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From UKESM to UKESM and TerraFIRMA 
 

Dear All 

The keen-eyed amongst you will have noticed the UKESM newsletter is now the UKESM and 
TerraFIRMA newsletter. I briefly describe the motivation for this below.  

TerraFIRMA is one of six new projects funded from a £47 million investment by the Natural 
Environment Research Council (NERC), as part of their National Capability Multi-Centre 
Science programme. TerraFIRMA is led by the National Centre for Atmospheric Science, in 
collaboration with several NERC-supported research centres, including: British Antarctic 
Survey, British Geological Survey, Centre for Polar Observation and Modelling, National 
Centre for Earth Observation, National Oceanography Centre, Plymouth Marine Laboratory, 
and UK Centre for Ecology and Hydrology. The Met Office Hadley Centre also plays a key role 
in the TerraFIRMA collaboration. TerraFIRMA formally started on April 1st 2022 and will run for 
five years. 

TerraFIRMA consists of 6 interconnected work packages (see Figure 1):  

WP1: Development of a 2nd generation UKESM model, project simulations and data curation. 

WP2: Near-term climate forcers (NTCFs) in the Earth system and their potential for climate 
change mitigation.  

WP3: Carbon cycle feedbacks in the Earth System and the potential for land-use climate 
change mitigation.  

WP4: Rapid or irreversible change in the Earth system, focussing on Antarctic ice sheets, 
marine ecosystems and tropical forests.  

WP5: The societal and environmental impacts of global change, covering 5 key areas; Water 
resources, Air quality and climate change, Wildfires, Marine ecology and fisheries and Global 
sea-level rise.  

WP6 concentrates on knowledge integration and dissemination of key project findings to a 
range of project stakeholders and the public. 

https://ukesm.ac.uk/terrafirma/


 

Figure 1. The structure of TerraFIRMA 

 

Much of the science in TerraFIRMA will use a new set of simulations made with UKESM models 
that overshoot key global warming targets, such as 1.5°C or 2°C above pre-industrial values, 
before returning to these targets at some future date and then stabilizing at them long-term. 
We will investigate the risk of abrupt and potentially irreversible changes in the Earth system 
as a result of such warming overshoots and also analyse the range of societal impacts listed 
above, contrasting these with impacts arising if the Earth did not overshoot these targets and 
rather stabilized at, or just below them, long-term. Investigation of the potential for climate 
mitigation both from NTCFs and land-use will focus on pathways that enable the global climate 
to successfully stay below 2°C global warming. 

As the bulk of the science in TerraFIRMA will use the world-leading capability of UKESM 
models, it seemed appropriate that future UKESM newsletters become joint UKESM and 
TerraFIRMA newsletters, with a similar presentational style as before. We hope you continue 
to enjoy these in the future.  

Best wishes 

Colin Jones (PI for TerraFIRMA and Head of the UKESM core group). 

  



Future Projections over Antarctica from UKESM1.0-ice simulations 
 

Antony Siahaan1, Robin S. Smith2, and Paul R. Holland1 

1British Antarctic Survey,  2NCAS/Department of Meteorology, University of Reading 
 

Many advances have been achieved since the last newsletter article discussing the UKESM1 
model configuration with interactively coupled Greenland and Antarctic ice sheets 
(https://ukesm.ac.uk/portfolio-item/preliminary-results-ukesm1-antarctic-coupling/). In this 
article, we give a brief overview of some new results for Antarctica based on some future 
projection simulations made with this model, namely UKESM1.0-ice. This configuration, 
UKESM1.0-ice, has been frozen since the development and preliminary tests were 
completed (Smith et al., 2021) where the N96-eORCA1 configuration was chosen due to its 
stable computation and more acceptable simulation  of the Southern Ocean circulation than 
the N96-eORCA025 configuration.  

