.3 Thi�Ƃ�½Ã�µÕ>ÀÀÞ model was trained on different forms of former industrial site. Again, 
the crowd «��Þ}��Ã�v�À�>�¼µÕ>ÀÀÞ½�Ã�Ìi did not align with what ArchAI call quarries in 
their training labels. Still, the crowd model trained the AI reasonably well (Figure 7 q 
ArchAI training examples). 

 
Deserted Medieval Villages  

Recall Precision Obj Recall FScore 
ArchAI 0.6825 0.1307 0.7692 0.2194 

Comparison to CI 0.4433 0.1503 0.2963 0.2244  
Quarry  

Recall Precision Obj Recall FScore 
ArchAI 0.6542 0.1064 0.7091 0.183 

Comparison to CI 0.4154 0.1301 0.6 0.1982  
Ridge and Furrow 

 
Recall Precision Obj Recall FScore 

ArchAI 
    

Comparison to CI 0.3304 0.3397 0.5721 0.335  
Enclosure  

Recall Precision Obj Recall FScore 
ArchAI 0.333 0.4371 0.4438 0.378 

Comparison to CI 0.0042 0.0134 0.013 0.0064  
Mounds  

Recall Precision Obj Recall FScore 
ArchAI 0.2853 0.3771 0.2841 0.3249 

Comparison to CI 0.0073 0.0713 0.0379 0.0133  
Pit  

Recall Precision Obj Recall FScore 
ArchAI 

    

Comparison to CI 0.0822 0.0366 0.3478 0.0507 
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5.2.4 ArchAI compared the ridge and furrow model Ü��V��Ü>Ã� ÌÀ>��i`� ��� Ì�i� ¼�}�>�`½�
model to a ridge and furrow model trained by the crowd data and found that the 
crowd trained model performed better. Potentially this was because the crowd 
mistakenly created more polygons that corresponded to modern ploughing remains 
rather than ridge and furrow, therefore teaching the AI model the same methods. 

5.2.5 From the table above it is clear that the enclosure polygons created by the crowd after 
Stages 3 and 4 `�`���Ì�>��}��Ü�Ì��ƂÀV�Ƃ�½Ã�ÌÀ>����g data. To date, ArchAI has trained 
on mostly large, unique enclosures such as hillforts and moated sites which there are 
not many of in the Brightwater area. The AI model as it currently stands therefore 
performed poorly, identifying a high quantity of modern features.  

5.2.6 The mound polygons from the crowd also showed another disconnect. The crowd 
identified a higher quantity and larger mounds (which would come under bank in the 
ArchAI schema®� >�`� ƂÀV�Ƃ�½Ã� ÌÀ>����}� `>Ì>� V��Ã�ÃÌÃ���ÃÌ�Þ� �v� L>ÀÀ�Ü-size mounds. 
ƂÀV�Ƃ�½Ã� model confused archaeological mounds with roundabouts that should 
normally be filtered out, in a similar way to the enclosure false positives.  

5.2.7 The pit model was trained only on crowd polygons and is most effective on extractive 
pits, and not the broader pit types that are present in the data across the Brightwater 
area. The high object recall that the model achieved (see Table 4) is indicative of 
hitting small parts of larger polygons. The low recall is because the AI polygons were 
smaller than the crowd polygons. Object recall results show that this model detects 
similar features to the former industrial sites, quarries, ponds, pits, i.e., anything 
forming a depression. 

5.2.8 In comparing the performance of the CI polygons against the AI polygons for selected 
monument types, by comparing the quantities of each site type it is also clear that 
whilst the AI performed better on some site types, conversely the CI performed better 
in others. The results of this comparison are presented below in Table 3.  

Site Type Crowd ArchAI 

Ridge and Furrow 1025 890 

Enclosures 307 109 

Mound 264 83 

Pit 287 2206 

Quarry 50 291 

Deserted Medieval Village 27 137 

Total 1960 3716 

Table 3 q A comparison of the number of sites identified by the CI against the number 
of sites identified by the AI 

5.2.9 In comparing the performance of the AI polygons which have been trained on the 
¼�}�>�`½�`>Ì>ÃiÌ�>}>��ÃÌ�Ì��Ãi�Ü��V���>`�Lii��ÌÀ>��i`����Ì�i�
��`>Ì>ÃiÌ]�Ì�i�ÀiÃÕ�ÌÃ�
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confirm that professionally derived training data leads to significantly better results 
than crowd-based data. The results of this comparison and the most common site 
types studied are presented below in Table 4. 

