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Abstract

The photosynthetic pathway has been extensively researched at the subcellular
level and for the whole leaf, with established biochemical and mechanistic models.
While it is known that the balance of intercellular airspace and cellular material
depends on patterns of cell division and growth, it is less well understood how
different intercellular airspace arrangements impact photosynthesis. What is the
relationship between the amount of internal mesophyll surface area exposed to air,
photosynthetic capacity and cell size? Is there an optimal airspace-tissue balance,
and if so, how will it change under future levels of CO2?

With recent advances in micro-computer tomography (µ-CT), it is possible
to quantify the intercellular mesophyll airspace at a local scale and obtain paired
datasets of global gas exchange measurements. In this thesis, we propose a math-
ematical framework to model air channels in the palisade mesophyll layer as micro-
scopic air channels by applying Fick’s first law of diffusion. By validating this mech-
anistic model with experimental observations of paired µ-CT/gas exchange data
in a series of Arabidopsis thaliana mutants, we can explore the trade-off between
the amount of cellular material and air channels in the palisade layer. More im-
portantly, this structure-function modelling framework allows us to identify which
of these structural properties are favoured by mutants with better photosynthetic
performance, and quantify whether there is any consistent behaviour leading to an
‘optimal’ trade-off between cellular material and air channels.

The analysis shows that the intercellular CO2 uptake rate is a function of the
palisade mesophyll air channel depth. This observation implies a trend in which
leaves with shorter intercellular diffusion pathways within the palisade mesophyll
have a higher CO2 assimilation rate, which could suggest an optimisation of the
inner mesophyll cell structure. Hence, from a physical diffusion-based model sup-
ported by data-driven estimation, we are able to predict function from structure.
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Chapter 1

Introduction

1.1 Motivation

Photosynthesis in plants requires CO2 to flow first from the atmosphere through
microscopic pores on the leaf surface (known as the stomata) into the sub-stomatal
cavities. From here the CO2 diffuses through a series of intricate air channels
formed by the separation of mesophyll cells within the leaf. These mesophyll cells
are themselves the site of the chloroplasts (the main photosynthetic apparatus of
the leaf) which contain the enzymatic machinery required for the fixation of CO2
into sugar, the product of photosynthesis, which supports life on the planet. The
diffusion pathway within the leaf from the sub-stomatal space to the enzymes in
the chloroplasts at the heart of photosynthesis represents a series of resistances
to the flux of CO2 and, thus, a limitation to the rate of CO2 fixation [112]. This
pathway is shown in Figure 1.1.

This is particularly relevant when considering the efficiency of photosynthesis
as a process, and whether it can be increased. The inability of the primary en-
zyme involved in CO2 fixation, RuBisCO, to discriminate between CO2 and oxygen
(leading to energy-wasting process called photorespiration, where RuBisCO enters
a catalytic reaction involving oxygen instead, releasing previously fixed CO2) results
in overall photosynthetic efficiencies of less than two thirds of what theoretically
could be achieved in many plant species. Even moderate increases in the flux of

1
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CO2 within leaves to the site of carboxylation could potentially lead to significant
gains in photosynthetic yield at essentially no extra cost.

Despite the inherent inefficiency of the photosynthetic process, the biologi-
cal matrix of cells that forms the leaf has adapted to maximise photosynthetic
yield. This intricate packing of cells gives rise to an interwoven arrangement of
intercellular air channels that are optimised for resource management by simulta-
neously increasing gas exchange efficiency and water use efficiency [169]. Despite
the arrangement of intercellular mesophyll air channels being well documented
[42, 78, 87, 101, 136, 137], the biological basis behind this formation, or rather,
the molecular mechanisms that control air space formation are less well under-
stood, and as such, air space formation and patterning is generally accepted as
an emergent property of cell growth, division, adhesion and death within the leaf
[78, 87, 169]. The morphogenesis of intercellular air spaces in relation to leaf
morphogenesis is very much an active field of research. For instance, through
extensive research of the cell cycle, knowledge of genetic behaviour modulating
cell division or patterning is now known [28, 33, 156, 157]. On the other hand,
mechanisms behind the partial separation of cells after cell division (hence leading
to the formation of air spaces) still remain to be elucidated [87].

As a result, the bulk of research aimed at photosynthetic improvement has
focused on altering plant biochemistry, and this has led to recent significant suc-
cess [19, 46, 59, 73, 80, 165]. Although altering structural aspects of the leaf
inner structure have been identified as potential goals, progress has been slower
in achieving targeted improvements. This partly reflects the complexity of the
processes by which leaf structure is formed, and the various trade-offs inherent in
how structure impacts not only photosynthesis but many other aspects of plant
function [55, 148]. Progress may also have been slower due to a reliance on essen-
tially a correlative modelling approach followed by mechanistic interpretation [61].
An alternative approach is to consider the system from first principles and to build
an initially simplistic mechanistic model that represent the system. If the outputs
of such a model realistically captures measured elements of system performance,
then it can be used to both validate the initial basic assumptions underpinning the
model , and provide indicators of whether the system can be improved or how it
may work under different conditions.
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Figure 1.1: CO2 assimilation pathway, adapted from Parkhurst [112]. The focus
of this work is on modelling the highlighted block.

We have taken such an approach and report on the generation and validation
of a model for CO2 diffusion through leaf air channels. The model is first pa-
rameterised using available data for wild-type Arabidopsis thaliana, then extended
to include a number of genetic mutants which vary in leaf air channel network
structure. Importantly, these mutants have all been analysed using x-ray micro
computed tomography µ-CT, which provides quantitative measurements of air
channel dimensions in 3D, in contrast to many previous investigations which lack
or indirectly estimate these critical parameters.

Our model captures the range of air channel diameter observed to be within the
range of theoretically optimal for observed rates of carbon assimilation. In addition,
an analysis of mutants with a range of air channel networks suggests that shorter
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air channels are more efficient with respect to CO2 uptake and assimilation. These
results are set in the context of the observed biological response to environmental
influences (for instance, atmospheric CO2 levels, Figure 1.2) and leaf form and,
thus, air channel diameter and depth.

Figure 1.2: Global monthly mean levels of atmospheric CO2. In this work, we will
be working with 400 ppm. Image provided by NOAA Global Monitoring Laboratory,
Boulder, Colorado, USA (https://esrl.noaa.gov/).

1.2 Relevant models

Arabidopsis thaliana is a model organism which was the first plant to have its
relatively simple genome sequenced [60]. With its fast growth and good response
to genetic manipulation [104], Arabidopsis has become a popular model in plant
biology. As such, most papers covered in this chapter, and our own study in later
sections, will be using Arabidopsis as a model. While this project isn’t focused on
the biochemical aspects of photosynthesis, we deem it important to give a primer
on basic biological premise of this phenomenon. Although there are different types
of photosynthesis, we will be focusing on C3 photosynthesis.

https://esrl.noaa.gov/
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In order to reach the chloroplasts inside of the mesophyll cells where photosyn-
thetic reactions can occur, CO2 has to diffuse through a pathway. As summarised
by Figure 1.1, CO2 diffuses from the outer atmosphere, through the boundary layer
(a thin layer of non-turbulent air on the leaf surface), into the stomata located
in the epidermis (the top and bottom layers of the leaf), which let the gas into
the plant. The gas then proceeds to diffuse through the intercellular mesophyll
air spaces, or air channels as we will mostly refer to them as, where it enters the
cells through their wet walls, dissolving in the water content of the cells as it does
so. Once inside the cells, the CO2, now in a liquid phase, find their way to the
chloroplasts where they will be assimilated [7]. This assimilation process occurs
through a set of biochemical catalytic reactions focused on a photosynthetic en-
zyme, RuBisCO. This process, known as the Calvin Benson cycle, converts carbon
into sugars which are then consumed by the plant [6, 119].

The Calvin Benson cycle occurs through what can be broken down into three
stages of catalytic reactions through soluble enzymes. In the first stage, car-
boxylation, CO2 gets combined with water and a carbon compound, ribulose 1,5-
biphosphate (RuBP), to ultimately form 3-carbon molecules (hence why this is
known as C3 photosynthesis. The next stage is known as reduction due to the fact
that the 3-carbon molecules are reduced to 3-carbon sugars. Some of these are
used to produce glucose, while the rest are recycled to regenerate the RuBP com-
pound used in the first stage, hence why the final stage is aptly named regeneration
[96]. While we will not be focusing on the intricate biochemical processes of the
Calvin Cycle and C3 photosynthesis in this thesis, this short description should give
us an overview of the inner mechanisms of the leaf. In particular, the first 2 stages
described here, where photosynthesis is limited by (1), RuBisCO and (2), RuBP
regeneration, will be referred to when calculating some photosynthetic traits of
interest in Chapter 2. Another important process that occurs in C3 photosynthesis
that should be mentioned is photorespiration, which was described earlier in this
chapter, and is also one of the key markers of C3 photosynthesis limitations. It is
to be noted that photosynthesis as a whole is obviously much more complex than
this, but there is no need for us to go into deeper biological detail within the scope
of this project, and hopefully this primer will suffice in appreciating the complexity
of photosynthesis.

The most seminal model in C3 photosynthesis research, to this date, is the
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Farquhar-von Caemmerer-Berry model (FvCB). Farquhar et al. [52] presented a
model of the biochemical processes in the chloroplast with respect to the photo-
synthetic CO2 uptake of leaves. The model described the rate of CO2 assimilation
[µmol m–2 s–1] as the difference between the rate of carboxylation of RuBP via Ru-
BisCO Vc, and loss through photorespiration (through the oxygenation rate Vo)
day respiration Rd (describing the release of CO2 in the light by processes other
than photorespiration):

A = Vc – 0.5V0 – Rd = Vc

(
1 – Γ∗

Ci

)
– Rd. (1.1)

Here Ci is equal to the intercellular CO2 concentration [µmol mol–1]∗, and Γ∗ is
given as the photosynthetic compensation point (the CO2 concentration at which
CO2 release via photorespiration equals the rate of photosynthetic uptake, i.e.,
Vc = 2Vo). The term 1 – Γ∗

Ci
therefore corrects for the amount of assimilated CO2

that is released in photorespiration [92].

While the FvCB model was not a complete model of every possible photo-
synthetic mechanism, it represented and simplified the major mechanisms into a
single framework, and has been of paramount importance in bridging the knowl-
edge gap between leaf biochemistry and gas exchange [53]. The FvCB model has,
throughout the years, served as a useful tool to investigate various aspects of leaf
physiology, and received several extensions and parameterisations. For instance,
when coupled with models of stomatal behaviour, the coordination of hydraulic
traits and CO2 exchange was highlighted (i.e., how the leaf balances water and
CO2) [31]. Extensions of the FvCB model have seen applications in exploring
and quantifying constraints and limits to photosynthetic capacity, for example,
biochemical and stomatal limitations were quantified by Deans et al. [29, 30].
In another study, a derivative of the FvCB model was designed to evaluate the
sensitivity of CO2 assimilation to changes in CO2 and O2 concentrations in the
chloroplasts [18].

Perhaps in an application more relevant to this thesis, the FvCB model was also
parameterised by Long and Bernacchi [92] to analyse gas exchange measurements
in the form of response curves of CO2 assimilation to intercellular CO2 concentra-

∗In our own research, we use the SI unit mol m–3 for Ci instead.
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tions, to quantify photosynthetic traits. This work, heavily supported by various
derivatives or parameterisations of the FvCB model [9, 10, 66, 67, 93], provided a
general form of the model to include three forms of biochemical limitations:

A = min (wc, wj, wp)
(

1 – Γ∗

Ci

)
– Rd, (1.2)

where wc, wj, wp are carboxylation rates limited by RuBisCO, RuBP-regeneration
and TPU (Triose Phosphate Use) respectively, with other terms having been de-
fined earlier. TPU is a special case where the leaf’s photosynthetic apparatus
struggles to export the products of the Calvin Benson cycle, leading to a limit or
even decline in the photosynthetic yield [180] - we will not be dwelling on this limit
here. By using the respective expressions from equation (1.2) for CO2 assimila-
tion under RuBisCO limitation, and under RuBP-regeneration limitation, we can
quantify a key photosynthetic trait that will be of interest to us later us: mes-
ophyll conductance to CO2, gm. Mesophyll conductance is a key descriptor of
photosynthetic performance, and can be described as the transfer conductance of
CO2 from the intercellular air channels of the leaf, through the cell walls and into
the chloroplasts [9], where the CO2 is assimilated. From Long and Bernacchi [92]
and the aforementioned works supporting it, an expression for the concentration
of CO2 at the sites of photosynthesis is known:

Cc = Ci – A/gm,CO2 . (1.3)

This equation can be substituted in the specific forms of equation (1.2) for Ru-
BisCO and RuBP-regeneration to estimate a value for the mesophyll conductance
to CO2. In Chapter 2, we will be using a popular solver to estimate gm for a range
of Arabidopsis thaliana mutants using by gas exchange measurements.

Despite its apparent simplicity, the FvCB model has proved to be a very pow-
erful tool in exploring and quantifying major photosynthetic mechanisms and their
limitations, whether biochemical or environmental in nature. Perhaps one of its
disadvantages is that it remains a pure biochemical model and generally outputs
a ‘leaf-level’ description of photosynthesis. It does not contain any parameters
directly related to leaf mesophyll structure, and therefore does not describe the
relationship photosynthetic performance and said structure. As such, it has seen
applications where it was combined with structural or dimensional models of the



8 1.2. Relevant models

leaf, either built from physical principles or geometric assumptions, in order to
explore photosynthesis at a localised level.

One such interesting application would be the three-dimensional model of CO2
transport in air spaces and mesophyll cells of a silver birch leaf by Aalto and Juurola
[2]. In one of their previous works [1], Aalto & Juurola presented a parameterisa-
tion of the FvCB model, which was fitted to response curves of CO2 concentration
and irradiance, corresponding to a set of different temperatures, all for silver birch
leaves. This allowed them to explore the temperature dependence of photosyn-
thetic performance. This was scaled up to a numerical 3D model (shown in Fig.
1.3) to study the CO2 transport through a birch leaf, assumed from observations
made from 2D light microscopy observations. The diffusion of CO2 inside and

Figure 1.3: The assumed model geometry, reproduced from Aalto and Juurola [2].
Spheres and cylinders represent the spongy and palisade mesophyll cells respec-
tively, with the opening at the bottom representing a stomatal opening. Darker
dots as ‘+’ symbols represent the chloroplasts.

outside of the cells was described by D∇2c = S, where D was the binary diffusion
coefficient in either the airspace or the cell, c was the concentration of CO2 in
either the airspace or the cell, and S was a source or sink of CO2 and was set
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to zero unless at a chloroplast. The irradiance through the leaf was described
by the attenuation of light through the leaf depth using the Beer-Lambert law.
By applying their re-parameterised model derived from the original FvCB model,
they were able to study CO2 transport inside the birch leaf model. The model
was also subject to a number of variations, such as reduction of stomatal open-
ings, changes in temperature, or doubled ambient CO2 concentration. The latter
was found to introduce severe non-linear effects in the total gas transport output.
They observed that conductances in both the gas and liquid phases (i.e., outside
and inside the cells) were highly sensitive to changes in temperature and degree
stomatal opening, and concluded that the palisade and spongy layers contributed
unequally to overall photosynthetic performance.

One of the more modern applications of the the FvCB model can be found in
the work done by Xiao et al. [176]. They designed a tool using Bayesian statis-
tics with gas exchange and chlorophyll fluorescence (i.e., light response curves of
photosynthesis) to fit photosynthetic parameters, while evaluating the reliability
of the estimation, and providing a measure of the estimation accuracy. This tool
can serve as a means to reduce human error and subjectivity usually involved in
fitting response curves to the FvCB model, limiting the error source to variability
in physiology. They also observed that providing measurements of photosynthetic
responses to low CO2 and low light improved the estimations, proposing that this
as a standard for measurement protocols.

More recently, we have seen several advances in imaging methods, such as
µ-CT(micro-Computer Tomography, which we will cover in more detail in the next
chapter) [101, 110, 155] allowing to better visualise and quantify the inner structure
of the leaf in finer detail. Pairing this knowledge of the leaf’s interior with gas
exchange measurements has allowed us to ascertain the link between mesophyll
structure and photosynthetic performance [87], i.e., between leaf structure and
function. The next few models embrace this concept of linking structure and
function in various ways.