We carried out some 21st century runs with this model under the CMIP6 anthropogenic 
forcing scenarios (Shared Socioeconomic Pathway) SSP1-1.9 and SSP5-8.5, making them 
the first future projection simulations using a coupled Earth system model with two-way 
coupling between both atmosphere and ocean components to dynamic models of the 
Greenland and Antarctic ice sheets. A small initial condition ensemble of four members was 
used for each scenario, where each set of initial conditions were shared by an SSP1-1.9 and 
an SSP5-8.5 ensemble member. Creating initial conditions for such a coupled model is 
generally complicated and it will continuously need improvements in future work. The 
process of setting up our four initial conditions is described in Siahaan et al. (in review) 
where we made use of various data from historical UKESM1 simulations, modern 
observations, and present-day outputs from different sources. 

All simulations in the ensemble remained stable throughout the 21st century. For each 
emission scenario, the simulations show similar ice sheet and basal melting responses 
across the ensemble members regardless of their initial climate states. The SSP1-1.9 
scenario runs do not show major changes of melt rate pattern (Figs. 1a,b) or area-integral 
melt flux (Siahaan et al., in review) during the 21st century. The only exception is under the 
Amery Ice Shelf, as indicated in Fig. 1b, where the melt rates ensemble mean are high close 
to the grounding line in the last 10 years of the run (2090 to 2100). 



 

Figure 1: Antarctic ice shelf melt rates (m/yr) (a) average 2020-2030 all ensemble mean, (B) average 
2090-2099 SSP1-1.9 ensemble mean, and (C) average 2095-2100 SSP5-8.5 ensemble mean. 

 

Clear differences in basal melt responses between the SSP1-19 and SSP5-85 scenarios are 
found under the Ross and Filchner ice shelves (Fig. 1a) where very strong responses to the 
SSP5-8.5 forcing are brought about by sustained warm water intrusions into the shelf 
regions which begin around 2070 and 2100 respectively, driven by freshening on the 
continental shelf and slope (Siahaan et al., in review). Since shelf salinity is an important 
factor in the intrusion, freshwater biases we have in the initial conditions in these two regions 
will need to be improved in future developments. On the other hand, only limited changes 
were simulated under ice shelves in the Amundsen Sea in the SSP5-8.5 runs, where melting 
under the Pine Island Glacier and Thwaites ice shelves is no higher than in the SSP1-1.9 
simulations. This is not unexpected given the low resolution of the ocean domain in the 
Amundsen sector.   

 

Figure 2: Antarctica Surface Mass Balance (SMB) (m/yr). (a) All ensemble mean for period 2020-2030. 
Locations with statistically significant difference (95% Student’s t- confidence interval) between SSP1-

1.9 and SSP5-8.5 ensemble means are hatched. (b) SSP1-1.9 ensemble mean difference between 
2090-2100 period and 2020-2030 period. Locations where the difference is statistically significant 

(95% Student’s t- confidence interval) are hatched. (c) SSP5-8.5 ensemble mean difference between 
2090-2100 period and 2020-2030 period, almost everywhere is statistically significant. Black and grey 

lines indicate the ice sheet grounding lines and ice shelf fronts, respectively.     

 

Similar to the ice shelf melt responses, the ice sheet surface mass balance (SMB) responses 
in the SSP1-1.9 simulations do not show significant change over the century as indicated in 
Figs. 2a-b. In contrast, for the SSP5-8.5 simulations, the SMB on the grounded ice sheet and 
floating ice shelves show opposing trends (Fig. 2c). A strong increase in SMB on the 



grounded ice sheet follows the increase in atmospheric greenhouse gas concentrations, with 
a rapid increase in snowfall and negligible surface melting (Siahaan et al., in review). On the 
ice shelves, a large increase in surface melting and runoff dominates the SMB trend, leading 
to net loss of ice mass from the surface (Siahaan et al., in review). 

 

Figure 3: Time-series of ice mass budget. Top row: cumulative anomaly of ice mass above flotation 
relative to the initial condition; middle: rate of discharge across grounding lines; bottom row: SMB rate 
on the grounded ice. The grey, black, pink and red lines represent the SSP1-1.9 ensemble members, 
SSP1-1.9 ensemble mean, SSP5-8.5 ensemble members and SSP5-8.5 ensemble mean respectively. 
The Antarctic Peninsula region is considered part of West Antarctica. In each row (budget), the axis 

range is set the same for all columns (regions).   