Site Type ArchAI trained on England ArchAI trained on Crowd 
Ridge and Furrow - 0.5721 

Enclosures 0.4438 0.013 

Mound 0.2841 0.0379 

Pit - 0.3478 

Quarry 0.7091 0.6 

Deserted Medieval Village 0.7682 0.2963 

Table 4 q Detection rate showing how many labels were at least partially found by the AI 
 

5.2.10 Following the ¼�Õ�>�����Ì�i����«½���`i�]�Ì�i�VÀ�Ü`�Û>��`>Ì�����v�Ƃ��vi>ÌÕÀiÃ�Ü>Ã���Ì�
ÃÕVViÃÃvÕ�]�`Õi����«>ÀÌ�Ì��Ì�i�VÀ�Ü`½Ã�V��v�`i�Vi���`�V>Ì��}�Ü�iÌ�iÀ�Ì�i�vi>ÌÕÀi�Ü>Ã�
true/false, preferring to expand on ambiguity with text descriptions. Pastronauts 
indicated that 36 of the AI «Ài`�VÌ���Ã�ÜiÀi�¼v>�Ãi½]�£{£Ç ÜiÀi�¼ÌÀÕi½] but left 3352 as 
neither true nor false, instead describing their interpretation in the free text 
description. Better design of the metadata table (making this field compulsory) could 
potentially help here, however, it is intriguing how the Pastronauts responded in a 
particularly human fashion to this question, seeking a qualitative answer to a yes/no 
data question. As such, ArchAI were unable to automate their usual statistical 
approach to result evaluation, so the AI features were also subject to a random 5% 
quality audit alongside the crowd and HER data, and this is detailed further below.  

5.3 Analysis of the results 

5.3.1 A 5% random sample of the 682 grid squares investigated by the crowd in the Deep 
Time Portal were subjected to a data quality audit through QGIS (Figure 8 q Data 
Quality Audit). The CI data, AI data and HER data were assessed within 34 randomly 
selected grids, totalling 712 features. The quality of these feature identifications was 
then measured against three criteria: Fidelity, Accuracy and Completeness. To assess 
Ì�i�¼��`i��ÌÞ½]�Üi�V�iV�i`��v�Ì�i�
�ÉƂ�É�,��>`�V�ÀÀiVÌ�Þ��`i�Ì�v�i`�>ÀV�>i���}Þ in the 
LIDAR data and if the site type and monument type were correct. To assess the 
¼ƂVVÕÀ>VÞ½]� Ì�i� Ã�>«i� �v� i>V�� «��Þ}���Ü>Ã� >ÃÃiÃÃi`� ��� V��«>À�Ã��� Ì�� Ì�i� vi>ÌÕÀi�
outline observed in the LIDAR°� /�� >ÃÃiÃÃ� Ì�i� ¼
��«�iÌi�iÃÃ½]� Ì�i� «��Þ}��� Ü>Ã�
assessed to check if it drew around the feature completely, if the whole feature had 
been assessed, and if the metadata table related to that feature had been completed 
sufficiently.  

5.3.2 These criteria were then assessed on a scale from 1 (inaccurate) where it was found to 
be wholly incorrect, such as where a feature was mis-identified, or where the polygon 
drawn around the feature was poor, or the feature lacked the supportive metadata 
and interpretation; to 4 (accurate) where the feature was identified correctly, the 
polygon matched the outline of the feature well and the supporting metadata was 
descriptive and accurate. 
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5.3.3 The baseline audit on the HER data revealed an average rating of 88.7% across 
Fidelity, Accuracy and Completeness. The Fidelity of the HER data gained a 100% 
accurate to satisfactory rating, with a 77.7% rating for Accuracy and 88.4% rating for 
Completeness. The review was however very split in terms of which part of the HER 
dataset was assessed. Some HER entries comprised point data for features rather than 
«��Þ}��Ã�Ü��V��`�`�½Ì�>VVÕÀ>Ìi�Þ�Ài«ÀiÃi�Ì�Ì�i�vi>ÌÕÀi��À�Ì�i���V>Ì�����v�Ì�i�vi>ÌÕÀi, 
and as a result these point data files scored poorly in the audit. However, some 
improved data in the HER (such as the Aggregates Levy Sustainability Fund data) was 
highly accurate, with polygons drawn closely around archaeological features and with 
good metadata. The ASLF data was the closest match to the data the CI collected, in 
terms of accuracy and quality.  

5.3.4 The audit on the CI data revealed that the Pastronauts had produced data with an 
average rating of 94.3% across Fidelity, Accuracy and Completeness. They achieved 
an 87.5% accurate to satisfactory rating for Fidelity, a 96.2% accurate to satisfactory 
rating for Accuracy, and a 99.2% accurate to satisfactory rating for Completeness, 
(Figure 9 - Crowd Data, AI Data and HER Data Audit). The lower rating for Fidelity 
could have come from a training gap in the MOOC, or a lack of confidence in the 
Pastronauts selecting the right category for the archaeology.  

5.3.5 The audit on the AI data just assessed the Fidelity and Accuracy of the data, as the AI 
could not return sufficient metadata about the features it discovered to complete the 
¼
��«�iÌi�iÃÃ½�>Õ`�Ì. The AI produced data with an average rating of 52.1% across 
Fidelity and Accuracy, with a 62.9% accurate to satisfactory rating for Fidelity and a 
41.2% rating for Accuracy. The Fidelity results for the AI were split between being 
correct or incorrect; it either identified sites correctly, or it identified modern features 
as archaeological ones, such as roundabouts as mounds or building sites as industrial 
sites. In terms of accuracy, the polygons were usually poorly formed around features, 
identifying parts of fields of ridge and furrow rather than whole fields, or depicting 
square polygons around circular mounds or pits.  

 

5.4 Impact analysis  

5.4.1 To engender and manage diverse participation, DigVentures has developed a Theory 
of Change comprising intrinsic outcomes for research to instrumental outcomes for 
participants and communities, paired with a Standards of Evidence Framework 
incorporating five ascending levels of surety that our work is responsible for the impact 
observed. Rapid feedback helps us understand our impact in real time, pivoting 
activities if target communities are not being reached, or quickly scaling activities that 
successfully engage target groups.  

