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Improving photosynthesis is a promising avenue to increase food security. Studying photosynthetic
traits with the aim to improve efficiency has been one of many strategies to increase crop yield but
analyzing large data sets presents an ongoing challenge. Machine learning (ML) represents a
ubiquitous tool that can provide a more elaborate data analysis. Here we review the application of
ML in various domains of photosynthetic research, as well as in photosynthetic pigment studies. We
highlight how correlating hyperspectral data with photosynthetic parameters to improve crop yield
could be achieved through various ML algorithms. We also propose strategies to employ ML in

promoting photosynthetic pigment research for furthering crop yield.
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ANN- Artificial neural network, CNN, FCN- fully convolutional neural network, DGCNN-Dynamic
Graph, ELM- extreme learning machine, CP-ANNSs- counter-propagation artificial neural networks, EN-
Ensemble learning, GBRT- gradient boosting regression tree, GPR- Gaussian process regression, KELM-
kernel-based extreme learning machine, k-NN- k-nearest neighbors, ML- Machine learning, MLP-
Multilayer Perceptron, MODIS-Moderate-resolution imaging spectroradiometer, NBC- Naive Bayes
Classifier, MLR-Multiple linear regression, NDVI- normalized difference vegetation index, NEE- Net
ecosystem exchange of CO2, PCA- Principle component analysis, PLSR- partial least square regression,
QTL- Quantitative trait locus, RBFN- Radial Basis Function Networks, RF- Random Forest, ENET- elastic
net, RFR- random forest regression, RGB- Red, green, blue, SGB-Stochastic gradient boosting, SKNs-
Supervised Kohonen Networks, SVM- support vector machines , SVR- support vector regression, TE-

Transposable elements., UAV- Unmanned aerial service, XY-Fs- XY-fused Networks.



1. Introduction

Global food production needs to be increased to feed the growing population by overcoming fluctuating
climate changes, decreasing yield productivity, low feed stocks, small rural labor forces, depleted soil
fertility, a loss of available agricultural farmland to other uses, reduction in available water resources, and
reduced efficacy of agrochemicals [http://www.fao.org » wsfs, Zhang et al., 2021). It is obligatory to meet
agricultural demands by augmenting crop yield on a global scale. The important role of photosynthesis and
photosynthetic pigment research in increasing crop yield has been at the center of many studies (Long et
al., 2006). Remarkable outcomes have been reported by modifying the Calvin Benson Cycle (Simkin et al.,
2015; Ldpez-Calcagno et al., 2020) photorespiration (Simkin et al., 2017b; Lopez-Calcagno et al., 2018),
and increasing photosynthetic electron transport rates (Lopez-Calcagno et al., 2020; L6opez-Calcagno et al.,
2018). Strategies to augment photosynthetic rate and biomass with particular reference to photosynthetic
pigments have also been investigated in many studies (Simkin et al., 2022). For instance, rice (Oryza sativa)
mutants expressing decreased chlorophyll levels formed chloroplast with elevated gene expression of
thylakoid membrane proteins. Higher levels of these proteins, which are involved in chlorophyll-binding,
lead to increased photosynthetic rate and better canopy light distribution.

The advent of numerous micrometeorological techniques followed by optical, reflectance sensors aided in
the determination of photosynthetic activity. Many of these studies have generated large data sets and
subsequently, however meaningful analysis is complicated and time-consuming. Machine learning (ML),
one of the most discussed technical advancement of the century have aided in predicting photosynthetic
activity from plant cells to large terrestrial ecosystems by interpreting and analyzing these huge set of data.

However, there are no comprehensive reports available highlighting the various domains of ML-driven



photosynthesis and photosynthetic pigment research. Here we review how ML-oriented approaches can
facilitate photosynthesis research and in turn, accelerate improvements to crop yield and biomass. We also
propose possible ways of using ML algorithms to improve photosynthetic pigment research.

2. How do photosynthesis and photosynthetic pigments improve crop yield?

Maximum yield potential is achieved when optimum conditions are provided to the crop in the absence of
stresses (Gu et al., 2017). Long et al (Long et al., 2006) determined the maximum yield potential by
identifying and quantifying the photosynthetic parameters that determine crop yield and defined this as the

‘yield equation’. The yield equation is defined as follows:
Pn = St*gi*ec/K
Yp =n*Pn

where Yp (yield potential), n describes the harvest index (i.e. biomass partitioned into the harvestable
material), Pn (primary production of biomass), St (incident solar radiation over a crop), &i (efficiency of
light interception by the crop determined by the photosynthetic light absorption characteristics of the leaves
like leaf area), ec (efficiency of conversion of intercepted light into biomass which is dependent on the
wavelength of light absorbed i.e. pigment types and ratios) and K (energy content of the harvestable
biomass). Many of these parameters, including harvest index and interception efficiency, are nearing their
theoretical maximum (Morgan 2005; Dermondy et al., 2008; Zhu et al., 2010). However, £c was found to

be ~30 % of its theoretical maximum.