 

Steady responses to the SSP1-1.9 forcing lead to limited changes in the ice sheet behaviour 
where the mass of ice above flotation on Antarctica (Figs. 3a-c) decreases more slowly than 
is currently observed (The IMBIE Team, 2018). UKESM1-ice therefore simulates a smaller 
increase in Global Mean Sea Level (GMSL) for this scenario than many other projections in 
the AR6 report (Fox-Kemper et al., 2021). In the Amundsen sector, although the basal 
melting under the Pine Island Glacier and Thwaites ice shelves are within observational 
uncertainty limits  (Siahaan et al., in review), our SSP1-1.9 simulations are unable to simulate 
the observed increasing rate of ice discharge across the grounding line in the West 
Antarctica (Fig. 3f). This needs further investigation as we develop UKESM1-ice further.   

Despite significant surface warming and strong melting beneath the large ice shelves, our 
SSP5-8.5 simulations do not produce a significant sea level rise contribution from Antarctica 
by 2100 (Figs. 3a-c). This is due to the large increase in SMB over the grounded ice sheet 
(Fig. 2c & Figs. 3g-i), which outweighs changes in the discharge of ice across the grounding 
line (Figs. 3d-f). The former dominates because of the rapid response of precipitation to 
climate change, while the impact of basal melt in the latter takes longer to be significant. 
Since ice sheets respond to changes in climate on centennial timescales, our simulations of 
the 21st century do not capture the full potential impact of the changes triggered in the 
Antarctic Ice Sheet.   



Despite some biases and shortcomings, these results have demonstrated promising 
capabilities that UKESM1.0-ice has for further research into Earth system projection 
simulations. Those results also hint at some important areas of future work needed to reduce 
the sea level rise projection uncertainty. Among them are salinity bias reduction in the Ross 
and Weddell shelves, improvements of ocean model simulation in the Amundsen Sea and 
enhancement of key ice sheet model components. 
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Using Machine Learning to Characterize Biomes 
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A biome is a community of plants with similar characteristics – for example, grassland, 
tropical rainforest or desert – which is formed in response to a shared climate.  The 
distribution of biomes affects life on Earth; in turn, biomes are affected by human activity and 
climate change.  A reliable method for the characterization of biomes and their dynamics 
would be helpful when looking for signs of climate change.  However, current 
characterization methods (e.g. [1]) usually involve the empirical examination of observation 
data, looking for patterns and relationships within a small set of features using a limited 
number of snapshots.  This constrains the efficacy of the method and complicates the 
possible extension of such methods to climate (temporal and spatial) scales.  Similarly, the 
identification of biomes from model results (instead of observations) would be of interest, but 
is difficult using current methods. 

In the search for methods which are more objective, automated and data-driven, we have 
investigated the characterization of biomes using machine learning techniques [2].  More 
specifically, we start by partitioning land surface points into clusters, defined by some set of 
features – that is, points which have similar values for the features are clustered together.  
Our feature set comprises a mixture of land surface (for example, tree cover, population 
density) and climate (e.g. mean annual precipitation, mean annual dry days) variables, 
chosen to reflect the properties of large-scale climate and vegetation distributions.  In our 
initial study [2], we used 15 variables; one of which is shown in Figure 1. 

 



 

Figure 1.  One of the datasets used as input to our cluster analysis – here, number of mean annual dry 
days (MADD), which is a measure of rainfall seasonality.  This comes from v4.01 of the Climate 

Research Unit (CRU) Time Series high resolution dataset. 

 

We pre-process the data by first regridding the variables onto an N96 (1.875° x 1.25° spatial 
resolution) climate model grid, and then normalizing each variable.  After stacking the 
variables at each grid point, we use a segmentation algorithm to partition the data into 
regions having similar properties; each segment is then characterized by the median value of 
each variable – that is, a vector with 15 components.  Segmentation reduces the amount of 
noise in the data (by removing points having values which could be considered as outliers), 
which we found to be a useful step prior to clustering.  Points corresponding to the ocean 
and any other locations (such as, for example, Antarctica) which have no terrestrial biomes 
of interest are removed at this stage as well (see Figure 2). 