Ho et al. [68] developed a three-dimensional microscale model of a tomato
leaf by assuming a 3D geometry observed from results of an x-ray laminography
[155]. The x-ray results did not provide them with knowledge of the cell composi-
tion, and as such, they decided to not model organelles such as the mitochondria
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explicitly, assuming uniform distribution. They did however, allow for the chloro-
plast concentration to be varied in their model. Ho et al. then computed the
light absorption within their assumed model structure used a meshed Monte-Carlo
photon transport solver (an efficient numerical method to numerically solve for
light absorption) [166]. The resulting light absorption was then used as an input
to the generalised FvCB model [92] we discussed earlier, over different stages of
limitations of photosynthesis. They also described the microscale diffusion of CO2
and carbonic anhydrase, HCO–

3, an enzyme facilitating the CO2 uptake, using a
set of diffusion-reaction equations:

∇.(DCO2∇[CO2]) – w∗ + R∗
d + R∗

p – B = 0,
∇.(DHCO3∇[HCO–

3]) + B = 0.
(1.4)

We have already seen what R∗
d, R∗

p, w∗ are from the FvCB model. ∇ is the gradi-
ent operator and D is the diffusivity for CO2 and HCO–

3. B is the net hydration
CO2 to HCO–

3, where HCO–
3 catalyses the hydration of CO2 into the cell. The

combination of a reaction-diffusion model, a 3D mesophyll structure, ans a nu-
merically solved light environment, coupled with the FvCB model, allowed them
to obtain a realistic evaluation of leaf photosynthetic CO2 uptake under a range
of different CO2 and light conditions. The assumed model structure allowed for
the chloroplast concentration to also be varied, but did not allow for the individual
evaluation of how other anatomical traits impact photosynthetic performance, as
the geometry was kept fixed. A example of their assumed model structure, with
numerically computed concentrations of chloroplasts, and assumed location and
distribution of other organelles is shown in Fig. 1.4.

They observed that carbonic anhydrase, HCO–
3, while having little impact on

photosynthetic efficiency at high CO2 levels, had a beneficial impact on the effi-
ciency at low CO2 concentrations. By adjusting the chloroplast location within the
geometry to maximise their surface area exposed to the intercellular air spaces, the
proportion of photo-respired CO2 re-fixed by RuBisCO was also improved. Impor-
tantly, they also added that scaling photosynthetic capacity led to an improvement
of CO2 fixation within the cells, especially at lower light levels.
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Figure 1.4: Microscale geometry and CO2 distribution in a tomato leaf, repro-
duced from Ho et al. [68]. (a) Reconstructed geometry based on synchrotron x-ray
laminography, with E being the epidermis, Cyt being the cytosol, Chl the chloro-
plasts, and Vac the vacuoles, (b) showing the light absorbance of the leaf tissue,
(c) showing the distribution of CO2 at 21% O2, (d) showing the CO2 concentra-
tion at 2% O2.

Another recent study by Xiao et al. [177] offers one of the most comprehensive
models combining leaf anatomy and photosynthetic performance to date. They
present a complex mechanistic model, termed the eLeaf, modelled around the
anatomy and photosynthetic performance of a rice leaf. The model successfully
captures the photosynthetic behaviour of a rice life at a range of varying environ-
mental conditions, such as CO2 concentration and incident light. The design of
the model was done in the form of four distinct, but connected ‘modules’, which all
integrated measurements of the rice leaf anatomy and physiology. The first module
was an automatic reconstruction of leaf anatomy into an assumed 3D leaf geom-
etry from a range of different measurements obtained from different microscopy
and computer tomography techniques (as highlighted in Fig. 1.5).
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Figure 1.5: 3D leaf geometry module of eLeaf, reproduced from Xiao et al. [177],
showing the reconstruction of a single mesophyll cell in a rice leaf. Parameters
a-f control various structural properties of organelles (cytosol, chloroplast, etc.),
g-h control the contact area of the mesophyll cell surface to the intercellular air
space, j,k,l control the length, width, thickness of the mesophyll cell. All of these
are reconstructed and fitted from structural measurements.

The second module is a ‘light’ module, making use of a ray-tracing algorithm
from Xiao et al. [175] (a computational method that numerically solves for realistic
light transport or absorption) to simulate for heterogeneous light environments in
rice leaf, as the cells are not neatly arranged uniformly. The third module is a CO2
module that employs reaction-diffusion equations to predict the CO2 diffusion
from the air spaces all the way into the chloroplasts. The last module focuses on
metabolism by using the FvCB model to quantify photosynthetic traits.

The combination of these four modules, when fully parameterised with anatomi-
cal and physiological measurements from rice leaves, successfully allowed the model
to capture expected rice photosynthetic performance at leaf-level. The model could
also be interrogated with a range of different conditions. One of the outcomes, for
instance, was that the main driver behind increased CO2 assimilation under ele-
vated CO2 concentration, was the metabolism module, with structural parameters
making minor contributions. One surprising observation was that the mesophyll
porosity (ratio between air space and cellular tissue inside the leaf) could be varied
without a drastic change in photosynthetic performance. This highlighted a possi-
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ble degree of leaf structural plasticity (i.e., the leaf supporting a range of possible
structural changes) with respect to photosynthetic capacity.

In a departure from modelling strategies hinged on the FvCB model, let us
briefly mention another recent study from Théroux-Rancourt et al. [150], focusing
on making light of the relationship between the leaf mesophyll structure and the
rates of CO2 diffusion. Théroux-Rancourt et al. quantified the inner leaf structure
of a large range of C3 species through µ-CT scanning, obtaining structural pa-
rameters such as mesophyll porosity, cell size, intercellular surface area exposed to
air, amongst others. While no gas exchange measurements were paired with the
structural descriptors, Théroux-Rancourt et al. simulated the overall conductance
to CO2 (both in the gaseous and liquid phases) for a range of possible mesophyll
structures. With the power of statistical analysis, they concluded that smaller cells,
and hence denser cell packing and increased intercellular surface area exposed to
air, were linked to maximising CO2 diffusion in the inner leaf structure. They
also concluded that the palisade layer better facilitated CO2 diffusion in the liquid
phase, while the spongy layer did the inverse, by better accommodating for gaseous
diffusion.

As established by Lehmeier et al. [87], Mathers et al. [101], Théroux-Rancourt
et al. [150], Verboven et al. [155], modern imaging methods allow for the ex-
traction and quantification of the intercellular air channels inside of the leaf mes-
ophyll, which reveals an intricate network of channels showing various levels of
interconnected-ness, depending on their position within the leaf (i.e., palisade and
spongy). While not directly related to the work in this thesis, we can close off this
chapter by appreciating how network or transport modelling could in the future be
applied on this network of air channels to assess how different networked structures
affect CO2 uptake and assimilation within the inner leaf mesophyll.
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Figure 1.6: 3D rendering of the extrac-
tion of the air space network from Ara-
bidopsis thaliana (Fleming Lab, University
of Sheffield).

Figure 1.7: Skeleton of the air channel
network of Arabidopsis thaliana, generated
from BoneJ [36].

One of the possible avenues for modelling the complex air channel network
found in leaves could be adapted from work done by Zheng et al. [183]. They
established that plants and animals, for instance, possess tissues that contain
hierarchical networks of pores, with the pore size ratios being adapted to optimise
rates of transport and reaction. This type of multi-scale networked system can
be described by a generalised version of Murray’s law. Murray’s law states that if
a parent channel of radius r0 splits into n channels of radii ri for laminar flow or
mass transfer, then the flow rate in channel r0 is:

Q0 =
n∑

i=1
Qi,

rα0 =
n∑

i=1
rαi .

(1.5)

where Q is the laminar flow rate (given by the Hagen-Poiseuille equation), α = 2 for
mass diffusion, α = 3 for laminar flow transfer. The generalised version accounts
for mass variation by introducing a mass loss ratio X during transfer in the parent
channel, which allows us to obtain the optimal radius (or diameter) ratios for
maximum transport:

rα0 = 1
1 – X

n∑
i=1

rαi . (1.6)
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The generalised Murray’s law can be parameterised using quantified parameters
of air channels, such as their levels of connectivity, and assess whether plants have
adapted their air channel network to maximise CO2 uptake, or perhaps, to minimise
water loss.

We can conclude that there are no models that explicitly describe the function
of single channels in terms of gas exchange (including environmental factors) and
show their behaviour as a connected structure. We surmise that this type of
model would allow us to deduce what an optimal channel network should look like,
and find the best structural values to enhance biological performance(i.e., CO2
assimilation).

1.3 Thesis layout

The main aim of this thesis is to explore the link between intercellular CO2 gas
exchange within the palisade mesophyll and the structure of the palisade mesophyll
(i.e., the air channel arrangement within the palisade) by combining physical prin-
ciples of gas diffusion and state-of-the-art paired measurements of structure and
photosynthetic performance. If such a relationship can be pinned down, we aim
to quantify how the palisade mesophyll structure constrains photosynthetic perfor-
mance, and conversely, explore what possible arrangements of air channel structure
optimise photosynthesis. Using a range of mutants of Arabidopsis thaliana, we can
also investigate whether plants have already arranged their structure so as to op-
timise CO2 uptake, and hence enhance their photosynthetic output.

This rest of this thesis is structured to investigate this proposal, as follows:

• Chapter 2 covers the data collection and analysis methods use to quantify
paired datasets of local structural measurements of the inner leaf structure,
and global gas exchange parameters.

• Chapter 3 presents a diffusion-driven framework for the CO2 uptake rate
within the palisade mesophyll layer, derived from Fick’s laws of diffusion
and arranged in a way to explore the effects on CO2 uptake when certain
structural parameters are constrained or varied.
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• Chapter 4 expands on the CO2 uptake rate framework, providing a cross-
validated parameterisation of the model using the paired structural/photo-
synthetic datasets, leading to a prediction of leaf function from structure.
The chapter also challenges some of the assumptions taken when deriving
the model and explores the validity of some of the assumptions.

• Chapter 5 describes a conceptual framework for H2O loss from palisade cells
into the palisade air channels, and is is compared to the CO2 uptake model,
resulting in an interesting representation of the leaf’s dilemma.

• Chapter 6 provides a summary of the research work and contributions of this
thesis, following up with some avenues for future work.

Much of the work in chapters 2, 3 and 4 were disseminated at the following
conferences and symposiums:

• 9th International Conference on Functional-Structural Plant Models 2020
Predicting function from structure – An analysis of the palisade mesophyll
(oral presentation)

• Plant, Cell & Environment 40th Anniversary Symposium 2019
Towards a framework for the structure-function analysis of the palisade mes-
ophyll (poster presentation)

• ACSE PGR Symposium 2019 (University of Sheffield)
Spatial Modelling & Optimisation of Air Channel Network Function (poster
presentation)



Chapter 2

Plant Leaf Data Analysis

2.1 Introduction

This section covers the collection of structural and gas exchange data, and mainly
focuses on the analysis of the collected data to extract meaningful structural pa-
rameters and photosynthetic traits that are then paired to link leaf intercellular
structure to photosynthetic performance. We analysed data from a range of Ara-
bidopsis mutants that reportedly differ from wild type Arabidopsis thaliana, Col-0,
in their palisade mesophyll structure. These datasets were via published literature
in this investigation to provide experimental data to test and validate our model,
and the anatomical differences, both structural and photosynthetic, are explored.

Section 2.2 focuses on the collection of structural leaf data through µ-CT. All
the samples used in this thesis were obtained pre-scanned, but it is important to
highlight the collection process, especially the advantages of µ-CT and the novelty
of it within plant science.

Section 2.3 outlines the image analysis workflow applied on collected µ-CT
datasets to extract simple but key structural parameters describing intercellular
air channels. Here, some samples were obtained pre-analysed, while some were
analysed by the author of this thesis. More detail about this is covered in the last
section of this chapter.

17
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Section 2.4 covers the collection and analysis of gas exchange data. All samples
were obtained pre-collected, but the analysis to extract key photosynthetic traits
was performed by the author of this thesis. To finish, section 2.5 brings everything
together into an analysis workflow, and allows us to describe and characterise all
chosen mutants.

Note that plant growth methods are not listed here as all samples were obtained
pre-collected from a range of sources from literature, and growth techniques used
may differ slightly. The data sources are specified in section 2.5, and the chosen
mutants are characterised in detail.

2.2 µ-CT Data Collection

Knowledge of the internal architecture of the leaf is important to better understand
the relationship between structure and photosynthetic performance [139]. How-
ever, investigating the microstructure of the leaf mesophyll has historically proved
challenging, largely due to the leaf’s sensitivity to dessication, fragility, low density
and fine structure [101].

A number of stereological techniques (using 2D measurements to infer 3D
properties) have been applied in past research to quantify structural leaf parameters
(for e.g., the exposed intercellular surface area to air) , such as using 2D tissue
cross-sections that are fixed chemically and/or stained to increase contrast [76].
Such techniques, however, are accompanied by a myriad of issues, namely being
destructive to the sample, being labour intensive, and having a high degree of
inaccuracy if the sample itself was poor prepared, with recorded errors of up to
30% for parameters such as the intercellular surface area [149].

Efforts to improve techniques for investigating the microstructure of biological
samples at a high level of detail while minimising sample damage or destruction
have lead to the development of µ-CT [41]. µ-CT is a non-destructive technique
that uses x-rays to characterise samples in three dimensions [139]. More specif-
ically, µ-CT uses a source of ionising radiation (an x-ray) and an x-ray detector,
with the sample in between, and emits a focused beam of x-ray that pass through
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the sample. The x-ray interacts differently depending on the material, that is it
gets attenuated in various degrees described by the equation:

Ix = I0e–µx, (2.1)

where Ix is the intensity of the beam at distance x from the source, I0 is the
intensity of the incident beam, and µ is the attenuation coefficient [12, 144]. This
is illustrated in a figure adapted from Boerckel et al. [12]:

Figure 2.1: Principal components of µ-CT scanning: A micro-focus x-ray tube
acting as the source, the collimator focusing the x-ray, which passed through
the sample, where the attenuated x-rays are detected by the detector. Image
reproduced from Boerckel et al. [12].

As the sample is moved or rotated, the detector collects the attenuated x-ray
signals, which are reconstructed to form a 3D representation of the sample. µ-
CT allows for the non-invasive investigation of the internal structure of the leaf,
without the need for sample fixing or additional staining for contrast Pajor et al.
[110]. One of its strengths is that the development and modern use of µ-CT
is intimately linked to modern image analysis frameworks, which we will cover
later in this chapter. µ-CT is quickly becoming the standard in quantifying and
elucidating structure-function relationships in biological sciences, and has been
increasingly used in plant science research [34, 35, 87, 95, 97, 130, 154].
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All the datasets used in this thesis, albeit from different sources, were all
scanned at the Hounsfield Facility (University of Nottingham), and all followed
the scanning protocol described by Mathers et al. [101], Pajor et al. [110]. To
summarise the process, for each sample, a 5 mm leaf disc was cut out from the
middle (lengthways) of the leaf, to either side of the mid-vein. The scans were
performed with a Nanotom X-ray CT scanner (GE Sensing and Inspection Tech-
nologies GmbH, Wunstorf, Germany). The leaf disc scans were obtained at a
spatial resolution of 2.75 µm, with an energy of 65 kV and 140 µA, with an
exposure time of 750 ms with a total scan time of 30 minutes per disc.

The radiographs were converted to 3D volumes by using a filtered back projec-
tion algorithm. They were converted into aligned tiff stacks (an image format
used by the image processing software) along the z-axis using VG StudioMAX
(version 2.2.0; Volume Graphics GmbH, Heidelberg, Germany).

A masking process was necessary, as some 2D slices, especially those at the
top and bottom of the leaf, contained background airspace that was not part of
the leaf’s internal structure - the masks ensure that these are removed. Masks
were prepared semi-automatically in Avizo Fire software (version 6.0.0 Fire; Thermo
Fisher Scientific, USA) using the Label Field function, followed by a binarisation
process using I_threshold.

Figure 2.2: 3D rendering of a µ-CT scan of a leaf selection of Arabidopsis thaliana
(Col-0), highlighting the leaf tissue (green) and air channels (yellow). This figure
was obtained from the Hounsfield Facility, University of Nottingham.
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2.3 µ-CT Data Analysis

The rest of the workflow is primarily done through the fiji distribution of ImageJ
[129], and is largely adapted from the methodology of Mathers et al. [101]. It
should be specified here, that for some mutant lines analysed in this thesis, the
steps starting here until the particle analysis step were pre-done, but still verified
by the thesis author. For the mutant lines ATML1pro : KRP1 and re6, the image
analysis workflow was entirely performed by the thesis author. The structural
characterisation past the particle analysis step was performed by the thesis author
for all mutant lines. A visual example of the entire workflow from Mathers et al.
[101] is shown below, before we describe the individual steps for our data analysis
workflow.

Figure 2.3: Step-by-step stages of the µ-CT workflow, taken from Mathers et al.
[101].

To begin, using fiji, the aligned mask tiff stacks were automatically thresh-
olded using the MaxEntropy algorithm, with the colour range set to B&W. Simi-
larly, the aligned image tiff stacks were also automatically thresholded using the
IsoData algorithm, with the same colour range as masks, as previously performed
in Lehmeier et al. [87], Lundgren et al. [95], Mathers et al. [101].
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Before continuing any further, we had to ensure that the global scale was set
to 0.00275 mm (which is equal to the pixel resolution), with an aspect ratio of
1 and units set to mm. The air channels were then extracted using the Image
Calculator in fiji, by adding (XOR process) the binarised and thresholded mask
and image tiff stacks. This resulted in a stack that only contains the air channels.
This process was repeated for all stacks, and these stacks were denoised through
the selective median filter Remove Outliers, which removed both foreground and
background particles of size 3 times or less of the spatial resolution.