5.4.2 At the initiation and conclusion of the Deep Time experiment, the Pastronauts were 
sent a quantitative and qualitative survey to reveal their expectation and experience 
of their 13-week journey. The pre-experiment and post-experiment questions can be 
seen in Appendix 1 & 2, and the results of the survey are presented in Figure 10 - 
Impact Analysis - Pastro�>ÕÌ½Ã� iÝ«iÀ�i�Vi� À>Ì��}Ã� «Ài� >�`� «�ÃÌ� Ì�i� �ii«� /��i�
experiment, and Figure 11 - Impact Analysis - *>ÃÌÀ��>ÕÌ½Ã�-Ì>Ìi�i�ÌÃ�«Ài�>�`�«�ÃÌ�
the Deep Time experiment.  
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5.4.3 Post-experiment statements reveal that 75% of the Pastronauts stated that they felt 
their sense of connection to the Brightwater study area had increased, and that for 
96% of Pastronauts their sense of the importance of archaeology in the planning 
process had increased. Following the training and the experiment, 90% stated that 
their interest in archaeology had increased and 96% stated their knowledge of 
archaeological site and monument types and how to identify them had increased. 
While quantitative results have been visualised into charts, a wealth of qualitative data 
from both chat thread (containing 862 comments) and surveys are still to be analysed. 
/��Ã�Ü����Li�Ài«�ÀÌi`��������>ÌiÀ�«ÕL��V>Ì���Ã�������i�Ü�Ì���6½Ã�Theory of Change and 
Standards of Evidence Framework, but a sense of how these testimonials bring 
percentages alive can be seen in a quote from a complete beginner below:  

¼���iÃÌ�Þ]��½�����i�>�`�}�Ü�Ì��>�L��i���Vi���}iÌ��Þ�ÌiiÌ����Ì��Ã��iÌ���}°���
sold my husband on the idea of me doing this because it was advertised as 3 
q {���ÕÀÃ�«iÀ�Üii�°�9i>�]�À�}�Ìt������Ü�Üi½Ài�>���Ã«ending way more time than 
Ì�>Ì]�LÕÌ��Ì½Ã�Ã��i�}À�ÃÃ��}°�ƂÃ�>���Û�Vi��½��Ài>��Þ�ÃÌÀÕ}}���}�Ü�Ì���>�>}��}�
my time q �½��}���}��vv�>Ì�>��� Ã�ÀÌÃ��v� Ì>�}i�ÌÃ� ÀiÃi>ÀV���}�>ÀV�>i���}Þ�Ì��
help me understand features q I was mortified when someone mentioned 
drove r�>`Ã]����>`�½Ì�iÛi��Ì��Õ}�Ì��v�Ì�>Ìt�ƂvÌiÀ�����}��i°�	ÕÌ�>Ã�Üi���>Ã�>�
self-taught degree in archaeology I now realise I also need one in geology to 
help me interpret the basic landscape better. Plus, we need to get to know 
Ì�i�>Ài>�Üi½Ài�ÃÌÕ`Þ��}�Ì���i�«�ÕÃ�V��ÌiÝÌÕ>��Ãi�Ì�i�vi>ÌÕÀiÃ�Üi½Ài�v��`��}°��Ì�
just goes on, `�iÃ�½Ì��Ì¶�Ƃ�`�Ì�i����v��`��Ì½Ã�£\ää�>��>�`����>Ûi�½Ì�>���Ì>Ìi`�
anything yet. Hey ho!½ 

6 CONCLUSIONS 

6.1.1 Hypothesis 1 Ü>Ã�>��iÌ��`�ÌiÃÌ��v�Ì�i��ÛiÀ>ÀV���}���`i�\�¼�v� the application of the 
CI/AI Deep Time model can refine and enrich the baseline archaeological information, 
then the quantity and quality of data in the HER will be improved°½�Ƃ�Ì��Õ}��Ì�iÀi�
were some issues looping human and machine intelligence together in this 
experiment, the crowd portion of the experiment has far exceeded expectations, 
substantially improving both the quantity and quality of data in the HER.  

6.1.2 The crowd identified 3,757 archaeological features, 2,448 of which were previously 
unrecorded possible archaeological sites. The crowd achieved these results with an 
average quality audit rating of 94.3% in terms of accuracy, fidelity and completeness, 
a significant improvement on the average quality rating of the HER data at 88.7%. A 
further 1309 pre-existing HER features were also improved by the crowd, polygonising 
sites and completing metadata, showing how the model can also be used to improve 
the quality of existing data. Thi�µÕ>��ÌÞ��v�Ì�i�VÀ�Ü`½Ã rating can be further improved 
through design and workflow amendments, all of which have been gathered 
throughout the experiment through constant feedback from the participants.  