 



 

Figure 2.  Regions (coloured according to latitude) following the application of a segmentation 
algorithm, and removal of segments with no terrestrial biomes. 

 

Having pre-processed the data, we identify clusters using the k-means algorithm.  This is a 
distance-based method that groups points with similar feature values by assigning each point 
to the cluster with the nearest centroid, and then moving the centroids to minimise the 
distances between each point and its associated centroid.  K-means requires the number of 
clusters (i.e., k) to be set at the beginning; having employed a variety of evaluation metrics 
[2] to estimate the optimum value for k, we settled on 11.  Besides being consistent with the 
metrics, this value is also comparable with expectations from domain-specific empirical 
approaches to biome characterization.  Figure 3 shows the results of applying k-means (with 
k=11) to the segmented data of Figure 2. 

 



 

Figure 3.  Clusters determined using the k-means algorithm, identifying 11 biomes. Colours distinguish 
the different clusters, but have no other significance. 

 

The cluster results appear qualitatively similar to the biomes derived from empirical methods 
[1], which is encouraging.  However, they are difficult to explain.  The way in which points are 
assigned to a cluster depends on how similar its features are to those of other points in the 
cluster.  Each cluster consists of points which are closer to its centroid than to other 
centroids, but the divisions between clusters are, in general, hyperplanes in feature space 
(which, it will be recalled, has 15 dimensions in our case) which are defined by linear 
combinations of feature values.  Explainability would be easier if each hyperplane was 
parallel to one of the feature axes – that is, only dependent on the value of a single variable 
[3].   

To achieve this, we have applied a supervised learning method to approximate the clusters 
using a decision tree [4].  The tree can be viewed as a predictive model which maps feature 
values to classes.  Each root node contains a rule which assesses the value of a single 
feature at a point against a fixed value; the two paths from the node correspond to the 
outcome of the assessment being true or false.  Similar remarks apply to internal nodes in 
the tree.  Tree branches then represent conjunctions of rules for different feature values, 
whilst leaf nodes – that is, nodes having no downstream paths – represent classes (in this 
case, clusters).  The tree allows points to be assigned to clusters using a series of rules, each 
of which depends on the value of a single feature.  This aids comparison with empirical 
characterization methods. 

Figure 4 shows a decision tree which approximates our original clusters with 95% 
agreement.  However, it is clearly too big (too many nodes) and complicated (some leaf 
nodes are on multiple paths – that is, there is more than one set of rules which result in a 
given cluster).  This represents a challenge for the usability of the classification scheme, and 
for any comparison with empirical methods. 



 

 

Figure 4.  Decision tree obtained from clusters shown in Figure 3.  An internal node contains a rule 
using the value of a single feature; the two paths from that node correspond to the rule being true or 
false.  A leaf node corresponds to a class (in our case, a cluster).  Paths along branches of the tree 

represent conjunctions of rules (involving multiple features) which result in the identification of a class. 

 

Accordingly, we modify the tree by first setting a minimum value for the number of points 
corresponding to each node, and then recursively trim the tree by merging neighbouring 
nodes that have similar properties [2].  The result is a tree with 14 leaf nodes, and which is in 
85% agreement with the original clusters.  It is shown in Figure 5. 

 

 

Figure 5. Modified tree derived from tree shown in Figure 4 by enforcing a minimum number of points 
for each node and recursive trimming. 

 

Figure 6 shows a comparison of the biomes obtained from our explainable clustering 
methodology with those determined by empirical methods by Olson et al. [1].  We see a 
reasonable number of filled cells along the diagonal, corresponding to a high level of overlap 
between the two sets – for example, the desert biome has 92% overlap and tropical forest 
has 87%.  A more detailed comparison of biomes derived from the two methods (for 
example, the shape of their boundaries) is required, but these initial results are promising. 