A Region of Interest (ROI) was then selected from the air channel space
stacks by using the Specify option under the Edit>Selection menu. A ROI of
400 × 400 voxels was selected for each stack, avoiding major venation, which can
artificially increase structural measurements such as porosity. The coordinates of
the ROI were noted so that the process can be repeated on the mask stacks. The
ROI was extracted by using the Duplicate function, with the Duplicate Stack
option ticked.

With the 3D stacks now thresholded/binarised, and after having selected a
region of interest, we then used fiji built-in particle analysis tool (which uses
edge detection algorithms) to detect and quantify every air channel per slice, for
every slice, returning individual measurements of perimeter, area, position in stack,
amongst other descriptors. A summarised file containing the average information
per slice was also generated. This process was also repeated on all the associated
mask stacks.

We were interested in obtaining structural descriptors of the air channels specif-
ically, and from the measured perimeters, an equivalent air channel diameter could
be calculated using the circle equation:

Air channel diameter, ρ = perimeter
π

. (2.2)

We were also interested in measuring the air channel depth. Leaves of Arabidopsis
thaliana are dicotyledonous, and have 2 distinct layers within the mesophyll, namely
the palisade and spongy layer. Here, we were interested solely in the palisade
mesophyll, but that first entailed identifying where the palisade mesophyll layer
started and ended within the leaf.
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The rationale behind only considering the palisade layer was because it is gen-
erally accepted to be the main part of a dicot leaf that drives photosynthesis,
where the major portion of incident light (i.e., photosynthetic active radiation,
PAR) was absorbed, with the spongy layer only receiving between 10-25% of the
average PAR absorbed by the palisade mesophyll [14, 45, 47, 68, 74, 113, 163].
The spongy layer is thought to be of minor importance when it comes to CO2 fix-
ation, and is assumed to participate in reflecting light back to the palisade, while
facilitating CO2 diffusion to it [142, 148]. However, there is evidence pointing
towards the spongy mesophyll being a more active participant of photosynthesis
in shade-adapted plants [74]. For the purposes of this study, we will only consider
the palisade mesophyll layer.

The identification of the palisade mesophyll layer, and subsequently the palisade
air channel depth, is mostly done through visual inspection, as the palisade layer
scans (both greyscale and binarised) are identified by a more regular arrangements
of the cells and air channels, often in a columnar fashion, while the transition to
spongy was indicated by a shift towards more porous slices, with bigger air spaces.

Figure 2.4: Zooming into a 3D reconstruction of the air channels of Arabidopsis
thaliana to show individual air channels.

The palisade air channel perimeters were also observed to be much smaller
than their spongy counterparts, and therefore we also used that as a marker of
palisade layer identification, as shown in Fig. 2.5.
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Figure 2.5: Measured average air channel diameter per slice against leaf depth
for a Arabidopsis thaliana (ATML1pro : KRP1) sample, showing that the transition
from palisade to spongy layer can clearly be identified (red markers showing start
and stop of palisade layer)

The slice numbers of the two markers were recorded, and the air channel depth.
Lz, was calculated by:

Lz = nslice × Resolution, (2.3)

where nslice was the number of slices between (and including) the markers, and
Resolution was the equal to the pixel, or spatial, resolution, which was the thickness
of a single slice.

Figure 2.6: Greyscale horizontally resliced µ-CT scan of Arabidopsis thaliana
showing the air channel depth identification.
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Now that the palisade mesophyll layer was clearly identified, we could also
obtained an average palisade air channel diameter for each sample:

Average palisade air channel diameter, ρ = (∑ perimeter)/π∑ nair channels
, (2.4)

where ∑ perimeter is the sum of all air channel perimeters in all slices forming the
palisade layer, and ∑ nair channels is the total number of air channels in all slices
forming the palisade layer.

Finally, the last structural descriptor of interest, palisade mesophyll porosity,
was also calculated by:

Porosity, P =
∑Aair channels∑Am

, (2.5)

where ∑Aair channels and ∑Am are the sum of the area of air channels, and the
mask area for all slices in the palisade layer. Note that the mask area contains
both the air channel and cell areas within the leaf.

2.4 Gas Exchange Data Collection and Analysis

This section covers the collection of gas exchange data and the extraction of two
photosynthetic traits of interest from said data. All the data was obtained pre-
collected and paired to the µ-CT data, and the analysis of the gas exchange data
was performed by the author of this thesis.

Gas exchange data was collected using a li-cor gas exchange system (Li-6400
or Li-6800, depending on the source, but the principle remains the same). The
apparatus has a clamp which shuts the leaf (or part of it) in an enclosed chamber
where environmental conditions can be carefully controlled and monitored. Air
flows through a reference Infra-Red Gas Analyser (IRGA), into the leaf chamber,
and out a sample IRGA as shown below. Environmental variables such as light,
CO2 level, humidity, temperature, etc., are controlled to stable values.



26 2.4. Gas Exchange Data Collection and Analysis

Figure 2.7: Simple schematic of how the Li-6800 collects data.
[https://www.licor.com/env/support/LI-6800/topics/introduction.html],
in the section ’The Gas Exchange System’.

The li-cor system measures the flow rate of air entering and exiting the
chamber, along with the concentrations of CO2 and H2O entering and leaving as
well through a reference and sample IRGA [90]. The li-cor system then computes
the mass flow rate of said gases into and out of the chamber. The difference in
CO2 measurements, for instance, are due to leaf-level CO2 assimilation. The
intercellular CO2 concentration, Ci, is also inferred by computing the difference
(in and out) of all the fundamental parameters controlled and measured by the
li-cor system.

For gas exchange measurements, data is usually collected in the form of a
response curve known as the A – Ci curve, which depicts the relationship between
leaf-level CO2 assimilation rate, A, and intercellular CO2concentration Ci. The
process for this generally involves starting at ambient CO2 (taking as 400 ppm in
all of our data sources), and then incrementally decreasing the CO2 level around the
plant, all the while recording the associated assimilation value. It is important at
this stage to ensure that the plant is not kept at low CO2 for too long to prevent
photosynthetic inhibition. The CO2 level in the chamber is then incrementally
raised back to ambient levels, and from that point onward, it is incrementally
raised until the assimilation value plateaus to a saturation value. This gives us the
CO2 assimilation rate as a response to varying levels of CO2 concentrations. An
example of an A – Ci curve is shown below.
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Figure 2.8: Example of an A – Ci curve for Arabidopsis thaliana.

One of the photosynthetic traits we are interested in the is CO2 assimilation
rate at ambient CO2 levels, referred to as A400 - generally a few data points are
collected at this value, so we can obtain a more robust averaged value of A400 for
each sample. The other photosynthetic trait we are interested in estimating is the
mesophyll conductance to CO2, gm.

Mesophyll conductance is a complex measure of the conductance of CO2 along
its diffusional pathway, from the intercellular air channels, into the mesophyll cells
and into the chloroplasts, where CO2 assimilation occurs Flexas et al. [55, 56, 57].
It is still the subject of active research, and the decomposition and quantification
of its individual diffusional pathways still require elucidating, largely owing to cur-
rent technical limitations. There are several estimation methods and tools made
available which allow for the estimation of gm through anatomical methods, light
responses curves, A – Ci curves, or a combination of these, amongst others. We
opted for a fitting tool presented by Sharkey [134], Sharkey et al. [135], which only
required A – Ci curves. This also ensured that our gm were independent of our
structural measurements (this doesn’t necessarily mean that they are not related).

Through non-linear curve fitting (and minimising the sum of squared model de-
viation), the fitting tool allows the user to manually fit the data around 3 stages of
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CO2 assimilation limitations: RuBisCO limitation, RuBP-regeneration limitation,
and TPU limitation, which we all briefly covered in Chapter 1, with the Long and
Bernacchi [92] parameterisation of the FvCB model. An expression for gm in terms
of CO2 partial pressure inside the chloroplast, Cc = Ci – A/gm, can be substituted
into parameterised expression for the RuBisCO and RuBP-regeneration limitations
to obtain an estimated gm. An example of the fitting tool used with some A – Ci
data is shown.

Figure 2.9: Example of the A – Ci solver [134, 135].

Thus, we obtained estimations for two leaf-level photosynthetic traits, A400
and gm, which were paired with local structural measurements of the palisade air
channels per sample.
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2.5 Mutant Characterisation

In this section, we bring the structural measurement and gas exchange measure-
ments methods together to obtained paired datasets for a selection of Arabidopsis
thaliana mutants that differ from wild-type Arabidopsis thaliana in their structure
and photosynthetic performance. We have here selected Col-0 as the control.
Col-0 is the commonest accession of the Colombia ecotype (collected natural line
of Arabidopsis thaliana), and was obtained from Dr Alice Baillie (School of Bio-
sciences, University of Sheffield) [4].

Figure 2.10: Arabidopsis thaliana, Col-0.

Each mutant is described in terms of palisade mesophyll structure and pho-
tosynthetic traits, relative to Col-0, and a binarised top-down µ-CT slice of the
palisade mesophyll is presented next to a Col-0 slice after each mutant description
(the slice is taken approximately from the middle of the palisade mesophyll, with
black representing cellular material, and white representing air channels). The av-
eraged structural and photosynthetic measurements for each mutant is shown in
table 2.1 below. A set of bar charts comparing the collected parameters for each
mutant (averaged) is also shown after the mutant descriptions. A more detailed
table, per sample, is presented at the end of the chapter as well.
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The following two lines (EPF2-OE & focl) are stomatal variants. As a re-
minder, stomata are the leaf’s pores - they are formed by a pair of specialised
cells known as guard cells found on the leaf’s surface, and regulate gas exchange
between the leaf and the atmosphere by opening and closing [170]. The mutants
of interest here either have an altered density, or the stomatal cells themselves
have been affected in a way that indirectly affects the underlying mesophyll struc-
ture. While we are not modelling stomatal effects directly in this thesis, it is worth
noting that the formation of stomata and leaf mesophyll air spaces is known to be
coordinated [4, 37], and hence these mutants could be of interest to us.

The focl line was obtained from Lundgren et al. [95], and described by Hunt
et al. [72] and Hunt and Gray [71]. The focl mutants have had the final stages of
formation of the cuticular ledge (an extension of the stomatal cell walls) disrupted.
What this entails is that the stomatal opening is occluded, resulting in increased
leaf temperature and reduced plant size, most likely as a consequence of limited
CO2 exchange. At leaf maturity, the majority (up to 90%) are still completely
occluded, leaving only a small portion of stomata open, allowing for limited gas
exchange. The focl line is characterised by poor CO2 assimilation rate (the lowest
in our set of mutants), low mesophyll conductance, and relatively larger air channels
compared to Col-0 while having a similar palisade mesophyll porosity, which implies
less cellular material is available for photosynthesis.

Figure 2.11: Binarised top-down view
of Col-0 palisade mesophyll.

Figure 2.12: Binarised top-down view
of focl palisade mesophyll.
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The EPF2-OE line was also obtained from Lundgren et al. [95] and described
by Hunt and Gray [70]. Here, the overxepression of EPF2, an epidermal patterning
factor, led to a drastic decrease of stomatal density. Interestingly enough, on
average, the palisade mesophyll porosity and air channel diameter of EPF2-OE
mutants was similar to Col-0 and the photosynthetic traits were also comparable.
However, it is to be noted that, individually, more variance was observed in the
measured parameters for EPF2-OE than for Col-0. This later becomes apparent
in the results of section 2 of Chapter 4.

Figure 2.13: Binarised top-down view
of Col-0 palisade mesophyll.

Figure 2.14: Binarised top-down view
of EPF2-OE palisade mesophyll.

These following two lines (arp3 & qua2) are impaired in their cell walls, and
were both obtained from Baillie [4]. In plants, cell walls of adjacent cells adhere
to one another through a cell wall layer called the middle lamella, which is rich
in a polymer called pectin [169, 181]. The middle lamella must be manipulated
to allow cells in the mesophyll to separate, but this separation must be carefully
regulated to prevent the leaf from disintegrating. In these two lines from Baillie [4],
the commonest type of pectin in the middle lamella, namely homogalacturonan
(of which it is a major component) was affected, with reported effects to the cell
separation and adhesion in the mesophyll [27].
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The arp3 line, as is mutant in a protein complex that regulates the actin cy-
toskeleton (which is involved in the process of cell division and leaf morphogenesis).
More specifically, there is a disorganisation of the actin cytoskeleton, which leads
to cell adhesion and cell shape defects Deeks and Hussey [32], Mathur et al. [102].
The cell adhesion defects extend to the epidermal cells [40], and also lead to stom-
atal opening defects [89]. According to Baillie [4], the µ-CT results of arp3 are
visually quite similar to Col-0, albeit with a recorded higher palisade mesophyll
porosity and air channel diameter, as seen in table 2.1. The mesophyll conduc-
tance of arp3 was low relative to Col-0, and the average CO2 assimilation rate was
also slightly lower.

Figure 2.15: Binarised top-down view
of Col-0 palisade mesophyll.

Figure 2.16: Binarised top-down view
of arp3 palisade mesophyll.

QUASIMODO2 (QUA2) is an enzyme involved in the pectin biosynthesis pro-
cess (i.e., pectin generation) Mouille et al. [106]. The qua2 mutation causes a
defect in the pectin biosynthesis, leading to a large reduction in homogalacturo-
nan (the commonest pectin type in the middle lamella, as stated earlier), leading
to severe wall adhesion defects Barnes et al. [5], Du et al. [39], Mouille et al.
[106], Whitewoods [168]. The qua2 mutant can be classed as a ‘dwarf’ mutant.
In the palisade mesophyll, this is characterised by an increased porosity, and fewer,
larger air channels. Perplexingly, the qua2 mutant outperforms Col-0 in terms of
CO2 assimilation. Baillie [4] observed that qua2 had a similar stomatal density
to Col-0 suggesting that the improvement in CO2 assimilation was not related to
any stomatal changes.
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Figure 2.17: Binarised top-down view
of Col-0 palisade mesophyll.

Figure 2.18: Binarised top-down view
of qua2 palisade mesophyll.

The ATML1pro : KRP1 line is a transgenic mutant obtained from Lehmeier
et al. [87]. This line is described by Lehmeier et al. [87] as a combination of
targeting the KRP1 expression to the mesophyll and expressing the gene behind
the ATML1 promoter, leading to an increase in epidermal cell size. More inter-
estingly for us, this mutation also led to a significant decrease in mesophyll cell
size, accompanied by an increased mesophyll cell density. Within the palisade,
cells were more densely packed, leading to smaller air channels (with an increased
density of air channels). ATML1pro : KRP1 is characterised by a lower porosity
than Col-0 in both the palisade and spongy mesophyll layers. Relative to Col-0,
ATML1pro : KRP1 mutants were found to have more circular air channels through
the palisade. Photosynthetically, we observed a significantly higher mesophyll con-
ductance, and slightly higher CO2 assimilation rates.



34 2.5. Mutant Characterisation

Figure 2.19: Binarised top-down view
of Col-0 palisade mesophyll.

Figure 2.20: Binarised top-down view
of ATML1pro : KRP1 palisade mesophyll.

The re6 mutant is the most ‘extreme‘ line in our datasets. It was obtained as
unused data originally collected for Lehmeier et al. [87], and its internal architecture
is described by González-Bayon et al. [62]. It is a reticulate mutant (i.e., the
leaf shows a more reticulated veination pattern) carrying the re6 allele of the
RE gene. This mutation here is very clear visually - re6 leaves are described as
having ‘holes’ in the matrix of mesophyll cells (i.e., very large gaps between cells).
The cell proliferation is dramatically affected, leading to an extreme reduction
in cell density in interveinal areas (which is specifically where we try to identify
regions of interest for structural characterisation). Consequently, the density of
cells containing chloroplasts is also greatly reduced, which, from a photosynthetic
point of view, is reflected in a lower CO2 assimilation rate (see table 2.1). It is to
be clarified that while internal leaf structure is greatly disrupted, the development
of plastids, such as chloroplasts (responsible for photosynthesis), is not. That
implies that the reduced CO2 assimilation rate is due to the dramatic reduction of
photosynthetic cells, rather than a disruption of the photosynthetic process itself.
On a leaf-level, leaf shape is seemingly not affected, but leaf size is greatly reduced.
To summarise, the re6 mutant is characterised by very large palisade air channel
diameters, high porosity and a relatively lower CO2 assimilation rate compared to
Col-0. While the whole leaf thickness of re6 was found to be lower than that of
Col-0 [62], we observed that the palisade mesophyll thickness of re6 was thicker.