6.1.3 �Þ«�Ì�iÃ�Ã� Ó�Ü>Ã� >�� ��«>VÌ� ÌiÃÌ� iÛ>�Õ>Ì��}� Ì�i� «>ÀÌ�V�«>�Ì� iÝ«iÀ�i�Vi\� ¼�f a wider 
range of people can get involved in the CI / AI Deep Time model, then awareness and 
understanding of heritage considerations in the planning process will increase°½�
Applications to take part were oversubscribed by approximately 10x, which enabled 
equitable choices to be made in relation to gender, age, ethnicity and socio-economic 
inclusion in line with the broader make up of British society, and far more 
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representative than would typically be expected with heritage and citizen science 
volunteering. Of this group, 65% had only taken part in archaeology in a voluntary 
capacity before, and 26% had never done any archaeology before, also indicating 
expanded and deepened engagement with a new to heritage.   

6.1.4 Prior to taking part, 6% of participants new nothing about archaeology in the planning 
process, 24% were uncertain of its role, and 48% new a little about its role. At the end 
of the project 96% of participants agreed that their understanding of archaeology and 
planning had improved, of which 50% strongly agreed that it had improved. A similar 
change can be observed in participants connection to the Brightwater study area. Prior 
to commencing, 75% of participants had no or neutral connections to the area or sense 
of place. Following the experiment this had flipped completely, with 75% of 
participants agreeing that their connection to Brightwater and sense of place had 
increased, 32% strongly agreeing.  A further 90% of participants stated that their 
interest in archaeology had increased and 96% stated their knowledge of 
archaeological site and monument types and how to identify them had increased 
because of taking part.  

6.1.5 Though further work can be done in relation to the impact data collected through the 
project, these results indicate that both Hypothesis 1 and 2 have been confirmed by 
the application of collective intelligence.  

7 LESSONS LEARNED  

7.1 Reflections on the CI/AI experiment 

7.1.1 The Pastronauts discovered a wealth of previously undetected archaeological features 
across the Brightwater area, with a high degree of accuracy and fidelity. There are, 
however, several improvements that could be made to MOOC content and platform 
design to better train the crowd in the identification of archaeological features in 
LIDAR data. It became apparent late into the identification process that there was a 
degree of confusion over identifying ridge and furrow and modern ploughing trends, 
resulting in data that needed to be heavily edited during the validation process. 
Through better training materials, screenshots and tutorials this would improve the 
learning process and create less errors for correction through validation. The 
Pastronauts with less archaeological experience also struggled when identifying more 
ephemeral features within their grid squares, meaning that several enclosures, field 
systems and other features were missed from their data. This could also be improved 
with a more intensive monument dictionary covering more of the remains they were 
likely to encounter. 

7.1.2 More time would also be allocated to crowd training and analysis, as the experiment 
overran by several weeks as the crowd took longer than expected to analyse the LIDAR 
data and Ì��Û>��`>Ìi�i>V���Ì�iÀ½Ã�Ü�À�°�The chat function embedded within the Deep 
Time Portal proved invaluable in providing us with feedback, issues, and requests for 
further information in the MOOC chapters. Through the chat we were able to fix issues 
and provide new training material in real time, updating the chapters and sub-chapters 
with supplementary information, screenshots and guides to help the Pastronauts in 
their work. The portal also provided valuable insight into the usability and functionality 
of the Portal, highlighting restrictive issues within the design that we were not able to 
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fix in real time. These have been collated should the opportunity arise to modify and 
launch the portal again for further CI investigations. 

7.1.3 Further complications arose from mistakes that the crowd made during their 
identification process, perhaps by identifying a simple geological mound as an 
archaeological one. Any mistakes the crowd made were amplified by the AI taking 
those ideas and running with them, resulting in several false positives in the dataset. 
This could be mitigated against by a more in-depth training programme and more 
detailed training materials for the crowd, as well as limiting the drop-down options in 
the metadata for the web app so that the crowd had a restricted selection of 
archaeological features to choose from, with less opportunity for variation or 
indecisiveness.  

7.1.4 Crowdsourcing projects are typically slanted towards super users, whereby 20% of the 
crowd usually undertake 80% of the work. The project initially set out mitigate this by 
limiting the number of squares per participant, but this had to be lifted to meet 
completion deadlines. Analysis has shown that of the 100 Pastronauts who partook in 
the first stage of data creation, 28% of them undertook 80% of the work. Of the 61 
Pastronauts that partook in the crowd validation stage of the experiment, 29% of them 
did 80% of the analysis. And with the AI validation stage of the experiment, of the 47 
Pastronauts that undertook this stage, 38% of them undertook 80% of the work. 
Further design around creating different levels of participation (from novice to expert) 
could absorb the highly motivated whilst still making space for the reticent.  
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Section Two: Wider significance and lay summary 

8 WIDER SIGNIFICANCE OF OUR FINDINGS 

7.2 Wider significance and applicability of our research 

7.2.1 The Deep Time project demonstrates the capacity of Collective Intelligence to 
revolutionise the way local authorities, landowners and estate managers, planning 
agencies and construction companies, manage the impact of transformation, change 
and development on archaeological remains. We believe our project pushes the 
boundaries of tech-enabled heritage management, embedding and training citizen 
scientists from the outset. Evaluation forms a key strand of our proposed delivery 
programme, not only to gauge effectiveness of the CI / AI in supporting archaeologists 
through the challenges ahead but reviewing the ethical frameworks within which such 
work is undertaken. This project has the potential to contribute significantly to council 
>�`�ÀiÃi>ÀV��L�`Þ½Ã��iÞ�}�>�Ã]�ÃÕV��>Ã�Ì�i��iÞ�>Ài>Ã��v���ÃÌ�À�V��}�>�`½Ã�Corporate 
Plan 2021-22, including Strategic Activities 2, 5 and 7 (HE, 2021).   