 

Figure 6.  Comparing the biomes derived from our explainable clusters to the empirical biomes of 
Olson et al. [1].  Each number is the % of cluster biomes that fall in each Olson biome.  In biome 
names, trop = tropical, med = Mediterranean, frst = forest, wood = woodland, shrub = shrubland, 
shrub = scrubland, grass = grassland, bl = broadleaf.  The colour of each cell denotes the type of 

biome (green = forest, blue = woodland, purple = grassy, orange = barren); colour intensity is 
proportional to the value in the cell. 

 

In addition to the rules which govern the assignment of points to biomes, our method also 
admits of deeper analysis.  For example, it is possible to use a supervised learning method to 
classify points and calculate a so-called feature importance for each node in the decision 
tree.  This gives a measure of which features have the most influence over cluster 
assignment. Preliminary results indicate that variables such as mean annual temperature, 
tree cover and mean maximum temperature of the warmest month are more important for 
the characterization of biomes than, for example, population density, urban cover and mean 
maximum windspeed. 

We believe that this study demonstrates the strong potential for advancing our 
understanding of Earth system science by utilising machine learning methods such as 
explainable clustering.  By expanding this work in the future and applying these methods to 
climate projections from models such as UKESM, we will be able to provide analyses which 
complement existing insights from experts about how the Earth’s biomes may alter in 
response to a changing climate. 
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Visualization of uncertainty in climate models 
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The Met Office recently organized a sprint-hackathon aimed at building visualisations of 
climate data which could convey information to non-scientists in a way that is accessible and 
helpful.  The event attracted around thirty participants and began with a preparatory session 
which elicited ideas for potential topics.  Of the twenty-five ideas proposed, six were selected 
as the most popular, and each was assigned to a team of around five developers.  Our team 
worked on visualizing climate model uncertainties; other teams looked at topics ranging from 
sea level rise to the economic impact of climate change.  

Our idea was to show the spread of variable values calculated from different runs of a 
climate model using a bullseye or target.  The intention is to portray model uncertainty (as 
opposed to, for example, scenario uncertainty or interannual variability).  The closer the 
agreement between values, the more they would cluster near the centre of the bullseye.   

We began with a proof of concept using a toy dataset whose values are generated randomly 
in x and y in the range [-1, 1].  Figure 1 shows the dataset plotted in cartesian and polar 
space – that is, the mapping transforms the points from lying in a square to lying in a circle.  
There's a qualitative similarity between the locations of the points in each space: more 
specifically, it can be seen that the relative positions of the points aren’t changed by the 
transformation (see points 3, 12 and 19, for example), but the space is squashed to fit into 
the circle.  The +x and +y axes are transformed to the theta = 0 and 90 lines (see points 3, 4, 
8 & 9); similarly -x and -y goes to theta = 180 and 270.  This means the quadrants are also 
preserved: (+x, +y) goes to the first quadrant (between theta = 0 and 90), for example. 



 

Figure 7.  Two plots of a toy dataset.  Each data point comprises two random numbers drawn from the 
interval [-1, 1].  On the left, the points are plotted in cartesian (x,y) space; on the right, the same points 

are plotted in polar coordinates (i.e. each data point is transformed into the new space). 

 

To demonstrate our idea using real data, we used 12 members of an ensemble of climate 
model runs using the HadGEM3-GC3.05 model, taken from the UK Climate Prediction 
(UKCP) Regional dataset for 1981-2000.  For each member, we calculated the difference 
between the member temporal mean value and the ensemble average for temperature and 
precipitation and plotted these differences in polar space (see Figure 2).  For each variable, 
the values plotted (which are differences from the average) sum to zero.  No rescaling of 
values has been done, so the broader spread in temperature reflects the numerical values of 
this quantity.   



 

Figure 8.  Difference between ensemble member value and ensemble mean value for temperature 
and precipitation plotted in polar coordinates.  Each point is labelled with ensemble member id; 12 

members are plotted (members 2,3 and 14 from the original runs are missing).    

 

In our plot, we have filled in the annuli with the colours used in an archery target, in order to 
suggest this idea (or that of a bullseye) to the viewer.  Although colours have no other 
significance, and could perhaps be classified as “chartjunk” (i.e. visual elements which aren’t 
necessary for the comprehension of the information in a graph), we think they look 
appealing; in particular, members of our team who had limited experience with climate 
models found them illuminating.  