Chapter 2. Plant Leaf Data Analysis 35

Figure 2.21: Binarised top-down view
of Col-0 palisade mesophyll.

Figure 2.22: Binarised top-down view
of re6 palisade mesophyll.

To conclude, we have selected a range of Arabidopsis thaliana mutants from
literature, that differ from wild type Arabidopsis thaliana, Col-0, either structurally
in their palisade mesophyll, and/or in terms of photosynthetic performance. We
have described a workflow adapted from published methods to extract simple but
meaningful structural descriptors of the palisade mesopyhll air channels. We also
analysed gas exchange data for each of the mutants, and extracted key photo-
synthetic traits, which we paired with the structural descriptors. Fig. 2.23, for
instance, shows the relationship between palisade air channel depth and air chan-
nel diameter for a sample of each mutant, clearly showing the structural differences
between each chosen mutant. Table 2.1 and Figures 2.24-2.28 show the averaged
measured structural descriptors and photosynthetic traits for each mutant, and Ta-
ble 2.2 shows the individual (per sample) parameters quantified for each mutant.
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Table 2.1: Table of averaged structural and photosynthetic parameters per mutant
line. Note that Porosity is shown as a ratio (range 0-1).

Mutant
Air Channel

Depth
Lz, µm

Average Air
Channel Diameter

ρ, µm

Measured
Assimilation

A400, µmol m2 s1

Mesophyll
conductance(25°C)
gm, µmol m2 s1Pa1

Porosity
P

Col-0 91.3 24.8 14.46 1.39 0.144
arp3 105.42 34.49 13.57 1.15 0.196
qua2 89.38 36.99 17.19 1.82 0.18

EPF2-OE 105.42 24.84 13.72 1.46 0.154
focl 135.85 28.7 10.93 1.18 0.143

ATML1pro : KRP1 158.81 21.96 15.21 1.69 0.135
re6 176 107.49 11.24 1.35 0.321

Figure 2.23: Air channel diameter with respect to air channel depth through the
mesophyll for a single sample of each Arabidopsis thaliana mutant, showing the
relative difference in both air channel diameters and depths.
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Figure 2.24: Air channel depth, Lz. Figure 2.25: Air channel diameter,
ρ.

Figure 2.26: Measured CO2 assim-
ilation rate, A400

Figure 2.27: Mesophyll conduc-
tance to CO2 (25 ℃), gm.

Figure 2.28: Palisade mesophyll porosity, P.



38
2.5.M

utant
C

haracterisation
Table 2.2: Table showing all the collected structural and photosynthetic parameters for invididual samples. Note that if specified,
u or d stands for up or down, and indicates where on the leaf/plant the sample was measured.

Mutant
Air Channel

Depth
µm

Air Channel
Diameter

, µm

Measured
Assimilation
µmol m2 s1

Mesophyll
conductance(25°C)

molm2 s1Pa1

Porosity
P (as a ratio)

Col-0_1 82.5 22.35 13.83 1.41 0.117
Col-0_2 88 19.55 14.16 1.32 0.125
Col-0_3 112.75 22.27 13.78 1.33 0.144
Col-0_5 88 26.4 15.04 1.34 0.157
Col-0_6 85.25 33.43 15.48 1.53 0.175
arp3_2 107.25 38.36 13.77 1.22 0.199
arp3_4 121 30.02 13.51 1.08 0.196
arp3_9 88 35.08 13.42 1.15 0.194
qua2_1 96.25 36.87 16.54 1.96 0.18
qua2_3 93.5 35.71 17.63 1.79 0.185
qua2_4 85.25 36.83 18.72 1.73 0.17
qua2_6 82.5 38.56 15.85 1.79 0.186

EPF2-OE_1 96.25 25.55 13.16 1.42 0.102
EPF2-OE_4 121 20.49 12.55 1.31 0.157
EPF2-OE_6 99 28.47 15.45 1.65 0.203
focl1-1_1d 143 29.76 12.37 1.25 0.146
focl1-1_2d 145.75 25.77 9.07 1.08 0.141
focl1-1_3u 123.75 29.83 8.83 1.12 0.132
focl1-1_4u 143 29.66 11.44 1.23 0.154
focl1-1_6u 123.75 28.46 12.92 1.24 0.142

ATML1pro : KRP1_5u 156.75 22.79 14.68 1.57 0.126
ATML1pro : KRP1_6u 176 22.5 16.18 1.61 0.18
ATML1pro : KRP1_7u 167.75 22.43 14.84 1.77 0.122
ATML1pro : KRP1_8u 134.75 20.11 15.15 1.79 0.099

re6_7u 170.5 87.93 10.25 1.18 0.273
re6_9u 176 134.83 12.26 1.45 0.427
re6_10u 181.5 99.72 11.21 1.42 0.263



Chapter 3

A Modelling Framework for
Palisade CO2 Uptake

3.1 The basis for a leaf structural model

In Chapter 1, we covered how key photosynthesis models were mostly biochemical
in nature, being ‘leaf-level’ models and carrying no information about intercellular
leaf structure. Past efforts to incorporate structural information often resulted in
cumbersome equations (such as explicit integrations over individual planes in 3D)
with little to no reliable data to test and validate such models appropriately [24,
121, 122]. Such models often relied on some hard to verify or dubious assumptions,
such as uniform CO2 concentration, which we now know to instead be a gradient
of concentration across the mesophyll [112–114].

Such models were also conceived prior to modern imaging or measurement
methods allowing for the precise quantification of intercellular structure in 3D.
As covered in Chapter 2, the use of µ-CT methods allowed us to gain intimate
knowledge of the intercellular air channel structure. In this chapter, we combine
this structural data, paired with gas exchange measurements and knowledge of
CO2 diffusion to design a modelling framework for palisade CO2 uptake within the
air channels.

39
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Air channels are modelled as uniformly distributed, discrete, vertical tubes, and
the tissue between these channels is not cellularised within our model. While the
tubes are represented as cylinders in our formulae and diagrams, it is important to
note that the circle equation serves only to contribute to a nominal calculation of
surface area, so the mismatch in cross-sectional shape between true air channels
and our model is immaterial. Our simplified leaf is assumed to be amphistomatous,
with CO2 entering the leaf on both ends of the air channel [11, 38].

For the purposes of our model, photosynthesis is assumed to be in steady-
state. While these conditions do not necessarily reflect field conditions, they are
more representative of the carefully controlled lab environment under which the
analysed samples plants are grown, allowing for a simpler mathematical analysis.
Gas exchange measurements used to evaluate the model were also collected under
steady state conditions [87, 95, 134]. Stomatal dynamics, which are an order
magnitude slower than biochemical photosynthetic responses, are not considered
here, as environmental conditions and water levels are also assumed to be constant
for steady-state photosynthesis [160].

In the interests of simplifying the subsequent analysis, an assumption is made
that the mesophyll conductance to CO2 is constant throughout the depth of the
palisade layer [49, 55, 116], implying the light intensity is uniform, as is the density
of chloroplasts. This assumption will be challenged in the next chapter.

The leaf is assumed to be isobaric (at atmospheric pressure), and isothermic
at a constant temperature of 25 ◦C (298.15 K). The leaf is also assumed to be
under constant and saturating light (acclimated to high light), with constant water
supply resulting in consistently turgid cells, implying that the cell shape does not
change and in turn does not affect air channel shape [141]. We treat the cell
water content as 100%, although in practice cells also contain a variety of solutes,
proteins and lipid membranes [25].

The diffusion coefficient of CO2 in air at 25 ℃ is taken as 1.39 × 10–5 m2 s–1

from Pritchard and Currie [118]. Note that we also adopted a value of 400 ppm
(in µL L–1) for the concentration of CO2 at atmospheric levels in Chapter 2, and
this has to be converted to the SI units for molar concentration (mol m–3). This
results in a value of ϕCO2 = 0.0164 mol m–3. A more detailed calculation is given
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in Appendix A.

3.2 Governing equation derivation

In 1994, at the end of his review of diffusion of CO2 and other gases in leaves,
Parkhurst [112] proposed that a single air channel in the palisade mesophyll could
be modelled as a circular tube. The flux of CO2 through the leaf is proposed to
follow Fick’s first law of diffusion, which states that diffusive flux is proportional to
the concentration gradient, and dependent on temperature, viscosity and particle
size [54]. In the proposed model, the air channels of the palisade mesophyll are
abstracted as idealised microscopic tubes of length Lz and diameter ρ, with CO2
concentrations at the base (CO2 entry point) and top of the tube ϕCO2(0) &
ϕCO2(Lz), respectively. Assuming steady-state photosynthesis, these CO2 concen-
trations will be constant, with ϕCO2(0) = ϕCO2(Lz). We begin by considering the
net CO2 flux within an infinitesimally small section (∆z) along the vertical axis of
a single idealised air channel (Fig. 3.1). J represents diffusive flux, and ϕCO2(z)
is the concentration of CO2 at depth z.

} ∆z

z = Lz, ϕ(Lz) = ϕLz

z = 0, ϕ(0) = ϕ0

J(0)

Diameter, ρ J

J + δJ

–δJ } ∆z

Figure 3.1: Idealised microscopic tube representation of palisade mesophyll air
channel
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Assuming steady-state photosynthesis, the net CO2 uptake across the internal
walls of an infinitesimal air channel slice of depth ∆z is given by:

πρ2

4 × δJ = –(πρ∆z)GCO2ϕCO2(z),

[Cross-sectional area] × [Net flux difference] = [Volume of gas through walls],
(3.1)

where GCO2 is a non-molar conductance coefficient to CO2, representing the
ease of CO2 diffusion from the air channels into the cells. Expanding and simpli-
fying equation (3.1) results in:

δJ =
–4GCO2

ρ
ϕCO2(z)∆z,

δJ
∆z =

–4GCO2
ρ

ϕCO2(z).
(3.2)

According to Fick’s first law, the diffusive flux of CO2 is:

J(z) = –DCO2
d2ϕCO2(z)

dz2 , (3.3)

where DCO2 is the diffusion coefficient of CO2 in air. This can be substituted into
equation (3.1):

–DCO2
d2ϕCO2(z)

dz2 =
–4GCO2

ρ
ϕCO2(z),

d2ϕCO2(z)
dz2 =

4GCO2
ρDCO2

ϕCO2(z).
(3.4)

We thus obtain a diffusion-driven governing equation in the form of a second-order
boundary-value ordinary differential equation, with a sink term GCO2 , acting as a
CO2 conductance coefficient:

d2ϕCO2(z)
dz2 = κ2

ρ
ϕCO2(z); κ =

√
4GCO2/DCO2 , (3.5a)

with boundary conditions:

z = 0, ϕCO2(0) = ϕCO2,0, (3.5b)
z = Lz, ϕCO2(Lz) = ϕCO2(Lz),Lz . (3.5c)
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A check of dimensional consistency between left and right hand sides of equation
(3.5a) is in order here:

mol
m3

1
m2 = 1

m
s

m2
mol
m3 × [units of GCO2],

⇒ [units of GCO2] = m s–1.

Hence, GCO2 in this formulation is clearly different to how mesophyll conductance
gm is typically defined in the literature, with its units of µmol m–2 s–1 Pa–2. This
is resolved by applying a unit conversion proposed by Woodward et al. [172], and
also seen in Muir [107]:

GCO2 = TKRgm, (3.6)

where TK is the temperature in Kelvin, R is the molar gas constant and gm is the
mesophyll conductance to CO2.

3.3 Model derivation

3.3.1 A solution for intercellular CO2 concentration with re-
spect to air channel depth

Using the boundary conditions at the bottom and top of a single palisade air
channel given in (3.5b, 3.5c), the governing equation (3.5a) can be solved to
obtain an expression for the intercellular CO2 concentration in the air channel, as
it varies with the depth of the air channel.

A general solution of the following form for (3.5a) can be assumed:

ϕCO2(z) = αe
κ√
ρ

z
+ βe

– κ√
ρ

z
. (3.7)
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The boundary conditions (3.5b are substituted 3.5c) into equation (3.7) to fix
the coefficients α, β ∈ R:

ϕCO2(0) = α + β, (3.8a)

ϕCO2(Lz) = αe
κ√
ρ

Lz
+ βe

– κ√
ρ

Lz
,

= αe
κ√
ρ

Lz
+ (ϕCO2(0) – α)e

– κ√
ρ

Lz
,

= α
(

e
κ√
ρ

Lz
– e

– κ√
ρ

Lz)
+ ϕCO2(0)

– κ√
ρ

Lz
,

=⇒α =
ϕCO2(Lz) – ϕCO2e

– κ√
ρ

Lz

e
κ√
ρ

Lz
– e

– κ√
ρ

Lz
. (3.8b)

Inserting (3.8b) into (3.8a) yields:

β = ϕCO2(0) –
ϕCO2(Lz) – ϕCO2e

– κ√
ρ

Lz

e
κ√
ρ

Lz
– e

– κ√
ρ

Lz
,

=
ϕCO2(0)e

κ√
ρ

Lz
– ϕCO2(0)e

– κ√
ρ

Lz
– ϕCO2(Lz) + ϕCO2e

– κ√
ρ

Lz

e
κ√
ρ

Lz
– e

– κ√
ρ

Lz
,

=
ϕCO2(0)e

κ√
ρ

Lz
– ϕCO2(Lz)

e
κ√
ρ

Lz
– e

– κ√
ρ

Lz
.

(3.9)
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Hence the solution to (3.5a) is:

ϕCO2(z) =
ϕCO2(Lz) – ϕCO2e

– κ√
ρ

Lz

e
κ√
ρ

Lz
– e

– κ√
ρ

Lz
e

κ√
ρ

z
+

ϕCO2(0)e
κ√
ρ

Lz
– ϕCO2(Lz)

e
κ√
ρ

Lz
– e

– κ√
ρ

Lz
e

– κ√
ρ

z
,

=
ϕCO2(Lz)

(
e

κ√
ρ

z
– e

– κ√
ρ

z)
+ ϕCO2(0)

(
e

κ√
ρ

(Lz–z)
– e

– κ√
ρ

(Lz–z))
2 sinh

(
κ√
ρLz

) ,

=
2ϕCO2(Lz) sinh

(
κ√
ρz
)

+ 2ϕCO2(0) sinh
(

κ√
ρ(Lz – z)

)
2 sinh

(
κ√
ρLz

) ,

=
ϕCO2(Lz) sinh

(
κ√
ρz
)

+ ϕCO2(0) sinh
(

κ√
ρ(Lz – z)

)
sinh

(
κ√
ρLz

) .

(3.10)
Evaluating the left hand side of (3.5a) using (3.10) yields:

d2ϕCO2(z)
dz2 = d

dz

ϕCO2(Lz) κ√
ρ cosh

(
κ√
ρz
)

– ϕCO2(0) κ√
ρ cosh

(
κ√
ρ(Lz – z)

)
sinh

(
κ√
ρLz

)
,

=
ϕCO2(Lz)κ2

ρ sinh
(

κ√
ρz
)

+ ϕCO2(0)κ2
ρ sinh

(
κ√
ρ(Lz – z)

)
sinh

(
κ√
ρLz

) ,

= κ2

ρ
ϕCO2(z),

hence proving that (3.10) is the solution to (3.5a). Solutions to (3.10) are shown
in figure 3.2 for various values of air channel diameters ρ.

An important deduction can be made from the inspection of (3.10). In the
limit (κ/√

ρ) → 0, corresponding to either negligible cell wall uptake, or very wide
air channels, we should expect the concentration to linearly decrease from bottom
to top of the channel. In other words, we expect a constant concentration gradient.
This can be seen for air channels as big as the order of magnitue 10–4, shown by
the red line on figure 3.2.
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Figure 3.2: CO2 concentration against air channel depth for various values of air
channel diameter.

This can be more formally verified by applying L’Hôpital’s rule:

d
dz

(
lim

κ√
ρ→0

ϕCO2(z)
)

= d
dz

 lim
κ√
ρ→0

d
d κ√

ρ

(
ϕCO2(Lz) sinh

(
κ√
ρz
)

+ ϕCO2(0) sinh
(

κ√
ρ(Lz – z)

))
d

d κ√
ρ

(sinh
(

κ√
ρLz

)
)

,

= d
dz

 lim
κ√
ρ→0

ϕCO2(Lz)z cosh
(

κ√
ρz
)

+ ϕCO2(0)(Lz – z) cosh
(

κ√
ρ(Lz – z)

)
Lz(cosh

(
κ√
ρLz

)
)

,

= d
dz

ϕCO2(Lz)z + ϕCO2(0)(Lz – z)
Lz

,

=
ϕCO2(Lz) – ϕCO2(0)

Lz
.

(3.11)
The observation made above is obtained, as expected.