7.2.2 The archaeology sector has struggled to apply new practices and digital tools which 
are able to cement its position in civic life and contribution to communities, meeting 
21st century challenges with 20th century technology. Heritage management, 
including planning decisions and risk mapping, can rely on Historic Environment 
Record (HER) data, which is out-of-date, lacks clarity or is simply incomplete. Our 
project has shown that we can improve the reliability and completeness of HER data, 
providing invaluable support to Local Authorities and heritage professionals at a time 
when the development of national planning frameworks (the Planning White Paper) 
and responses to climate change demand comprehensive and rapid understanding of 
risk to the historic environment. The use of collective intelligence can de-risk intrusive 
development or large-scale landscape change and improving capacity to interrogate 
HER data, creating a bespoke, cost-effective solution for developers, landowners, and 
local authorities. 

7.2.3 A collaborative initiative to sustain and promote the historic environment in England 
called Heritage 2020 was launched in 2016 (Historic Environment Forum 2015) and 
aimed to encourage collaboration and partnership to add value to the work of 
individual organisations across the historic environment sector. Whilst not a formal 
research framework, the programme delivered a series of working groups focusing on 
key challenges faced within the heritage sector. The public engagement working 
group identified that that 16-25 age group was particularly under-represented in terms 
of engagement with heritage and highlighted the lack of diversity in the historic 
environment as a cross-sector issue. There is an opportunity within tech-enabled and 
multi-strand projects such as Deep Time to target audience groups to support 
increasing diversity and widening opportunities for inclusion.    

7.2.4 Two recent Historic England documents that responded to the impact of the Covid19 
pandemic also highlight areas that the Deep Time project can address. Heritage and 
Society 2020 presents evidence about the value of heritage to society, individuals, and 
community groups across England. The Historic England report recognises that 
heritage fosters a strong sense of belonging to places, and encourages behaviours of 
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stewardship, conservation and protection of natural resources and historic places 
(2020, 19). Being engaged with heritage volunteering can improve quality of life by 
offering social and economic benefits for participants and can also support wider social 
cohesion (ibid 28). Making online heritage resources available as part of learning and 
skills programmes is seen as providing more equal access to digital learning for 
younger people and projects that support the understanding of local distinctiveness 
are seen as especially important as they create a sense of belonging and identity. 

7.2.5 A second report, �½Ã��iÀ�Ì>}i�,iV�ÛiÀÞ�*�>��ÓäÓ£® outlines actions needed to help 
the ÃiVÌ�À� ÀiÌÕÀ�� Ì��ÃÕÃÌ>��>L�i��«iÀ>Ì����>�`�V��ÌÀ�LÕÌi� Ì�� Ì�i�V�Õ�ÌÀÞ½Ã� ÀiV�ÛiÀÞ�
(2021, 1). Though principally a call to action for those in government and working 
across the sector, the report makes key observations which underline the potential 
contribution that projects like Deep Time can make towards the resilience and 
recovery of the cultural heritage sector. 

7.2.6 Finally, the project plugs directly into a wider European agenda through the 
Amersfoort Agenda, particularly an ambition to stimulate and facilitaÌi� Ã�V�iÌÞ½Ã�
involvement in archaeology and connecting archaeology with current policy and 
societal challenges. Our project is therefore situated to significantly contribute to 
��ÃÌ�À�V� �}�>�`½Ã���ÃÃ���� >�`� ÃÌÀ>Ìi}Þ]� >Ã� Üi��� >Ã� ÕÀ�«i>�� >}i�`>Ã]� v�À� VÕ�ÌÕral 
heritage.  

7.3 How are our findings useful for other practitioners who want to use collective 
intelligence to solve social problems? 

7.3.1 The findings from this experiment can help others to evaluate our methodology and 
assess the platform application for other real-world situations, reviewing the added 
value and the impact and ethics of CI / AI approaches across different types of 
projects. Our platform supports effective collaboration between trained citizen 
scientists, professional archaeologists, a public body, and an academic institution. The 
interface harnesses the crowd to tackle big challenges using geolocated datasets 
where change is visible using satellite imagery q a scenario not restricted to 
archaeology. The platform and process can provide useful data and feedback to others 
planning on using collective intelligence programmes to solve social problems.  

7.3.2 The platform could be applied to address other challenges outside of archaeology 
and heritage management, such as: 

x Climate change, mapping impact on landscapes, such as coastal and terrestrial 
erosion. The project data created within the CI provides usable baseline survey 
data for large landscape areas.  

x Sustainable tourism, mapping impact of tourism on landscapes, such as footpath 
erosion. 

x Habitat detection, mapping change at protected/at-risk habitats, such as ancient 
woodland or peatlands. 

x Estate management, supporting inspection of farming landscapes against criteria 
defined by government policy to monitor effective public investment. 
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7.4 How will we communicate our results to relevant practitioners / users and has anyone 
been interested in taking up our findings? 