Figures 1 and 2 were produced using python, calling the matplotlib library to perform the 
plotting and save the results as an image file.  An alternative representation of the same data 
is shown in Figure 3, which uses python calling the Bokeh library.  This saves the results of 
the plotting as an HTML file containing JavaScript which allows for interactive visualization in 
the web browser.  More specifically, the web page responds to mouseover events: as the 
user moves the mouse over different points, a popup appears containing information about 
data values and other information for that point (see Figure 3, where one of these events has 
been captured in the snapshot). 

 



  

Figure 9.  The data from Figure 2, now plotted in a web browser.  Interaction – in this case, the use of 
mouseover events to identify points – has been added to the plot. 

 

These visualizations provide a way of displaying one form of uncertainty in a climate model.  
Extensions could include the display of results from other models or experiments (for 
example, those used in CMIP6), or the incorporation of other uncertainties by colouring the 
points.   

As noted, our visualizations were developed in the course of a sprint-hackathon, so the time 
allotted for development was no more than a few hours.  Other parts of the hackathon 
involved teams reviewing other teams’ code and documentation (all code was lodged on 
GitHub), which was very helpful.  Our team worked entirely remotely (other teams in the 
hackathon were entirely or partially collocated), but we didn’t perceive this as a disadvantage 
in collaboration.  We found the exercise to be a valuable experience, learning more about 
Teams, python, GitHub, visualization methods and climate modelling. 
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UKESM Release Notes - Update 
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The release notes for the UK Earth System Model (UKESM) document the model for users, 
explaining how it works and how to run it.  Previously, they were housed on a wiki at the 
NCAS Computational Modelling Services site, but have recently been moved to a new 
location as part of the upgrade of that site.  The landing page for UKESM is now 

https://cms.ncas.ac.uk/unified-model/configurations/ukesm/  

The notes have also been updated to reflect the addition of version 1.1 of the model; release 
notes for version 1.0 are also available from the same location.  For each version, the 
atmosphere-only (AMIP) and fully coupled configurations for the CMIP6 pre-industrial control 
and historical experiments are described.  In addition, the notes give instructions for creating 
configurations for the abrupt4xCO2 and 1%CO2 experiments using the pre-industrial control 
configuration as a starting point. 

The notes contain links to the Rose suite for each configuration (whether AMIP or coupled).  
Each suite is set up to run by default on the Met Office HPC, and there are detailed 
instructions on how to change its settings for submission to other machines – specifically, 
Monsoon2 (the Met Office / NERC collaborative platform) and ARCHER2 (the NERC 
platform). 

Finally, the notes for each version of the model contain links to datasets from CMIP6 
experiments (specifically from the DECK, historical and ScenarioMIP) that have been run 
using that model version and which have been archived on the Earth System Grid 
Federation.  The notes for UKESM1 also link to the documentation paper (and standard 
reference) for the model; a link to the documentation paper for UKESM1.1 will be added to 
its notes page when it is published. 

 

Developing UKESM2, latest updates…. July 2022 
 

The development of UKESM2 is now well underway. The Global Coupled 5 (GC5) 
configuration of the HadGEM3 physical climate model, which will underpin UKESM2, has 
been frozen. This model includes changes to almost all areas of model physics, including 
updates to the semi-lagrangian advection and convection schemes; the implementation of a 
bimodal cloud scheme, dust dependent ice-nucleation temperature, aerosol updates, a new 
sea-ice model and major upgrades to the NEMO ocean model. The physical climate model 
development focusses largely on the higher resolution configuration, which has a horizontal 
resolution of about 60km in the atmosphere with 85 vertical levels (N216L85) and 0.25deg 

https://cms.ncas.ac.uk/unified-model/configurations/ukesm/


horizontal resolution in the ocean with 75 vertical level (ORCA025L75). This resolution is too 
expensive for many applications of the UKESM models (although we are exploring running 
UKESM at higher resolutions where we feel it’s important through our hybrid resolution work) 
and so in recent months the UKESM core group has been actively developing the 
N96ORCA1 configuration (135km horizontal resolution in the atmosphere; 1deg in the 
ocean, vertical resolutions remain the same). The science in this configuration remains fully 
traceable to its N216ORCA025 counterpart but some retuning was needed to bring the net 
radiation at the top-of-atmosphere into a suitable balance for both present-day and pre-
industrial conditions. A pre-industrial control simulation has been set-up and is now running. 
A small number of climate change experiments are planned which will feed into the GC5 
assessment activity and workshop to be held at the Met Office in Autumn 2022.  