Chapter 3. A Modelling Framework for Palisade CO2 Uptake 47

3.3.2 CO2 uptake rate formulation - 1D case

Equation (3.10) describes the air channel CO2 concentration with respect to air
channel depth z. The right hand side of (3.1) describes the CO2 uptake, and (3.10)
can be substituted back into it, and this can then be integrated with respect to
air channel depth. From that, we can obtain an expression for UCO2 , the uptake
rate of CO2 for a single palisade air channel:

UCO2 = ϕCO2GCO2ρ
∫ Lz

0
ϕCO2(z)dz,

=
πGCO2ρ

sinh
(

κ√
ρLz

) ∫ Lz

0
ϕCO2(Lz) sinh

(
κ

√
ρ

z
)

+ ϕCO2(0) sinh
(

κ
√

ρ
(Lz – z)

)
dz,

=
πGCO2ρ

sinh
(

κ√
ρLz

)√
ρ

κ

[
ϕCO2(Lz) cosh

(
κ

√
ρ

z
)

– ϕCO2(0) cosh
(

κ
√

ρ
(Lz – z)

)]Lz

0
,

=
πGCO2ρ

sinh
(

κ√
ρLz

)√
ρ

κ

(
ϕCO2(Lz) cosh

(
κ

√
ρ

Lz

)
– ϕCO2(0) – · · ·

· · · – ϕCO2(Lz) + ϕCO2(0) cosh
(

κ
√

ρ
Lz

))
,

=
πGCO2ρ3/2

κ sinh
(

κ√
ρLz

)(ϕCO2(0) + ϕCO2(Lz)
)(

cosh
(

κ
√

ρ
Lz

)
– 1
)

,

= πGCO2ρ3/2
(

ϕCO2(0) + ϕCO2(Lz)
)(

coth
(

κ
√

ρ
Lz

)
– csch

(
κ

√
ρ

Lz

))
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(3.12)

It is interesting to see how this solution behaves for large and small values of
air channel diameter ρ. Starting with small values of ρ, we note that:

coth
(

κ
√

ρ
Lz

)
– csch

(
κ

√
ρ

Lz

)
→ 1 as ρ → 0, (3.13)

and hence UCO2 → 0 as ρ → 0 also. This implies that, as the single air channel
gets smaller with respect to its diameter, the CO2 uptake rate also decreases.
Proceeding to large values of ρ, the hyperbolic terms of the right hand side have



48 3.3. Model derivation

the following Taylor series expansions:

coth
(

κ
√

ρ
Lz

)
) =

√
ρ

κLz
+ 1

3
κ

√
ρ

Lz + · · · , (3.14)

csch
(

κ
√

ρ
Lz

)
) =

√
ρ

κLz
– 1

6
κ

√
ρ

Lz + · · · (3.15)

Hence, from the leading order behaviour of (3.14) and (3.15) (i.e., the emergent
behaviour of the term with the largest order of magnitude for each of these), the
difference between the two terms decay as ~1/√

ρ, and thus UCO2 grows quasi-
linearly with ρ as ρ → ∞. Essentially, this analysis implies that for a single
air channel, UCO2 increases positively as air channel diameter ρ increases, and is
largely a function of the air channel diameter ρ.

3.3.3 CO2 uptake rate formulation - 2D case

The problem in the previous analysis is is is difficult to infer whole leaf behaviour
from the results of a single air channel. The analysis suggests that as the air
channel diameter increases, so does the CO2 uptake rate. So this begs the question
of why do leaves not have arbitrarily large air channels? There must be another
as yet unmodelled factor to consider. We remind the reader here that we are
actually interested in the amount of intercellular exposed surface area available for
CO2 diffusion, as it is known that CO2 uptake and photosynthetic efficiency are
intrinsically linked to the intercellular exposed surface area [2, 87] (and our model
is conveniently formulated in a way that decomposes this into air channel diameter
and depth). The problem here is that tube diameter has no influence on total
surface area - one large air channel has the same surface area as two air channels
of half the diameter, as highlighted in Ren et al. [124].

Leaves have a limited area within which the cells and air channels are arranged.
It may therefore be more meaningful to introduce a constraint on a number of
air channels within a given cross-sectional area, to more accurately represent the
biology at hand. Let us assume that a number of air channels, N, are packed within
a square cross-section of the leaf, with side length Lx, and area L2

x, as shown in
figure 3.3.
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Figure 3.3: Top-down view of the as-
sumed homogeneous palisade air channel
arrangement within a bounded area.

Figure 3.4: CO2 uptake rate for the air channel
arrangement on the left, as a function of air channel
diameter.

Now, within this region of interest L2
x, we have a constraint L2

x = Nρ2, which

gives us the number of air channels as N = L2
x

ρ2 . To obtain the CO2 uptake rate
per leaf area, we can therefore multiply the expression for CO2 uptake rate of a
single air channel (3.12) by the number of air channels N, and divide it by the leaf
(or region of interest) area L2

x:

Uleaf
CO2 = N × UCO2 × 1

L2
x

=
UCO2

ρ2 . (3.16)

We can then compute (3.16) for a range of air channel diameters, resulting in
Figure 3.4, with model parameters such as Lz and GCO2 taken as averaged Col-0
values from table 2.2. Once more, using the relation from equation (3.13), it is
clear that the CO2 uptake rate of N air channels within a leaf area is now maximised
when ρ → 0. This bears more resemblance to reality, where a leaf might contain
several smaller air channels, as opposed to a single large one. However, this is still
not quite right. For very small air channels of the order of the mean free path
of CO2 molecules and smaller, we might expect a reduction in the CO2 diffusion
coefficient, and the assumption of Fickian diffusion may no longer hold, ceding its
position to Knudsen (molecular) diffusion, another means of diffusion which is more
prevalent when the diffusion path is on the same scale or smaller than the mean
free path of the particles involved [88]. This observation also breaks down when
considering that there are other gases present in the air channel, such as water
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vapour, with much larger mean free path values than CO2 implying that leaves
most likely do not possess infinitesimally small air channels for gaseous diffusion.
In addition to this, the mean free path for CO2 at standard temperatures and
pressures is ~6 × 10–8 m, which is approximately two orders of magnitude lower
than observed air space diameters for Arabidopsis thaliana [87], pointing to other,
more important factors.

3.3.4 CO2 uptake rate formulation - 2D case with cell thick-
ness

The assumed air channel arrangement in Figure 3.3 was headed in the right direc-
tion. However, in this arrangement, air channels are packed around each other,
and are ‘touching’, implying that there is cellular material between two air chan-
nels, which lacks biological realism. In reality, one would expect the air channels
to be arranged between packed cells in the palisade mesophyll. It is therefore more
meaningful to revisit the constraint in Figure 3.3, where we now consider multiple
air channels and the cell thickness, or d between them. The cell thickness d can
be assumed to be one or more palisade cells in between air channels, where d is
at least in the range of tens of µm, which is the scale expected for Arabidopsis
thaliana cells [153, 173].

Consider a uniform arrangement of N air channels in an idealised leaf region
of area L2

x (Fig. 3.5). d represents the spacing between air channels, occupied by
cellular material, and its minimum value must be non-zero (cell thickness d > 0).

We can revisit the constraint L2
x, which now results in L2

x = N(ρ + d)2. We
can now obtain an expression for CO2 uptake rate for N channels per leaf area L2

x
by multlying UCO2 by the number of air channels N and dividing by L2

x, resulting
in:

Uleaf
CO2 =

πGCO2ρ3/2
(

ϕCO2(0) + ϕCO2(Lz)
)

κ(ρ + d)2 sinh
(

κ√
ρLz

)
 cosh

(
κ

√
ρ

Lz

)
– 1
. (3.17)
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Figure 3.5: Top-down view of the assumed homogeneous palisade air channel
arrangement within a bounded area.

Equation (3.17) allows us to estimate the total of CO2 uptake per unit time for
a given leaf area based on the number, diameter and spacing of the air channels
within that leaf region. This model allows us to predict the optimal air channel
diameter for CO2 uptake, and to investigate how measured air channel diameters
from real leaves compare to this prediction.

The new parameter for cell thickness, d, can also be calculated from the con-
straint L2

x = N(ρ+d)2. In Chapter 2, we defined an expression for palisade porosity
as:

Porosity, P =
[

Total channel Area
Total Mask Area

]
. (3.18)

The total mask area here is L2
x, and the total channel area is given by N times the

area of one air channel (using the circle area equation). This means:

Porosity, P = Nπρ2/4
L2

x
= Nπρ2/4

N(ρ + d)2 ,

P = πρ2

4(ρ + d)2 . (3.19)
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We can rearrange (3.19) to obtain an expression for cell thickness, d, in terms of
palisade porosity P and air channel diameter ρ:

d =
(

1
2

√
π

P – 1
)

ρ. (3.20)

In our model (3.17), CO2 uptake is dependent on the structural variables, air
channel diameter ρ and cell thickness d, which in turn collectively determine air
channel number, N, within a given leaf area. Our calculation also incorporates the
conductance constant GCO2 which depends upon temperature and gm (mesophyll
conductance to CO2). Using measured values of these variables from paired x-ray
µ-CT and gas exchange data sets from leaves of Arabidopsis plants, we are able
to constrain certain parameters to investigate the effect of varying another.

We used measured values of mean air channel diameter, mean air channel
depth and mean mesophyll conductance from our control, Col-0, to parameterise
the model, and modelled the relationship between CO2 uptake rate and air channel
diameter by varying the value of ρ (Fig. 3.6). This analysis revealed that the
relationship between Uleaf

CO2
, CO2 and ρ has a unique global maximum, which

represents the ‘optimal’ air channel diameter to maximise CO2 uptake rate. This
result makes intuitive sense: since the cell thickness, d, is fixed, CO2 uptake within
a given leaf area is limited at both small and large air channel diameters, as exposed
mesophyll surface area is constrained by channel size or number respectively. The
maximum exposed mesophyll surface area for a given leaf area is achieved with a
medium number of medium-sized air channels. Essentially, with d fixed, at low
porosities (small air channels) there is very little exposed intercellular surface area,
and at high porosities (large air channels), there is once more very little exposed
area with respect to the amount of cellular tissue available for photosynthesis
[124, 150].

This result is consistent with the widely held notion that internal exposed mes-
ophyll surface area, which in our model is determined by air channel diameter ρ, is
a key structural parameter in the limitation of CO2 uptake from the air channels
into the mesophyll [87, 124, 125, 150].
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Figure 3.6: CO2 uptake rate for N air channels per leaf area as a function of air
channel diameter.

We compared the modelled optimum air channel diameter to the measured
values from the same data set used to extract values for the parameters that we
fixed (gm and air channel inter-distance). The range of measure values for the
air channel diameters of Arabidopsis mutants is represented by the coloured lines
in Fig. 3.6. The modelled global optimum lies within the range of measured
Arabidopsis air channel diameters. This alignment of experimental and theoretical
data suggests that the model is successfully capturing some element of how air
channel structure relates to CO2 uptake within the leaf. It is worth highlighting re6
(red line on Figure 3.6), which is a mutant with high porosity, and relatively lower
CO2 assimilation rate, also matches the observed notion that large air channels
within a fixed leaf area limits photosynthesis.



Chapter 4

Predictive Modelling of Leaf
Structure to Function

4.1 Introduction

With the CO2 uptake rate model, CO2 uptake is dependent on the structural
variables air channel diameter ρ and cell thickness d, which in turn collectively
determine air channel number, N, within a given leaf area. Our calculation also
incorporates the conductance coefficient GCO2 which depends upon temperature
and gm (mesophyll conductance to CO2). Using measured values of these variables
from paired x-ray µ-CT and gas exchange data sets from leaves of Arabidopsis
thaliana plants, we are able to constrain certain parameters to investigate the
effect of varying another parameter, notably highlighting the relationship between
modelled CO2 uptake rate Uleaf

CO2
and air channel diameter ρ.

While modelled values for optimal air channel diameter are well-matched to
measured values from Arabidopsis leaves, there is a discrepancy between the cor-
responding values of CO2 uptake rate, with the model predicting CO2 uptake
around 7× to 11× greater than measured values (Table 4.1). This chapter covers
the re-parameterisation of the CO2 uptake rate model, exploring the difference be-
tween measured CO2 assimilation, and the re-parameterised effective CO2 uptake.

54
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Table 4.1: Displaying the large scaling error between the measured and modelled
CO2 uptake rates for samples of wild-type Arabidopsis, Col-0

Sample Measured CO2 assimilation rate Modelled CO2 uptake rate Scaling error

A400 [µmol m–2 s–1] Uleaf
CO2

[µmol m–2 s–1] [
Uleaf

CO2
A400

]

Col-01 13.83 96.56 7.21
Col-02 14.16 117.18 8.28
Col-03 13.78 150.93 10.95
Col-05 15.04 111.44 7.41
Col-06 15.48 108.89 7.03

4.2 Cross-validated parameterisation of the CO2
uptake rate model

We sought to identify the source of this error by considering each of the structural
and physiological parameters that contribute to the calculation of CO2 uptake.
We deem the error unlikely to have arisen from structural parameters such as air
channel diameter or air channel depth, as these can be visually checked. A more
likely source of the discrepancy in modelled uptake and measured assimilation is
either the calculated gm value, which contributes to the conductance coefficient
GCO2 , or the unit conversion formula.

While we did assume that the conductance coefficient GCO2 was an invariant
parameter quantifying how CO2 moves from the air channels into the cell tissue
across the entire leaf, we should appreciate how complex the real situation really
is. Our coefficient is calculated from the mesophyll conductance to CO2 gm,
which describes how CO2 reaches the sites of fixation within the chloroplasts after
travelling though a number of biochemical and structural barriers, often varying
on external environmental factors, and intracellular ones such as enzyme levels, or
chloroplast size and density [55, 94, 151, 174]. As discussed in the model deriva-
tion, gm is estimated solely from A – Ci (gas exchange) data, largely ignoring some
of these highly variable factors. In addition to this, a very simplistic conversion
equation (3.6) was assumed, only accounting for the leaf temperature. It might be
more realistic to model several stages of the mesophyll conductance and implement
several of these factors, for instance modelling intercellular airspace conductance
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and liquid phase conductance. Unfortunately, measurements, or even estimates of
several required parameters are largely unavailable due to current technical limita-
tions, or rely on even more assumptions, and attempting to quantify these for a
line of mutants would be ambiguous at best [57].

While the model captures several key structural parameters, internal mech-
anisms that are not captured have no explicit descriptors, and the biochemical
properties are largely represented by a global value per leaf through the conduc-
tance coefficient GCO2 . Therefore, the error is indeed likely to lie in how this
factor is estimated: some mutants, albeit having a similar palisade structure, can
have a different conductance coefficients (Col-0 and arp3, for instance, have rather
similar intercellular air channel structures, but arp3 has a much lower mesophyll
conductance and lower CO2 assimilation rate). This could be due to a multitude of
factors that are not captured by the generalised CO2 uptake model, such as vary-
ing chloroplast concentrations inside the cells, different internal pathway lengths
(e.g., different cell membrane thicknesses, or different RuBisCO concentrations or
activity levels).

Another potential source of error is the assumed CO2 concentration at the top
and bottom of the air channel. We assumed amphistomatous behaviour, but the
abaxial and stomatal densities of Arabidopsis thaliana could vary, leaning more
towards hypostomatous behaviour [185].

A two-fold sensitivity analysis is in order to assess which of these is most likely
to be the source of discrepancy. Figure 4.1 illustrates the CO2 uptake rate model
as a function of GCO2 (i.e., Uleaf

CO2
(GCO2) ). Structural values such as air channel

diameter ρ are taken from Col-0 values, and the adaxial CO2 concentration is taken
at 100%, 50% and 25% of the abaxial CO2 concentration over three runs of the
model.
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Figure 4.1: CO2 uptake rate as a function of the CO2 conductance coefficient,
for 3 different boundary conditions of CO2 concentrations.

This sensitivity analysis supports the hypothesis that the source of error is
indeed likely to be the calculated GCO2 using the conversion equation (3.6), which
is also leading to an overestimation of Uleaf

CO2
by roughly an order of magnitude.

To test our hypothesis that the scaling error arises from the conductance coef-
ficient GCO2 , we equated the modelled CO2 uptake rate (Uleaf

CO2
) to the measured

CO2 assimilation rate (A400) values, and numerically solved for a value of GCO2 ,
referred to as desired GCO2 to distinguish it from that derived from equation (3.6).
The scaling error for values of desired GCO2 against calculated GCO2 matched the
errors observed in table 4.1 in terms of order of magnitude.

This test, along with Table 4.1 and Fig. 4.1, seems to show that a lot more
CO2 diffuses from the air channel into the mesophyll tissue than the amount of
CO2 that is assimilated, suggesting that this process of conversion from diffusion
to assimilation is quite inefficient. In fact, C3 photosynthesis is well documented
to be quite an inefficient process. One of the major culprits behind this lack of
efficiency in converting diffused CO2 is the catalytic enzyme RuBisCO, one of the
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enzymes behind the C3, or Calvin Cycle, that we gave an overview of in Chapter
1 [120]. RuBisCO in an enzyme with a very low turnover and surprisingly low
affinity for CO2, given its central role in photosynthesis [164]. To make things
worse, it also catalyses two competing reactions: carboxylation and oxygenation
(through photorespiration) [117]. The carboxylation part is what leads to the
photosynthetic carbon cycle, where CO2 is eventually assimilated by the leaf [143].
The oxygenation causes a loss of already fixed CO2, and can lower photosynthetic
output by 25-30% [133].