7.4.1 Our results and findings are viewable as a live demonstration through the Deep Time 
portal, as well as through data exported from the portal. It is planned to have this data 
and our learnings as an open access academic paper to better aid future 
developments on CI and AI experiments.    

7.4.2 We have had several prospective meetings with interested parties keen on 
understanding how the use of citizen science can benefit their projects. Landscape 
partnerships have also shown some interest, particularly for the aspect of involving the 
local community to discover archaeology across their home counties.  
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Section Three: Programme impact 

9 HOW HAS THIS PROGRAMME CHANGED OUR THINKING ABOUT CI AND ITS 
IMPLICATIONS FOR OUR WORK? 

7.5 An archaeological collective intelligence platform 

7.5.1 Since launching in 2012, DigVentures has spent over a decade refining how to scale 
participatory during the digging stage archaeological work. This project was the first 
Ì��i� Üi� �>Ûi� >««��i`� Ì�iÃi� �iÌ��`���}�iÃ� ¼Õ«ÃÌÀi>�½� Ì�� Ì�i� «�>����}� >�`�
reconnaissance stage of the archaeological process.  The project has demonstrated 
that meritorious contributions from the crowd can be equal or better than the existing 
historical environment databases, and we are now looking to expand the protype to 
see if similar results can be generated in different landscape contexts and use cases.  

7.5.2 Although a protype, the Deep Time CI solution could be scaled meet >ÀV�>i���}Þ½Ã�
manifold planning and reconnaissance challenges. This could create a step change in 
data, at an equal or higher quality than is currently relied upon for the basis of binding 
planning decisions, with a demonstrable increase in social impact for participants and 
wider communities where the work takes place. If this work were professionally 
contracted, professional costs are typically £25 per hectare for LiDAR analysis. 
Although this would result in slightly different outputs to that produced through Deep 
Time (such as an illustrated Gazetteer report and GIS files), as well as be subject to an 
economy of scale, it is worth reflecting that a 220km, 22,000-hectare area such as the 
Brightwater study area would cost more than £0.5M+ to be comprehensively analysed 
by a professional team.    

8 THE NEXT STEPS 

8.1 The next steps for our experiment 

8.1.1 ƂÃ�Ì�i�¼�Õ�>�����Ì�i����«½���`i���>Ã���Ì�Lii��ÃÕVViÃÃvÕ�]���}6i�ÌÕÀiÃ�>�`�ƂÀV�Ƃ��
will progress their work in different directions from here on. DV has several active grant 
applications to help further develop the project, both UK based and International. The 
next stage of the project will be delivered in partnership with the National Trust (who 
manage their own HER), enabling the team to test differing pilot study areas (coastal, 
upland and pasture) and devise a market-ready solution for developers, large- scale 
landowners and local authorities, that could far exceed current provision at a fraction 
of the cost. 

8.2 The next steps for our portal and collective intelligence 

8.2.1 A dedicated chat thread was opened for participants to leave comments relating to 
platform or areas where they thought their experience of the portal could be improved 
(bound separately). This extended to 108 comments, which we have collated and 
organised into categories including under training, task design, portal design, portal 
functions, data entry, chat design, and task tracking functions. We are currently costing 
out these improvements with our in-house team and external web developers (Humap) 
and this will be incorporated into the next iteration of design.  
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Figure 2 q High Level Workflow 



1 - Historic Environment Record data 2 - The Deep Time Portal 

3 - The Deep Time MOOC 4 - AI data 

5 - The Validation process 6 - The MOOC chat function 

Figure 3 - Screenshots of the CI/AI process 
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Full Applicant Pool data Final Pastronaut selection data 

Figure 4 - Applicant and Pastronaut statistics 



A screenshot of the creation tools in the Deep Time web app 

Figure 5 - HEROS Vs Deep Time App 

A screenshot of the creation tools in the HEROS web app  

The app had an overly complicated web interface, with at least 40 different tools to choose 

from in an unintuitive interface. Whilst useful for the professional, it would be too much for the 

novice and Pastronauts new to digitising features and using a GIS platform. 

We limited the Deep Time web app so it could only create points, lines or polygons. We also 

simplified the usability of the drawing tools for people with limited experience. By creating 

drop-down lists in the metadata table, the Pastronauts had limited variability with their answers. 
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Figure 7 - ArchAI training examples 
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Figure 9 - Crowd Data, AI Data and HER Data Audit 

This graph shows the 

results of the CI data 

quality audit, with the 

ratings of 1 (inaccurate) to 

4 (accurate) displayed as 

percentages of the audited 

categories of Fidelity, 

Accuracy and 

Completeness. Fidelity 

scored an average of 

87.5%, Accuracy scored an 

average of 96.23% and 

Completeness scored an 

average of 99.24% 

This graph shows the results of the AI data 

quality audit, with the ratings of 1 (inaccurate) 

to 4 (accurate) displayed as percentages of the 

audited categories of Fidelity and Accuracy. 