In parallel to GC5 activities, the core group has also been busy building an Earth System 
prototype configuration on top of GC5. This is a complicated technical task coupling all the 
current Earth System components (interactive UKCA chemistry, TRIFFID vegetation, 
terrestrial carbon and nitrogen cycles and marine biogeochemistry) onto the GC5 model and 
technically preparing for the inclusion of the interactive ice sheet model which will be 
implemented at a later stage in UKESM2 development. Scientific evaluation of this 
configuration is now underway and once ready, will be form the base configuration into 
which we will implement new UKESM2 developments. These include the already mentioned 
interactive ice sheet model, an interactive fire model, CO2 and CH4 emission driven 
capabilities and nitrate aerosol to name but a few. We expect to start incorporating these 
new developments later in the summer, so watch this space…. 

 

New UKESM Team Member 
 

 

Kaitlin Naughten joined the UKESM core group 
in April 2022. As part of the TerraFIRMA 
National Capability project, she will be studying 
Antarctic ice, ocean, and climate interactions, 
and further developing the ice sheet-ocean 
coupling in the UKESM. Kaitlin is based at the 
British Antarctic Survey, where her previous 
work has focused on ice shelves in the 
Amundsen and Weddell Seas, and their 
response to climate change. She co-developed 
the regional coupled ice sheet-ocean 
model ÚaMITgcm, and also has experience with 
the ocean models ROMS, FESOM, and MOM.  
 

  

TerraFIRMA – First General Assembly in 2022 
 

Around 50 people attended the TerraFIRMA kick-off meeting in May 2022 at UKCEH 
Wallingford in person, with another 20-30 people participating online. It was great to meet up 
with colleagues, some of who we hadn’t seen for a long time and others who are new 

https://ukesm.ac.uk/portfolio-item/ukesm-hybrid-focusing-resolution/


collaborators. We were delighted that stakeholders from ESA, UKHSA, CCC and BEIS could 
join the meeting and provide their perspectives on societal and environmental impacts, such 
as, water resources, air quality and global sea level rise. 

Presentations by Colin Jones (project coordinator) and the work package leads provided an 
overview of plans for the programme. Andy Wiltshire from the Met Office Hadley Centre gave 
an overview of how the Met Office will be involved in an ongoing partnership with NERC 
centres through TerraFIRMA to develop UKESM2 and exploit science opportunities that 
arise. Jane Mulcahy (Met Office Hadley Centre) and Till Kuhlbrodt (NCAS) updated 
participants on the status and proposed developments of HadGEM3-GC5 and UKESM2 (see 
the update on UKESM2 in this newsletter). Colin Jones presented a brief overview of the 
other multi-centre programmes funded by NERC at the same time as TerraFIRMA, 
highlighting where there may be opportunities for collaboration. 

Discussions and detailed planning took place in a series of breakout groups during the 
meeting. Breakout groups covered four of the workpackages, as well as domains (ice, 
atmosphere, ocean and land) and cross-cutting themes (machine learning, future scenarios 
and projections for TerraFIRMA, and Societal impacts; potential for collaboration with other 
LTSM2 projects). A summary of the breakout discussions provides some of the detailed 
plans going forwards.  

Currently, TerraFIRMA features on the UKESM website with a TerraFIRMA web site coming 
in late summer 2022. Please follow TerraFIRMA on Twitter @TerraFIRMAclim8 to catch the 
latest news on the programme. 

 

ESM2025 General Assembly in Paris 
 

UKESM is part of a EU Horizon 2020 project, esm2025, that aims to build a novel generation 
of Earth system models fitted to support the development of mitigation and adaptation 
strategies in line with the commitments of the Paris Agreement. 