The level of detail in both our paired structural/gas exchange datasets, and our
model parameters does not allow us to make the clear assertion that RuBisCO is
the sole culprit behind the CO2 uptake model overestimating its output. However,
we can at least appreciate that it may be a factor (and one of many unmodelled
parameters) behind this inefficiency. It is clear that there are also be other factors
at play here, For instance, water vapour flux inside the air channels (where CO2
also diffuses) was found to be a major limitation of maximising photosynthetic gas
exchange in coffee plants, leading to a large diffusional resistance (which implied
low chloroplastic CO2), while the coffee RuBisCO was tuned to operate at low
chloroplastic CO2 conditions [100].

What we can do to remediate this situation, however, is fit our model using
the measured gas exchange parameters (both A400 and gm) to re-parameterise the
model, which then should allow us to get a prediction on the ‘effective’ CO2 uptake
rate, i.e., a prediction on the amount of CO2 that is diffused into the mesophyll
and actually used. We can centre this around GCO2 , and introduce a correction
term in equation (3.6) - a term which will arise out of the fitting process.

The inclusion of such terms when fitting models built from first principles to
measured data is not uncommon. One example that might be relevant here is
a modelling framework designed by Parkhurst and Mott [113] to investigate the
extent to which CO2 diffusion limits CO2 assimilation, developed from a previous
model by Kirschbaum and Farquhar [83]. A term β was included to account for
both unit conversions and the change from CO2 diffusion rate from one point to
the CO2 assimilation rate at that point.

Going back to our own modelling framework, let us introduce a correction factor
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for GCO2 , η, required to make the model output match measured assimilation
values (i.e., finding out a value of GCO2 such that the model output is equal to the
measured value) , resulting in a modified Woodward equation (equation (3.6)):

ĜCO2 = ηgmRTK, (4.1)

where ĜCO2 is the corrected conductance coefficient, obtained from numerically
solving our model for the case when Uleaf

CO2
= A400 (i.e., modelled output is equal

to the measured value). We used the results in to calculate a corresponding η for
each Col-0 sample, then applied the Leave-One-Out (L-O-O) cross validation
method of parameter tuning, which generally produces low bias for small sample
sizes [18]. This method excludes each sample in turn, and merges the other samples
to form a mean correction weight η̄. Taking a sample set that has 3 samples (i.e.,
n = 3) for instance, the correction on the first sample would be:

ĜCO2 ,1 = η̄2,3 × gm,1 × RTK, (4.2)

where η̄2,3 is the mean of the correction factors of the remaining (second and third)
samples, and gm,1 is the mesophyll conductance of the first sample. The corrected
conductance coefficients do greatly improve the match between measured and
modelled uptake rates. Table 4.2) shows the new ‘effective’ CO2 uptake rates
from the model against measured CO2 assimilation rate values, along with the
scaling error, for all of our Col-0 samples.

Table 4.2: Modelled ‘effective’ CO2 uptake rate for Col-0.

Sample Measured CO2 assimilation rate Modelled effective CO2 uptake rate Scaling error

A400[µmol m–2 s–1] Uleaf
CO2

[µmol m–2 s–1] [
Uleaf

CO2
A400

]

Col-01 13.83 11.78 1.14
Col-02 14.16 14.91 0.95
Col-03 13.78 20.59 0.67
Col-05 15.04 13.67 1.10
Col-06 15.48 13.11 1.18

Interestingly, when we carry out the same process of correction factor calcu-
lation on other Arabidopsis mutants, we find that the factor varies per mutant.
In order to quantify how the modelled ‘effective’ CO2 uptake rate of our chosen
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Arabidopsis thaliana mutants differ from the control Col-0, we introduced an extra
term, α, such that:

ηmutant = αmutant × η̄Col–0, (4.3)

where η̄Col–0 is the average correction weight of all Col-0 samples. The α

term, which shall be referred to as the deviation factor, is the correction weight
for mutants normalised by the correction weight of Col-0, providing us with a
quantified measure of how mutants deviate from the control samples of Col-0 in
terms of the prediction of ‘effective‘ CO2 uptake rate (Note that this implies α≈
1 for Col-0).

We can therefore obtain a corrected and cross-validated prediction on the effec-
tive CO2 uptake rate within the palisade through the inclusion of a correction factor
η obtained from fitting measured gas exchange data to the model. Through the
inclusion of an extra term α, we can also quantify the performance of our selection
of mutants relative to the control line.

Table 4.3 shows the average comparison between the measured CO2 assimila-
tion rates and the predicted effective CO2 uptake rate values. Some of the larger
prediction errors arise from an observed variance in the measured CO2 assimilation
rate, calculated mesophyll conductance and air channel measurements for certain
mutants, such as EPF2-OE.

Table 4.3: Average corrected performance, characterised for each mutant.

Sample Deviation factor α Measured CO2 Modelled effective CO2 Mean scaling
assimilation rate A400 CO2 uptake rate Uleaf

CO2
Error

[µmol m–2 s–1] [µmol m–2 s–1] [
Uleaf

CO2
A400

]

Col-0 1.00 14.46 14.81 1.01
arp3 1.01 13.57 14.16 1.02
qua2 1.11 17.19 17.61 1.01

EPF2-OE 1.20 13.72 23.60 0.67
focl 0.69 10.93 11.06 1.01

ATML1pro : KRP1 0.54 15.21 17.33 0.96
re6 0.96 11.24 11.40 1.00
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Fig. 4.2 shows the modelled ‘effective’ CO2 uptake rates plotted against the
measured CO2 assimilation rates for all individual samples of all mutants, with a
reference line showing the case where the model perfectly predicts the measured
value (i.e., modelled value = measured value). The model output looks reasonable
for all mutants except perhaps for EPF2-OE where it overestimates some samples
by a larger margin than the rest of the mutants. This is likely due to a higher
variance observed in the measured values of CO2 assimilation rate, mesophyll
conductance and air channel diameter for EPF2-OE as seen in table 2.2.

Figure 4.2: Effective CO2 uptake rate model outputs plotted against measured
CO2 assimilation rates per sample of each mutant. The straight line represent the
case where the modelled output perfectly matches the measured assimilation rate.

We also saw in Chapter 3 (specifically equations (3.14), (3.15)) that the model
behaviour was modulated in large part by the air channel diameter, and our EPF2-
OE samples were had a large range of values for that parameter. This shows that
the model is sensitive to sample sets that have a high variance, and may tend to
under or over predict for such samples.
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The main result from Chapter 3 (Fig. 3.6) can be repeated now that knowledge
from the measured gas exchange data has been fully incorporated into the model
via parameter fitting. The result is now much more reflective of the observations
done during mutant characterisation in Chapter 2.5. For instance, the averaged
Col-0 performance with respect to air channel diameter lies on the curve (fitted
for Col-0). The qua2 mutant, despite structural defects leading to enlarged air
channels, clearly performs better than Col-0. The ATML1pro : KRP1 line has
slightly smaller air channels (and smaller cells), and also performs better, which
lines up with the observation from Théroux-Rancourt et al. [150] that densely
packed, smaller cells are linked with increased CO2 diffusion, and hence uptake.
Once more, the re6 mutant, with extreme palisade mesophyll structure defects
(very large air channels), is seen to perform relatively poorly.

Figure 4.3: Effective CO2 uptake rate as a function of air channel diameter ρ.
The stars are markers of measured CO2 assimilation rates with respect to air
channel diameter for each mutant.
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4.3 How does air channel depth affect CO2 up-
take?

While α can be thought of as a measure of how mutants deviate from the control
line, Col-0, the current analysis does not reveal much about its physical significance
in terms of its relationship with the mesophyll palisade structure. To investigate
how the deviation factor α is related to the internal leaf structure, we compared it
to our various structural parameters. We observed a strong, negative relationship
between α and palisade air channel depth, Lz.

Figure 4.4: Deviation factor α against air channel depth Lz.

This observation suggests the the ‘effective’ CO2 uptake rate is a function of air
channel depth, and leaves with shorter palisade air channels may be more efficient
at photosynthetic conversion of CO2 diffused from the air channels. This would
imply a trend in which leaves with shorter diffusion pathways within the palisade
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mesophyll are better at assimilating CO2, which could suggest an optimisation of
inner mesophyll structure. These results contrast the perhaps expected opposite
results, where one might initially expect deeper air channels to uptake more CO2
solely by virtue of having a larger volume.

We can consider prior work by Evans and Vogelmann [51], Vogelmann and
Evans [162] and Borsuk and Brodersen [13] to try and make sense out of this. It is
known that CO2 fixation within the mesophyll cells is affected by light, essentially
mediating chloroplast profiles through cell depth. Chloroplasts, the photosynthetic
apparatus inside of mesophyll cells, will shift their position inside of the cells as
a response to light, either moving towards the light source, or moving away from
excess light in a process called photoprotection to prevent photoinhibition (stress
caused by excess light, which can damage the leaf and reduce photosynthetic ef-
ficiency) [85]. A study by Gotoh et al. [63] showed that light-induced chloroplast
movement was restricted for a thick leaved Arabidopsis thaliana mutant (the an-
gustifolia mutant, specifically targeted to have a thick palisade layer), while for
Col-0, light-induced movement of chloroplasts through the mesophyll was less re-
stricted. The thick leaved mutant showed a higher chloroplast content per leaf
area, which was the reason attributed to enhanced photosynthesis, but this muta-
tion could be more expensive in terms of resource allocation and balancing, and
past a certain thickness increase, the leaf could be seeing diminishing returns in
terms of investment and photosynthetic yield, which is why the wild-type Ara-
bidopsis thaliana is relatively thinner [69]. This would suggest that for a thinner or
shorter palisade mesophyll, the light absorption profile, chloroplast concentrations
and intercellular CO2 concentration profiles might overlap better, leading to an
‘easier’ CO2 uptake.

This brings us to the concept of sun and shade leaves, and the link between CO2
assimilation and mesohyll depth, or thickness [147]. Sun leaves have been observed
and modelled to be thicker (with a more columnar palisade mesophyll) [147] - being
at the top of the plant, they have more readily access to the external resource that
is light. It is therefore ‘easier’ for them to scatter light down a thicker palisade
layer and into the spongy mesophyll layer, also allowing this lower to participate in
photosynthesis. However, while an increased mesophyll thickness is accompanied
with increased surface area available to chloroplasts facing air spaces, it is also
accompanied by an increase in diffusional resistance (i.e., a decrease in conductance
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as the pathways lengthen), and an increase in construction and maintenance costs
of the leaf for the plant. Shade leaves, on the other hand, are larger in area but also
thinner - this could be explained as an ‘optimisation’ attempt by the leaf in order
to make better use of light, which is more limited for shade leaves. Shade leaves
have been observed to use less chlorophyll to capture an equivalent amount of light
for photosynthesis compared to sun leaves, with their CO2 assimilation being best
correlated to their palisade cell shape (i.e., depth) and chloroplast distribution,
suggesting that their thinner palisade is an adaptation to maximise photosynthesis
[86]. Temme et al. [146] also experimentally observed that thinner leaves tended
to show improved mesophyll conductance to CO2 (when grown under low CO2),
which would further support our own observations.

We can take the opportunity here to appreciate some unmodelled factors that
may affect our observations, such as chloroplast size, density and movement (the
latter of which we discussed). Zurzycki [186] postulated that chloroplast move-
ment, when considered as a function of incident irradiance (irradiance falling di-
rectly on the leaf surface), maximised the use of limiting light for photosynthesis,
and minimised damage caused by excess light to photosynthetic apparatus [111].
A study by Jeong et al. [79] demonstrated that a large population of smaller
chloroplasts (the chloroplasts observed in wild-type Arabidopsis thaliana can be
described as such) was better in terms of photosynthesis than having fewer, en-
larged chloroplasts. A large group of smaller chloroplasts offered more surface area
for the intercellular CO2. In addition to this, a better performance was linked to
the chloroplast stroma (the internal matrix of the chloroplast) thickness. The re-
arrangement of chloroplasts through the mesophyll was therefore better facilitated
by many small chloroplasts than fewer, larger ones.

Other unmodelled traits that could be of interest are cell wall thickness &
composition. Knauer et al. [84] observed that mesophyll conductance imposed a
limit to photosynthesis, but no direct relationship was found between mesophyll
conductance and RuBisCO content and ‘true’ carboxylation capacity of RuBisCO.
It was instead suggested that the cell wall thickness was a factor affecting gm
[23, 49, 50, 158, 159, 178]. More specifically, differences in both the cell wall
thickness and composition (hence, the cell wall porosity) were found to affect gm,
and ultimately, CO2 assimilation [3, 44, 58].
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4.4 Does the conductance coefficient vary with
air channel depth?

The extensive evidence from literature, presented above, shows us that the situa-
tion at hand is incredibly complex, and also seems to suggest that photosynthetic
traits such as mesophyll conductance gm vary through the palisade mesophyll depth
rather than acting as a constant value throughout the entire leaf. In our discus-
sion, we laid out that chloroplasts moved through the mesophyll as a response to
irradiance incident on the leaf surface.

There, we posit that mesophyll conductance gm (upon which our conductance
coefficient GCO2 is dependent) varies proportionately to the surface area of chloro-
plasts exposed to the intercellular air spaces, the position of which is mediated by
the leaf incident irradiance [49].

Aalto and Juurola [2], Kirschbaum [82], Lloyd et al. [91], Vogelmann and Martin
[163], amongst others, showed that the light absorption profiles through the leaf
mesophyll could be approximated by the Beer-Lambert law, which describes the
attenuation of light with respect to the material it is travelling through [103]. We
can use the form presented by Lloyd et al. [91], adapted to our nomenclature:

I = c1I0e–c2z/Lleaf , (4.4)

where:

• I0 is the incident irradiance (photon irradiance on the leaf surface) (mol quanta m–2 s–1),

• c1 is a constant that can take on values greater than 1 to account for internal
scattering effects near the adaxial surface (upper surface),

• c2 is a constant describing the rate of exponential decay,

• z is the distance from the surface of the leaf (m),

• Lleaf is leaf thickness (m).

c1 was experimentally estimated to be around 1.1 for the light intensity in the
palisade layer to remain high, while the attenuation (or extinction) coefficient c2
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was fitted at a value of 2.4, both of which we will use in Fig. 4.5 below. The
incident irradiance was fitted to a saturating value of 1500 mol quanta m–2 s–1,
taken from Aalto and Juurola [2]. They, along with Evans [48], remarked that
the palisade layer may minimise scattering effects and ‘guide’ light to the spongy
mesophyll through collimation, where large scattering effects may enhance light
capture. This may imply a more uniform profile than the one presented by the
Beer-Lambert law, but we will not be taking this case into account for our analysis.

Borsuk and Brodersen [13] also showed that the chlorophyll content through the
mesophyll depth could be estimated through a simple quadratic equation. Using hi-
erarchical clustering on a range of collected data for several species, they identified
the presence of several clusters of species that shared similar concentration profiles,
and assigned different numerical coefficients for the quadratic expression of each
cluster - we will be using the values assigned to the cluster Arabidopsis thaliana is
found in. Fig. 4.5 shows the fitted Beer-Lambert law and the Borsuk-Brodersen
chlorophyll concentration equation overlaid.

Figure 4.5: Chlorophyll concentration and light absorption profiles with respect
to mesophyll depth.
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Fig. 4.5 also includes a reference line to indicate the transition from palisade
to spongy within the mesophyll.

While both chloroplastic distribution and light absorption are well aligned to
each other and seem like promising avenues, mathematically describing their com-
bined mechanistic effects isn’t as simple as just adding or multiplying both expres-
sions into our governing equation. Indeed, the situation is more complex than this.
Rather than haphazardly guessing a model structure that holds little to no mecha-
nistic basis, let us instead prescribe an arbitrary polynomial with sufficient degrees
of freedom for GCO2(z), and then brute force a parameter search over the values
of the coefficients that minimise the error. The resulting shape of GCO2(z) might
then guide us towards a physical explanation for the profile (i.e., the combined
behaviour of light and chlorophyll).

GCO2(z) = w1 + w2z + w3z2 + w4z3 + . . . , (4.5)

where w1, w2, w3 . . . are the polynomial coefficients to be determined.