Fidelity scored an average of 62.9% and 

Accuracy scored an average of 41.27% 

This graph shows the 

results of the HER data 

quality audit, with the 

ratings of 1 (inaccurate) to 

4 (accurate) displayed as 

percentages of the audited 

categories of Fidelity, 

Accuracy and 

Completeness. Fidelity 

scored an average of 

100%, Accuracy scored an 

average of 77.7% and 

Completeness scored an 

average of 88.4% 
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Figure 10 - Impact Analysis - *>ÃÌÀ��>ÕÌ½Ã�iÝ«iÀ�i�Vi�À>Ì��}Ã�«Ài�>�`�«�ÃÌ�Ì�i��ii«�/��i�iÝ«iÀ��i�Ì 
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Figure 11 - Impact Analysis - *>ÃÌÀ��>ÕÌ½Ã�-Ì>Ìi�i�ÌÃ�«Ài�>�`�«�ÃÌ�Ì�i��ii«�/��i�iÝ«iÀ��i�Ì 

*>ÃÌÀ��>ÕÌ½Ã�-Ì>Ìi�i�ÌÃ�Liv�Ài�Ì�i��ii«�/��i�iÝ«iÀ��i�Ì� 

*>ÃÌÀ��>ÕÌ½Ã�-Ì>Ìi�i�ÌÃ�>vÌiÀ�Ì�i��ii«�/��i�iÝ«iÀ��i�Ì� 
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Appendices  

 
1 - SHORT SUMMARY 

Deep Time was a project funded by Nesta to investigate the potential combination of artificial 
and collective intelligence to tackle social and environmental impacts on buried archaeology. 
It was  by DigVentures in partnership with ArchAI, supported by NesÌ>½Ã�
i�ÌÀi�v�À�
���iVÌ�Ûi�
Intelligence Design, and trialled within the Brightwater Landscape Partnership, a 220² km area 
in lowland County Durham.  

The project addressed two related collective intelligence challenges. Firstly, it sought to 
understand how crowd and machine intelligence could be utilised to improve the quantity and 
quality of the Historic Environment Record (HER), a spatial database of archaeological sites 
managed by local government to coordinate planning decisions. Secondly, it assessed the 
impact of taking part in a collective intelligence project, with an evaluation of how participants 
perceptions of the role of archaeology within the planning system and the historic environment 
were affected by taking part.  

Ƃ�Ã�Ý�ÃÌ>}i�¼�Õ�>�����Ì�i����«½���`i��Ü>Ã���«�i�i�Ìi`��ÛiÀ�>�£Î-week delivery programme, 
Ü�iÀiLÞ�Ì�i�VÀ�Ü`½Ã�vi>ÌÕÀi��`i�Ì�v�V>Ì���Ã�V�Õ�`�Li�ÕÃi`�>Ã�>�ÌÀ>����}�`>Ì>�ÃiÌ�v�À�ƂÀÌ�v�V�>��
Intelligence (AI) analysis, after which the crowd would validate the results of the AI survey.  

Participant recruitment was very successful, with 970 applications received for 100 participant 
places, enabling the final selection to be equitably split along age, gender, socioeconomic 
and the ethnic backgrounds. A baseline analysis of the quantity and quality of the known 
archaeology recorded in the Brightwater study area HER revealed 3925 sites, comprising 
points, polygons, and associated metadata. The crowd augmented this number with a further 
3670 archaeological features. As 1309 features identified by the crowd correlated with existing 
HER sites, the total number of new features (2361) represents a 60% uplift in positively 
identified archaeology. A data quality audit revealed an average 94.32% rating for the fidelity, 
accuracy and completeness of the croÜ`½Ã�`>Ì>ÃiÌ�V��«>Ài`�Ì��>��>ÛiÀ>}i�nn°Ç£¯�À>Ì��}�v�À�
the HER dataset.  

A quantitative and qualitative evaluation was undertaken for all participants, before and after 
their experience, evidencing a significant uplift in their understanding of archaeology in the 
planning process, their connection to the Brightwater study area, their skills in identifying 
>ÀV�>i���}Þ�>�`�LÀ�>`iÀ���ÌiÀiÃÌ����Ì�i�v�i�`°�/�i�¼�Õ�>�����Ì�i����«½���`i���v�Ƃ��ÌÀ>����}]�
enrichment and crowd validation of the feature identifications derived through machine 
learning faced obstacles, some of which could be addressed through better task and platform 
design. The crowd part of this equation however, was considerably more successful, 
`i���ÃÌÀ>Ì��}� Ì�>Ì� >� 
�� Ã��ÕÌ���� Ì�� >ÀV�>i���}Þ½Ã� �>��v�ld planning and reconnaissance 
challenges is an investable proposition.  

With further design modifications, this methodology can create a step change in data, at an 
equal or higher quality than is currently relied upon for the basis of binding planning decisions, 
with a demonstrable increase in social impact, at a fraction of the financial or time cost of 
undertaking this work in an exclusively professional model.  
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2 - TEMPLATES OF SURVEYS AND QUESTIONNAIRES USED DURING RECRUITMENT 
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PPaassttrroonnaauutt  EExxppeerriieennccee  SSuurrvveeyy

HHeelllloo  PPaassttrroonnaauutt!!

Congratulations! You were a Pastronaut on our very first Deep Time mission.

This mission was an experiment to find out whether a crowd of people with different levels of
experience can search for new archaeological sites, and use the results to train an AI.

We also wanted to identify the essential features and functionality we need to to do it, so that we can
upgrade the Deep Time Map Portal and make the process as fun, accurate, and rewarding as possible.