In June 2022, over 100 researchers and project participants came together at the first 
General Assembly at the Jussieu Campus of Sorbonne University in Paris. Participants 
discussed achievements over the first year of the project and held workshops to plan details 
of forthcoming work.  

 

https://ukesm.ac.uk/wp-content/uploads/2022/07/TF-GA2022-Project-Overview-and-WPs.pdf
https://ukesm.ac.uk/wp-content/uploads/2022/07/TF_KO_GC5-UKESM2-Plans_Jane_Till-web.pdf
https://ukesm.ac.uk/wp-content/uploads/2022/07/TerraFIRMA-GA2022-Summary-of-breakout-groups.docx
https://ukesm.ac.uk/terrafirma/
https://twitter.com/TerraFIRMAclim8


 

The General Assembly provided an opportunity to connect to key stakeholders through our 
first World Café event. Informal discussions between researchers and stakeholders helped to 
establish links, share knowledge and build on the research undertaken in the project to help 
support climate action. 

 

 

Lots of discussion at the esm2025 World café at Jussieu campus, Sorbonne University. 

 

Publications 
 

Explainable Clustering Applied to the Definition of Terrestrial Biomes 

Tropical methane emissions explain large fraction of recent changes in global atmospheric 
methane growth rate 

https://www.esm2025.eu/brief-summary-of-our-first-general-assembly/
https://centaur.reading.ac.uk/103900/9/Sidomou_ICPRAM_2022.pdf
https://www.nature.com/articles/s41467-022-28989-z
https://www.nature.com/articles/s41467-022-28989-z


Comparative multifractal analysis of methane gas concentration time series in India and 
regions within India 

Biological Carbon Pump Sequestration Efficiency in the North Atlantic: A Leaky or a Long-
Term Sink? 

An integrated analysis of contemporary methane emissions and concentration trends over 
China using in situ and satellite observations and model simulations 

MODIS Vegetation Continuous Fields tree cover needs calibrating in tropical savannas 

On the Treatment of Soil Water Stress in GCM Simulations of Vegetation Physiology 

Methane emissions in the United States, Canada, and Mexico: evaluation of national methane 
emission inventories and 2010-2017 sectoral trends by inverse analysis of in situ 
(GLOBALVIEWplus CH4 ObsPack) and satellite (GOSAT) atmospheric observations 

Remotely sensed carotenoid dynamics improve modelling photosynthetic phenology in 
conifer and deciduous forests 

Large Methane Emission Fluxes Observed From Tropical Wetlands in Zambia 

Retrieval of greenhouse gases from GOSAT and GOSAT-2 using the FOCAL algorithm 

Evaluation of SO2, SO42- and an updated SO2 dry deposition parameterization in the United 
Kingdom Earth System Model 

The Physical Climate at Global Warming Thresholds as seen in the UK Earth System Model 

 

Thanks for reading! Next issue is due December 2022 
 

 

https://link.springer.com/article/10.1007/s43538-022-00076-3
https://link.springer.com/article/10.1007/s43538-022-00076-3
https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2021GB007286
https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2021GB007286
https://acp.copernicus.org/articles/22/1229/2022/
https://acp.copernicus.org/articles/22/1229/2022/
https://bg.copernicus.org/articles/19/1377/2022/
https://www.frontiersin.org/articles/10.3389/fenvs.2021.689301/full
https://acp.copernicus.org/articles/22/395/2022/
https://acp.copernicus.org/articles/22/395/2022/
https://acp.copernicus.org/articles/22/395/2022/
https://www.sciencedirect.com/science/article/pii/S0168192322001678
https://www.sciencedirect.com/science/article/pii/S0168192322001678
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2021GB007261
https://amt.copernicus.org/articles/15/3401/2022/
https://acp.copernicus.org/articles/21/18465/2021/
https://acp.copernicus.org/articles/21/18465/2021/
https://journals.ametsoc.org/view/journals/clim/35/1/JCLI-D-21-0234.1.xml