Given a variable expression for GCO2 (4.5), an exhaustive Leave-One-Out (L-
O-O) Cross Validation grid search method can be designed determine the weights
w1, w2, . . . that gives the minimum mean squared error between the modelled
output and the equivalent measured value, as described by the algorithm below.
Note that with a varying GCO2(z) instead of a constant GCO2 , this turns our
model of Uleaf

CO2
into a semi-analytical expression - solving it analytically returns a

solution in the form of Airy functions or modified Bessel functions, which are hard to
interpret physically and tell us nothing meaningful about the new model behaviour.
We instead opt to solve the model numerically through a finite-difference method,
as shown in the algorithm below.

As the exhaustive grid search is very computationally expensive, a smaller subset
of our collected Arabidopsis thaliana data is used to test this algorithm (n=3 for
Col-0, arp3, qua2, EPF2-OE each).
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Algorithm 4.1 L-O-O CV Grid search for polynomial coefficients of GCO2(z)
Result: Finding ‘best’ set of weight values (using min squared error)
Define constants (e.g., array of air channel diameters ρ, Lz etc.)

e.g., ρ =
[
ρ1 ρ2 ρ3︸ ︷︷ ︸
mutant 1

ρ4 ρ5 ρ6 . . . ρi
]

Define weight vector, e.g., W =
[
W1 W2& . . . Wj

]
for k = 1 · · · length(ρ vector) do

for l = 1 · · · length(W vector) do
Nest an extra for loop here for every additional weight coefficient
Set up finite difference matrices (inner for loop process because of varying
Lz’s)

Solve for CO2 uptake U by integrating numerically
end

end
This results in a matrix of modelled uptake values for all mutants and weight

values: U =


Uρ1,W1 Uρ1,W2 · · · Uρ1,Wj

Uρ2,W1 Uρ2,W2 · · · Uρ2,Wj
... ... . . . ...

Uρi,W1 Uρi,W2 · · · Uρi,Wj


Calculate squared error matrix SqErr= |A400 – U|2

Leave one out procedure takes place here:
for exclude_idx = 1 · · · length(ρ vector) do

desired_idx = [1:(exclude_idx -1), (exclude_idx+1):length(ρ vector)] (This
process excludes a sample row-wise)

desired_err = SqErr(desired_idx, :)
J(exclude_idx) = sum(desired_err,1)

end
The process above is a cost function to minimise the error: i.e., → Cost function
JM(j, k, l, . . .) = ∑

i̸=M E(j, k, l, . . .)
Best weights, W∗

M = argminj,k,l,...JM(j, k, l, . . .)
Re-predict CO2 uptake using best Ws per sample
Calculate new Ĝ and mean squared error of model performance with respect to
measured values.
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Figure 4.6: Grid search method result for increasing polynomial orders.

The grid search method turned out to get increasingly computationally ex-
pensive, with the search resolution getting worse as the dimensionality increased,
mostly owing to the space between each data point increasing as the number of
dimensions increased, causing the higher dimensional search spaces to be rather
sparse despite having more points than the lower ones (the curse of dimension-
ality!). The polynomial coefficient search space was restricted to positive values
for this search in an attempt to preserve an acceptable resolution - however, given
more computational resources, the search should most definitely include negative
coefficient values in the space too, as these would provide a greater search space
area. The result shown in Figure 4.6 is rather poor, as one would expect the spread
of predicted Uleaf

CO2
values in the upper graphs to reduce as the polynomial order in-

creased. However, we instead do not observe a decrease an error, leading us to
believe that the resolution of the search space is either too coarse. We therefore
ran the algorithm again, but with a search space containing twice as many points
across each dimension, leading to much more possible points in the higher order
search spaces.
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Figure 4.7: Grid search method result for increasing polynomial orders, over a
search space twice as dense as the previous run.

The result however, was much of the same, with the exhaustive seach algorithm
once more not reducing the spread of predicitions (and hence the prediction error)
as the order increased. As seen above, exhaustive grid searches do not scale
up particular well to higher dimensional spaces (over 2D). In particular, running
exhaustive grid searches over finer resolutions as the dimensions increase turned
out to be prohibitively expensive.

Random search methods, on the other hand, are well adapted for our model
formulation here, and should cost a fraction of the computational cost of the
exhaustive grid search method, while also providing a better coverage of the search
space [8]. Here, we opt for a guided random search method: the genetic algorithm.

Genetic Algorithms (GA) have been around since the 1970s and are a type
of numerical optimiser which is based upon the idea of biological evolution and
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survival of the fittest. Genetic algorithms operate on a string structure (set of
parameters) which are evolved over time. In general they are comprised of a
number of steps including, but not limited to, crossover, recombination, mutation
and selection. These steps allow for information to be passed on from parents to
offspring while also allowing for additional changes to take place. They initiate its
search from a population of points rather than a single one. Genetic algorithms
have several advantages including the ability to deal with complex problems and
parallelism [140].

We can therefore design a L-O-O cross-validated GA method to search for
polynomial coefficient values of GCO2(z) that would best fit our model. The
datasets are separated into n folds of training and validation sets using a L-O-O
approach, and then run through a standard GA with the following settings

The fitness function for the GA method can be defined as:

j = argmin
∑(

|Measured CO2 assimilation rate – Modelled CO2 uptake rate|
)
.

(4.6)

Figure 4.8: Two separate genetic algorithm runs, both failing to converge.

The GA results above show that while the fitness function does slightly con-
verge initially, as the generations progress, it does not converge to a set of similar
solutions over the various datasets, therefore not predicting a set pattern or be-
haviour in GCO2(z), with a large number of oscillations between the mean and best
values, which suggests that the model is not being correctly fitted. Two possible
explanations are that the GA method is unable to predict a trend, or that the
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model is incapable of predicting any underlying behaviour we might expect from
GCO2(z).

We demonstrated that there was a strong relationship between air channel
depth Lz, CO2 uptake rate and CO2 conductance coefficient GCO2 . An apprecia-
tion was made about GCO2 being highly like to vary with air channel depth as a
response to factors such as light irradiance and palisade chlorophyll distribution.
However, instead of guessing a potentially incorrect expression involving these two,
we opted to represent GCO2(z) as a polynomial expression, with the intent to solve
our model with a now variable conductance coefficient using our paired structural
measurements and A – Ci gas exchange data.

Both an exhaustive grid search method and a random search method (genetic
algorithm) failed to provide a consistent pattern or behaviour for a GCO2(z) that
varied with air channel depth, even when explored with increasing degrees of free-
dom in the polynomial expression. This potentially implies three scenarios: either
the model is missing some key parameters/variables, some other current parame-
ters should be explored as now being variables (to channel depth Lz, for instance),
or this behaviour simply cannot be modelled using the type of A – Ci data we have
collected.

We suggest repeating this experiment by collecting data from Arabidopsis
thaliana mutant lines with documented changes to the mesophyll thickness, such
as the angustifolia line with increased mesophyll thickness [63, 81], or with mutants
that have been engineered to have different chloroplast behaviour, density or size,
for instance fewer, enlarged chloroplasts, like the arc line [167], with more detailed
measurements of cell wall structural properties and chloroplast size, density and
location recorded. This may then allow us to shed some more light on the obser-
vation in Fig. 4.3, and more clearly formulate the relationship between palisade
mesophyll structure, CO2 uptake, CO2 assimilation and mesophyll conductance.
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A Modelling Framework for
Water Loss in the Palisade
Mesophyll Air Channel

5.1 Motivation

CO2 enters the leaf through the leaf’s pores (stomata), where it diffuses through
the intercellular air channels. where it is uptaken the cells for CO2 assimilation. As
this pathway connects the inner leaf to the atmosphere, the leaf also loses water
from its cells, into the air channels and to the outside of the leaf in the form of
water vapour, through a process known as transpiration [126]. The leaf therefore
acts both as a CO2 sink and a H2O source [42]. As the leaf transpires, the plant
ensures a continuous flow of water through its internal hydraulic system to replace
this loss. This clearly indicates a shared pathway through the leaf mesophyll air
channels for both CO2 and water vapour.

In addition to this, if plants lose water in excess (i.e., they experience water
stress), both structural and physiological components of the leaf will become af-
fected. Water loss can lead to a loss of turgor pressure (the water pressure within
the cell that helps it maintain its shape), which directly influences cell shape and
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leaf porosity, therefore altering the amount of intercellular surface area available
for CO2 uptake [131, 132]. This has also been documented to affect mesophyll
conductance, as its individual pathways, such as cell wall thickness and permeabil-
ity, also suffer as a consequence [179]. Water-related changes to the structure and
physiology also affect hydraulic parameters, such as the leaf hydraulic conductance
- defined as a measure of the ratio of water flow rate and water potential gradient
across the leaf (not a direct equivalent to mesophyll conductance, but the principle
of similitude may be applied here) [57].

To conclude, photosynthetic traits such as CO2 assimilation and mesophyll
conductance, hydraulic traits such as transpiration and leaf hydraulic conductance
& leaf structure have been documented to be related, either through a coordination
of CO2 gas exchange and hydraulic flow, or through the structure constraining
photosynthetic and hydraulic function [31, 57, 105, 115, 152, 179]. However,
underpinning this relationship at a local scale (e.g., at the mesophyll scale) remains
challenging, as directly measuring hydraulic behaviour at such a scale proves to be
non-trivial and is technically challenging [75, 171]. However, with measurements
of individual mesophyll air channels quantifying the leaf mesophyll structure, paired
with gas exchange measurements, and theoretical knowledge of water vapour loss,
is it possible to investigate the relationship between palisade mesophyll structure,
CO2 uptake and water vapour loss? We will set out to achieve this objective in
this chapter.

5.2 Water loss model

Before diving into modelling a water loss model, let us re-iterate that assumptions
made for the CO2 uptake modelling process hold here as well. An expression for
the concentration of water vapour within the palisade air channel can be obtained
in a similar fashion to the CO2 concentration equation (3.10) seem in Chapter 3.
However, we must first revisit the diffusion-driven equation (3.5a). By considering
Fick’s second law of diffusion, we can represent (3.5a) as a time-varying expression:

∂ϕCO2(z, t)
∂t = DCO2

∂2ϕCO2(z, t)
∂z2 –

4GCO2
ρ

ϕCO2(z, t). (5.1)
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Equation (5.1) contains a sink term for the CO2 conductance. Here, we can
instead introduce a source term ϕcell

H2O (the concentration of water inside cells
surrounding the air channel) to assume an equivalent expression for water vapour
loss. Since cells are primarily made up of water, we choose to parameterise this
source term as being equal to the molar volume of water at 25 ℃ at atmospheric
pressure [25]. This is given as 18.07 cm3 mol–1, which equals to 5.54×104 mol m–3

to match our modelling framework [161]. Note that ϕcell
H2O is a constant.

∂ϕH2O(z, t)
∂t = DH2O

∂2ϕH2O(z, t)
∂z2 +

4GH2O
ρ

(
ϕcell

H2O – ϕH2O(z, t)
)

, (5.2a)

with given boundary conditions:

z = 0, ϕH2O(0) = ϕH2O,0, (5.2b)
z = Lz, ϕH2O(Lz) = ϕH2O,Lz . (5.2c)

In the steady-state, (5.2a) simplifies to a second order boundary-value non-homogeneous
differential equation with a source term:

d2ϕH2O(z)
dz2 = λ2

ρ

(
ϕH2O(z) – ϕcell

H2O
)

; λ =
√

4GH2O/DH2O, (5.3)

where GH2O is the conductance coefficient of water content from the cells into the
airspace, and DH2O is the diffusion coefficient of water vapour. Both of these will
be parameterised with values taken from literature in the next section.

As (5.3) is a non-homogeneous differential equation, we cannot simply assume
a general solution for ϕH2O(z). Instead, the method of undetermined coefficients
must be used. To find the general solution to the non-homogeneous equation
(5.3), let us consider its associated homogeneous equation first:

d2ϕH2O(z)
dz2 – λ2

ρ
ϕH2O(z) = 0, (5.4)

also known as the complimentary equation to (5.3).
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From Chapter 3, we know that the general solution to the complimentary
equation (5.4) should be of the form:

ϕH2O,C(z) = ae
λ√
ρ

z
+ be

– λ√
ρ

z
. (5.5)

Let ϕPS(z) = P be any particular solution to the non-homogeneous equation
(5.3). The general solution of (5.3) then takes the form:

ϕH2O,g = ϕH2O,C(z) + ϕPS(z). (5.6)

As the source term is a constant, let us assume that P is a constant as well. As
such, the second-order derivative of ϕPS(z), d2

dz2 (ϕPS) = 0 . This, along with
ϕPS = P , are substituted back into (5.3):

d2ϕPS
dz2 = λ2

ρ
ϕPS(z) – λ2

ρ
ϕcell

H2O,

–λ2

ρ
ϕPS(z) = –λ2

ρ
ϕcell

H2O,

ϕPS(z) = ϕcell
H2O,

=⇒ P = ϕcell
H2O.

(5.7)

The general solution of the non-homogeneous equation (5.3) is then:

ϕH2O(z) = Ae
λ√
ρ

z
+ Be

– λ√
ρ

z
+ ϕcell

H2O. (5.8)

Since the solution for the CO2 uptake rate model takes a hyperbolic form, we can
also convert (5.8) to a hyperbolic general solution for consistency:

ϕH2O(z) = A
[

cosh
(

λ
√

ρ
z
)

+ sinh
(

λ
√

ρ
z
)]

+ B
[

cosh
(

λ
√

ρ
z
)

– sinh
(

λ
√

ρ
z
)]

+ ϕcell
H2O,

= α cosh
(

λ
√

ρ
z
)

+ β sinh
(

λ
√

ρ
z
)

+ ϕcell
H2O.

(5.9)
Use boundary conditions (5.2b, 5.2c) to fix the coefficients α, β ∈ R:

ϕH2O(0) = α cosh(0) + β sinh(0) + ϕcell
H2O,

=⇒ α = ϕH2O(0) – ϕcell
H2O.

(5.10)
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ϕH2O(Lz) = α cosh
(

λ
√

ρ
Lz

)
+ β sinh

(
λ

√
ρ

Lz

)
+ ϕcell

H2O. (5.11)

Substitute (5.11) into (5.10):

ϕH2O(Lz) =
(
ϕH2O(0) – ϕcell

H2O
)

cosh
(

λ
√

ρ
Lz

)
+ β sinh

(
λ

√
ρ

Lz

)
+ ϕcell

H2O,

β sinh
(

λ
√

ρ
Lz

)
= ϕH2O(Lz) –

(
ϕH2O(0) – ϕcell

H2O
)

cosh
(

λ
√

ρ
Lz

)
– ϕcell

H2O,

=⇒ β =
ϕH2O(Lz) –

(
ϕH2O(0) – ϕcell

H2O
)

cosh
(

λ√
ρLz

)
– ϕc

sinh
(

λ√
ρLz

) .

(5.12)
Coeffs. α and β can be substituted in the general solution of hyperbolic form
(5.9):

ϕH2O(z) =
(
ϕH2O(0) – ϕcell

H2O
)

cosh
(

κ
√

ρ
z
)

+ · · ·

· · ·

ϕH2O(Lz) –
(
ϕH2O(0) – ϕcell

H2O
)

cosh
(

κ√
ρLz

)
– ϕcell

H2O

sinh
(

κ√
ρLz

)
 sinh

(
κ

√
ρ

z
)

+ ϕcell
H2O

=

(
ϕH2O(0) – ϕcell

H2O
)

cosh
(

κ√
ρz
)

sinh
(

κ√
ρLz

) +
ϕH2O(Lz) sinh

(
κ√
ρz
)

sinh
(

κ√
ρLz

) – · · ·

· · ·
(ϕH2O(0) – ϕcell

H2O) cosh
(

κ√
ρLz

)
sinh

(
κ√
ρz
)

sinh
(

κ√
ρLz

) –
ϕcell

H2O sinh
(

κ√
ρz
)

sinh
(

κ√
ρLz

) +
ϕcell

H2Osinh( κ√
ρLz)

sinh
(

κ√
ρLz

) .

(5.13)
Simplify using hyperbolic identities:

ϕH2O(z) =

(
ϕH2O(Lz) – ϕcell

H2O

)
sinh

(
κ√
ρz
)

sinh
(

κ√
ρLz

) + · · ·

· · · +

(
ϕH2O(0) – ϕcell

H2O

)
sinh

(
κ√
ρ(Lz – z)

)
+ ϕcell

H2O sinh
(

κ√
ρLz

)
sinh

(
κ√
ρLz

) .

(5.14)
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Evaluating LHS of (5.3) using (5.14) yields:

d2ϕH2O(z)
dz2 =

d
dz


(

ϕH2O(Lz) – ϕcell
H2O

)
( κ√

ρ) cosh
(

κ√
ρz
)

–
(

ϕH2O(0) – ϕcell
H2O

)
( κ√

ρ) cosh
(

κ√
ρ(Lz – z)

)
sinh

(
κ√
ρLz

)


=

(
ϕH2O(Lz) – ϕcell

H2O

)
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(5.15)
We remind the reader that both ϕcell

H2O and κ√
ρLz are both constants. Therefore,

the pooled parameter
ϕcell

H2O sinh
(

κ√
ρLz
)

sinh
(

κ√
ρLz
) is also a constant, and goes to zero when

ϕH2O(z) is differentiated. The constant of integration that appears by integrating
it back is equal to the constant that gets cancelled out, proving this solution is
correct.