We now know the answer to the first part of the question: yes, a crowd of people can identify
archaeological sites with 88% accuracy... and that's just on the very first attempt!

Now, we need to answer the next part of the question: whether you enjoyed taking part, and what
features we need to develop to make the process as fun, accurate, and rewarding as possible.

TToo  ccllaaiimm  yyoouurr  PPaassttrroonnaauutt  GGooooddiiee  BBaagg,,  aallll  yyoouu  nneeeedd  ttoo  ddoo  iiss  aannsswweerr  aa  ffeeww  qquueessttiioonnss  aabboouutt

yyoouurr  eexxppeerriieennccee..

We will ask you about:

• Your overall experience
• What you got out of taking part
• What you’d change or improve
• What you thought about the AI
• Where we should send your Pastronaut Goodie Bag!

TThheenn  wwee''llll  sseenndd  oouutt  yyoouurr  GGooooddiiee  BBaagg!!  RReeaaddyy??  LLeett''ss  ggoo......

Powered by

See how easy it is to create a survey.

Privacy & Cookie Notice
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https://www.surveymonkey.co.uk/mp/take-a-tour/?ut_source=survey_poweredby_howitworks
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PPaassttrroonnaauutt  EExxppeerriieennccee  SSuurrvveeyy

PPaarrtt  11..  YYoouurr  oovveerraallll  eexxppeerriieennccee  aass  aa  PPaassttrroonnaauutt

Very poor Poor Neutral Good Very good

Learn more about
archaeology

Get involved in
archaeology

Make a valuable
contribution to
science

Learn new skills

Gain confidence in
your own abilities

Get support and
encouragement

Have fun and
connect with new
people

* 1. How do you rate the Pastronaut experience as a way to do the following?

* 2. What did you most enjoy about being a Pastronaut?

3. What did you least enjoy about being a Pastronaut?

* 4. Which stage of the mission would you most like to get involved in again?

Searching for sites

Validating other Pastronauts’ discoveries

Training the AI and correcting its mistakes

I’d still want to get involved in all of them

Powered by

See how easy it is to create a survey.

Privacy & Cookie Notice

5. Why is this?

* 6. How likely are you to take part in future Deep Time missions?

Very unlikely

Unlikely

Not sure

Likely

Very likely

7. Why is this?

Other (please explain)

8. If you stopped taking part at any point (or never started), why was this?

I didn’t stop!

Life events or health issues got in the way

Parts of it were too difficult for me

It was too time consuming

It was too frustrating

It felt like it lost momentum

I lost interest

Other (please explain)

Prev Next
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https://www.surveymonkey.co.uk/mp/legal/privacy-basics/?ut_source=survey_pp
https://www.surveymonkey.co.uk/mp/legal/cookies/?ut_source=survey_pp
https://www.surveymonkey.co.uk/mp/legal/cookies/?ut_source=survey_pp


PPaassttrroonnaauutt  EExxppeerriieennccee  SSuurrvveeyy

PPaarrtt  22..  WWhhaatt  yyoouu  ggoott  oouutt  ooff  ttaakkiinngg  ppaarrtt

Strongly disagree Disagree Neutral Agree Strongly agree

My sense of place or
connection to the
study area has
increased

My sense of place or
connection to where
I live has increased

My sense of
archaeology’s
importance in the
planning process
(i.e., land
development and
construction) has
increased

My interest in
archaeology has
increased

My interest in crowd
intelligence has
increased

My knowledge of
archaeological Site
and Monument
Types and how to
identify them has
increased

* 9. Please rate the following statements

10. Is there anything else you’ve found valuable or rewarding or learned while taking part?

Prev Next
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PPaassttrroonnaauutt  EExxppeerriieennccee  SSuurrvveeyy

PPaarrtt  33..  WWhhaatt  yyoouu''dd  cchhaannggee  oorr  iimmpprroovvee

Powered by

See how easy it is to create a survey.

11. Where did you most need more training, support, or guidance?

12. What were the biggest problems or difficulties you encountered while using the Deep Time Map
Portal?

13. What features or functionality do you think we need to add to make the process easier, more
accurate, or more rewarding?

14. Do you have any other suggestions for how we could make it easier or more rewarding for more
people to take part in future Deep Time missions?

15. Is there anything else you want to tell us that could help us to develop future Deep Time missions?

Prev Next
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PPaassttrroonnaauutt  EExxppeerriieennccee  SSuurrvveeyy

CCoommbbiinniinngg  ccrroowwdd  aanndd  aarrttiifificciiaall  iinntteelllliiggeennccee

Powered by

See how easy it is to create a survey.

* 16. Overall, do you think the AI was a positive addition to your experience of searching for

archaeological sites?

Very negative

Negative

Neutral

Positive

Very positive

17. Why is this?
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PPaassttrroonnaauutt  EExxppeerriieennccee  SSuurrvveeyy

AAnndd  fifinnaallllyy......  iitt''ss  ttiimmee  ttoo  ccllaaiimm  yyoouurr  PPaassttrroonnaauutt  GGooooddiiee  BBaagg!!

Powered by

See how easy it is to create a survey.

Name

Email Address

* 18. Your name and email address

Address

Address 2

City/Town

State/Province

ZIP/Postal Code

Country

19. Where should we post your Pastronaut Goodie Bag to?
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