We can continue by using the same approach taken to obtain the CO2 uptake
model here. In order to model water loss rate from the cell into the air channel,
termed as ΓH2O(z), we can integrate the water loss with respect to air channel
depth:

ΓH2O =
∫ Lz

0

(
πρGH2OϕH2O(z)∆z

)
,

= πρGH2O
∫ Lz

0
ϕH2O(z)dz.

(5.16)

ΓH2O(z) = πρGH2O
∫ Lz

0

(
ϕH2O(Lz) – ϕcell

H2O

)
sinh

(
λ√
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)

sinh
(

λ√
ρLz

) + · · ·

· · · +

(
ϕH2O(0) – ϕcell
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)
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κ√
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)
+ ϕcell

H2O sinh
(

κ√
ρLz

)
sinh

(
κ√
ρLz

) dz.

(5.17)
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Since the denominator is a constant, this can be broken down into 3 simpler
integrations and solved to obtain the following:

ΓH2O =
 πρGH2O

sinh
(

κ√
ρLz

)
×

(√
ρ

κ

)(
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H2O
)(
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( κ

√
ρ

Lz
)

– 1
)

+ · · ·

· · · + Lzϕcell
H2O sinh
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κ

√
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κ

)(ϕH2O(Lz) + ϕH2O(0) – 2ϕcell
H2O)

[
coth
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κ

√
ρ
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)
– csch

(
κ

√
ρ
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+ · · ·

· · · + πρLzϕcell
H2OGH2O.

(5.18)
The model can be formally verified by applying the fundamental theorem of calculus
on the indefinite integral ∫ ϕH2O(z)dz, which simply results in ϕH2O(z). In our
case, the process was verified through a symbolic computation using Maple [98].

Just as seen with the CO2 uptake model, this H2O model can also be extended
for N air channels normalised over the ROI area L2

x:

Γleaf
H2O = N

L2
x

× ΓH2O(z) =
ΓH2O(z)
(ρ + d)2 . (5.19)

5.3 The leaf’s dilemma - CO2 or H2O?

In order to get a better understanding of the leaf hydraulic situation, let us pa-
rameterise (5.14), the expression for intercellular water vapour concentration with
respect to air channel depth, and (5.19), the water loss rate model per leaf area.
For any structural parameters, such as air channel diameter, cellular thickness, and
air channel depth, we will use the averaged recorded Col-0 values from our own
data.

As covered earlier, the measurement of intercellular air channel water vapour
concentrations is non-trivial [99, 171] and we do not possess such measurements
in our datasets - our data sources focused on gas exchange measurements, and
hydraulic parameters are better captured through different specialist equipment
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such as pressure chambers. However, a good approximation for the water vapour
concentrations at the boundary conditions (top and bottom of the air channel),
ϕH2O(0) and ϕH2O(Lz), can be taken as the sampled water vapour concentration
recorded in the licor chamber from Col-0 samples. Therefore, as we previously as-
sumed amphistomatic behaviour, ϕH2O(0) = ϕH2O(Lz) = 12 mmol mol–1, which,
as a molar volume, is 0.49 mol/m3.

An extra parameter which will be of interest for the model analysis is the
water vapour concentration inside the leaf at saturation. Here, we will borrow a
measurement of 35 mmol mol–1 from Wong et al. [171], which was measured for
cotton (Gossypium hirsutum L.) at approximately 25 ℃. This parameter is not
directly incorporated in the model, but will give us an indication on the water
vapour saturation situation inside the air channel.

Next, we need to parameterise GH2O. This is a difficult situation, as GH2O is
directly analogous to GCO2 , which we derived and fitted from a combination of gm,
the mesophyll conductance to CO2 and gas exchange data, but there is no direct
equivalent to mesophyll conductance [57]. However the closest equivalent would be
the leaf hydraulic conductance, Kleaf , which we described earlier. Measurements
of Kleaf for intact leaves of Col-0 are available from Grunwald et al. [65], taken
as 35 mmol m–2 s–1 MPa–1 at 22 ℃. This needs to be adjusted to 25 ℃ to match
our modelling setting. An empirical formula from Sack and Scoffoni [127] can be
used:

Kleaf(25◦C) = Kleaf(t)0.88862 ×
(

1
10(1.3272×(20–t)–0.001053×(t–20)2/(t+105))

) , (5.20)

where t is leaf temperature. Then, the Woodward unit conversion [172] can be
used to get GH2O:

GH2O = Kleaf(25◦C)TKR. (5.21)

For the diffusion coefficient of water vapour in air, we will simply use 2.82 × 10–5

m2 s–1 from Summerhays [145]. With all parameters appropriately fitted, let us
now plot (5.14), the intercellular water vapour concentration with respect to air
channel depth, over a range of different air channel diameters:
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Figure 5.1: Intercellular water vapour concentration against air channel depth for
a range of air channel diameters.

The result above reveals rather interesting behaviour from the air channel.
The grey dotted line represents the saturation water vapour concentration of the
air channel [171], and at the right of that line, the interior can be considered as
saturated. The analysis shows that for air channel of size 10–5 m and smaller (which
is generally what one might measure for Arabidopsis thaliana), the air channel is
mostly saturated, apart from at the boundary areas, which are the exit points for
the water vapour transpirating from the air channel into the atmosphere. The
result also implies the presented of unsaturated gradients for large air channels,
which is an observation that was also endorsed by Earles et al. [43].

This corroborates the theory put forward by Wong et al. [171] (specifically
Fig.1a,b of their theory), suggesting that the humidity inside air channels isn’t
necessarily uniform and saturated all the way through, but rather, a gradient is
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present, and one should expect the concentration to be lower at the top and
bottom of the air channels, where openings (usually stomata) are present for the
water vapour to escape. The idea of the presence of some areas of unsaturation
inside the air channels was also reviewed by Buckley and Sack [16], and evidence
of it has been shown by Canny and Huang [20], Cernusak et al. [21], and even as
early as 1970 by Jarvis and Slatyer [77]. The analysis also suggests that for quite
large air channels, the air channel is not quite as saturated as it could be, and is
the most saturated in the middle (furthest away from points of transpiration into
the atmosphere). Note that this analysis is for a single air channel, and that the
analysis of the water vapour loss model, which is per leaf area instead, may provide
a more realistic result.

Let us simulate the water vapour loss rate model per leaf area, (5.19), over a
range of different air channel diameters:

Figure 5.2: Modelled water vapour loss rate over a range of air channel diameters,
with both axes in log scale.
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The result suggests that water loss is greatly minimised with very small, or very
large air channels. It makes sense that infinitesimally small air channels reduce the
amount of water loss, as they will be at water vapour saturation concentration
almost through the entire depth of the air channel. It may seem perplexing at first
that very large air channels also accomplish this minimisation of water loss, but
we remind the reader here that the air channel diameter (combined with the air
channel depth) is a proxy to the amount of intercellular surface area available for
water to diffuse from the cells into the air channels, and out into the atmosphere,
and that the model uses a bounded region of interest (just like a leaf having a
limited area) - both very small and very large air channels within a fixed
area, such as leaf area, reduce the amount of intercellular surface area
available for water to diffuse away, as seen in Chapter 3 (with the surface area
acting as a constraint also described by Ren et al. [124]).

It it perhaps more helpful to compare this water loss prediction with the CO2
uptake rate model, both over the same range of air channel diameters. For the
purpose of better representing this visually, let us now pose the water loss result
with an inverted y-axis over a linear scale, as shown in Fig. 5.3. The combined
result here may first seem odd. On one hand, the CO2 model suggests that leaves
should avoid very small and very large air channels to maximise CO2 uptake. On
the other hand, the water loss model suggests the opposite - leaves should favour
the extremes, i.e., infinitesimally small and infinitely large air channels, and the
water vapour loss model even reaches a near zero loss at those extremes. Clearly,
the results from both models clash with each other, so what is going on?

The combined results of our models actually exhibit a phenomenon known as
the leaf’s dilemma. Raschke [123] eleganty described it as: ‘Satisfaction of a
leaf’s need for CO2 requires an intensive gas exchange between mesophyll and at-
mosphere; prevention of excessive water loss demands that gas exchange be kept
low’. This result from our models is rather surprising, as neither model here con-
tains explicit information about stomatal mechanisms, and yet the leaf’s dilemma
is typically portrayed from a stomatal point of view - stomata are responsible for
dynamically opening and closing to ensuring ample CO2 supply for photosynthesis,
while simultaneously avoiding excessive transpiration [26, 38, 64, 182]. Here, we
demonstrate that it is possible to predict the leaf’s dilemma with structural models
of palisade air channels, without intimate knowledge of the stomatal behaviour.
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Figure 5.3: CO2 uptake rate model (black, left log y-axis) compared to water
vapour loss rate model (neon green, right linear y-axis), over a range of air chan-
nel diameters, with references to measured air channel diameters of Arabidopsis
thaliana mutants.

However, looking at the prediction on figure 5.3 and focusing on where the
measured Arabidopsis thaliana mutants lie, one might ask: if the leaf is faced with
such a balancing conundrum, shouldn’t the measured samples be closer to the
intercept of the two models, where the best of both worlds might be? Why do
they seem to optimise for CO2 and disregard minimising water loss?

There are some plausible reasons for this. All the samples were grown under
‘optimal’ conditions, and as such, had a constant and ample supply of water, and as
such may simply favour optimising towards CO2 uptake as they haven’t had to alter
leaf architecture to adapt to water stress. While this claim will greatly benefit being
verified experimentally by growing the same mutants under different intensities of
water stress (i.e., reducing the amount of available water to them), there is already
evidence suggesting that well hydrated plants optimise their behaviour for CO2
assimilation as opposed to water loss [138].
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In addition to this, it is known that growth under water stress influences the
resulting leaf architecture [22, 108, 128]. Brodribb et al. [15] also observed that
while at lower Kleaf values, hydraulic conductance and photosynthetic assimilation
showed a close correlation, but at higher values (>15 mmol m–2 s–1 MPa–1, com-
pared to the 35 mmol m–2 s–1 MPa–1 we used for model fitting), investing in Kleaf
no longer followed a proportional relationship with photosynthetic yield and instead
lead to diminishing returns - this suggests that species with high Kleaf , such as
Arabidopsis thaliana may skew the balance towards CO2 uptake over water loss.



Chapter 6

Conclusions and Future
Work

6.1 Summary

Throughout the last decade, research on modelling the relationship between leaf
morphology, mesophyll structure and leaf function has been greatly facilitated by
advances in the imaging field, such as lab-based micro-CT scanning. In this the-
sis, we were able to quantify the palisade mesophyll at a 3D microscale through
measurements obtained from CT data. This allowed us to measure and calculate
direct structural descriptors of the palisade geometry, such as air channel diam-
eter and depth. These structural measurements, coupled with the foundational
knowledge that plant morphology at different spatial scales has an impact on leaf
function [17], for instance the relationship between internal exposed mesophyll sur-
face area and CO2 assimilation rate [109], lead to us applying Fick’s first law of
diffusion to obtain a governing equation. Through that, a model of CO2 uptake
in the palisade mesophyll was derived, and was later parameterised & Leave-One-
Out cross-validated using gas exchange data, leading to effective CO2 uptake rate
predictions that were close to measured CO2 assimilation rates.

While there are more complex models that would explicitly describe some of the

87
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internal processes, such as breaking down the conductance pathway into different
components such as intercellular air space, cell membrane etc., these often rely on
multiple assumptions to quantifying such parameters, which are often kept fixed
even if the analysis is extended to various species. Our model circumvented this by
relying on a low number of assumptions and key parameters, while still providing
a relatively high degree of predictability on the estimated CO2 uptake, as seen in
Table 4.3.

In addition to this, we observed a strong relationship between a deviation
factor α derived from the cross-validation and the air channel depth Lz, as shown
in figure 4.3, and this observation was dissected and analysed with support from
several related observations in relevant literature. One of they key advantages of
this model is its scalability, not only in terms of smaller or larger ROIs, but also to
a local level, where it can be computed for individual measurements of air channel
diameters, perhaps in a similar fashion to the discretisation and computational
meshing applied on 3D data, as seen in Ho et al. [68].

Further to this observation, we also concluded that the corrected CO2 con-
ductance coefficient was highly likely to vary with air channel depth rather than
being constant through, and could be a function of light absorption and chlorophyll
distribution through the palisade depth. However, due to a lack of mechanistic
understanding behind this complex interaction, we opted for a numerical approach
by representing the now varying CO2 conductance coefficient with a polynomial
expression. Both an exhaustive search method (grid search) and a random search
method (genetic algorithm) were used here, and the results showed that relation-
ship between the CO2 uptake Uleaf

CO2
and the CO2 conductance coefficient GCO2(z)

was likely not a simple mechanistic relationship that could be described by a poly-
nomial equation. This prompted the need to further explore the relationship be-
tween palisade mesophyll structure, CO2 uptake, CO2 assimilation and mesophyll
conductance.

We have also proposed a diffusion-driven water loss model using the same
structural parameters as our CO2 uptake rate model. While this water loss model
remained largely conceptual and was not fitted to paired structural and gas ex-
change, largely owing to the lack of measurements at the air channel scale, we
still fit the model using our measured structural data and fir the gaps with knowl-
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edge from literature. Despite our limitations, we showed that when compared to
the CO2 uptake rate model, an interesting observation happened where the leaf’s
dilemma could be shown with two structural models of the intercellular air channel,
without explicit knowledge of stomatal behaviour.

To summarise, CO2 assimilation occurs via diffusion through the intercellular
air channels and into the mesophyll tissue, where CO2 fixation occurs via chloro-
plasts. Experimental observation indicates that air channel structure is complex
and locally variable, but consistent for any one type of plant kept under a con-
stant environment [87]. Experimental data also shows that different types of one
plant, i.e., mutants, have differences in either the air channel structure, biochemi-
cal parameters such as mesophyll conductance, or both, and concurrently exhibit
different rates of assimilation. From this knowledge, we have developed a physical
diffusion-based framework focusing on the palisade structure, which is supported
by data-driven estimation. As a result, we are able to predict the biological function
of intercellular CO2 uptake rate from the mesophyll structure by applying simple,
but solid methods from engineering in plant science.

6.2 Future work

An obvious limitation of this study is the fact that only the palisade mesophyll was
modelled. Although it is thought that the spongy layer is not a major contributor to
CO2 assimilation, with its main purpose being to diffuse gas and scatter light [14],
the spongy mesophyll has been shown to vary in depth in Arabidopsis mutants
[87], and could potentially have an impact on some of the model parameters.
Recent studies [14] have shown that some plants could be optimising their spongy
mesophyll layer for maximum photosynthesis, which could impact our deviation
factor estimation, and give more insight to the role of the spongy layer.

The impact of lateral connections between the air channels has also not been
assessed. This would introduce the concept of lateral diffusion and connectivity
between air channels into the framework [14, 42]. An extension to the modelling
framework could be developed by applying simple graph theoretical models, or
transport models as seen in Zheng et al. [183].
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As discussed previously, non-invasive and local water flux measurements at the
air channel scale are still a novelty [75, 171], and given more adequate research, we
will in the future be able to obtain precise measurements to validate the H2O loss
model in Chapter 5. In addition to this, the relationship between CO2 uptake and
H2O loss within the leaf structure has often been appreciated to be coupled [184].
In reality, changes in water vapour inside the air channel would lead to changes in
the diffusion constant of CO2 and would lead to a knock on effect on the mesophyll
conductance to CO2 and the leaf hydraulic conductance, in turn affecting the CO2
uptake into the cells from the air channel. Using our two models of CO2 uptake
and H2O loss, the framework could perhaps be extended into a system of coupled
models, where the behaviour of one directly affects the other, leading to a more
accurate depiction of the actual physiological scenario in play here.



Appendix A

Calculating the
concentration of CO2

Leaf temperature is assumed to be constant at 25°C, which is 298 15K.

A reminder that Avogadro’s number is NA = 6.022 141 29 × 1023 mol–1 and the
Boltzmann constant, kb = 1.38 × 10–23 m2 kg s–2 K–1. Taking Patmospheric to be
1.01 × 105 Pa, the number of moles of air at 25◦C is:

Nmols = PV
kbT × 1

NA
(A.1)

This entails that 1 mol of air would take up 1
Nmols

L → 24.36 L.

In SI units, we get ( 1000
24.36) = 41.1mol m–3

This entails that the CO2 concentration at atmospheric level is:

ϕCO2 = (mol fraction of CO2 in atmosphere) × 41.1,

= 400
1000000 × 41.1

= 0.0164 mol m–3.

(A.2)
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