Considerable studies have proven that increasing CO2 assimilation, inhibiting oxygenase activity of
ribulose-1,5-bisphosphate carboxylase/oxygenase (RuBisCO) to reduce photorespiration, hasten
carboxylation, reduce stomatal conductance could improve photosynthesis and thus, ultimately, crop yield
(South et al., 2018; Simkin et al., 2019; Weber et al., 2019; Raines et al., 2022). Higher photosynthetic
rates correspond to higher assimilation of atmospheric [COz], providing additional carbon for the
production of secondary metabolites required for growth. Work has previously established, that increasing
CO2 uptake, for example through the growth of crops in elevated [CO2] (Doddrell et al., 2023; Mortensen
et al., 1994; Dong et al., 2020; Ainsworth and Long, 2005) or through genetic engineering (Simkin et al.,



2019; Simkin, 2019; Raines, 2023), increases biomass and crop yield. For example, genetic engineering
studies in the Calvin-Benson cycle targeting Sedoheptulose-1,7-bisphosphatase (SBPase) have
corroborated the role of Photosynthesis in crop yield augmentation (Simkin et al., 2017b; Lefebvre et al.,
2005; Driever et al., 2017). Of keynote was the 53% increase in seed yield (Simkin et al., 2017b) and 40%
increases in grain yield (Driever et al., 2017; Simkin et al., 2019) observed in Arabidopsis and wheat over-
expressing SBPase respectively, demonstrating the significant increase in yield that can be achieved
through genetically manipulating photosynthetic carbon uptake. Thus, improving photosynthesis is the

most consistent way to improve crop productivity (Simkin et al., 2019; Simkin, 2019).

The electron transport system is another potential target that could enhance carbon assimilation,
photosynthesis, and crop yield. For example, genetic manipulations of the Cytochrome bsf (cyt bef)
complex by over-expression of the Rieske iron-sulfur protein has been reported to be an efficient approach
to increasing biomass yield and seed yield (Simkin et al., 2017a; Simkin et al., 2019). Furthermore, the
expression of the algal cytochrome cs, which functions as an electron carrier between cyt bsf and the PSI
reaction center, in Arabidopsis (Chida et al., 2007) and tobacco (Yadav et al., 2018; Lopez -Calcagno et
al., 2020) has been shown to increase the rate of plant development and increase biomass yield in

greenhouse and field experiments.

Moreover, photosynthetic pigments such as chlorophyll, carotenoids, and phycobilin play a significant role
in light harvesting, Photosynthesis, and productivity (Morgan et al., 2005; Simkin et al., 2022). The
different absorption spectra of these pigments open the possibility of engineering plants according to
environmental conditions and specific light availability. The properties of pigments, such as preventing
photodamage and shortening photoinhibition to dissipate excess energy, make them a suitable tool to

enhance photosynthetic efficiency (Simkin et al., 2022).

Chlorophyll (Chl) is an essential photosynthetic pigment and largely determines photosynthetic capacity
and secondary photosynthetic pigments, carotenoids (f-carotene, zeaxanthin, violaxanthin, and lutein)
contribute to both light harvesting and photoprotection (see Simkin et al 2022 for review). These pigments
have previously been shown to directly influence yield and act to improve yield by three mechanisms.
Firstly, Chlorophyll a (Chl a) and Chlorophyll b (Chl b) absorb sunlight at different wavelengths (Chl a
absorbs red-orange light; Chl b absorbs blue-purple light), suggesting that the total amount of chlorophyll



in the leaves (Chl a + Chl b) directly influence the photosynthetic capacity (Li et al., 2018; Croft et al.,
2017). Furthermore, the allocated ratio (Chl a/b) directly influences light capture at specific wavelengths.
For example, the downregulation of the enzyme chlorophyllide an oxygenase (CAO), responsible for Chl
a to Chl b conversion in plants, reduced the accumulation of Chl b increasing the ratio of Chl a/b and
reducing the light-harvesting antenna size (Ayumi Tanaka, 1998; Simkin et al., 2022). Plants with a smaller
antenna size outperformed wild-type plants achieving a 40% increase in biomass yield (Friedland et al.
2019). Secondly, carotenoids harvest violet and blue-green light (400—550 nm) (Hashimoto et al., 2016)
and transfer the energy to Chl a, increasing the spectrum of light absorbed by the light-harvesting complex
(Domonkos et al., 2013). Finally, zeaxanthin, violaxanthin, and lutein play a role in quenching excess
energy (Non-photochemical protection; NPQ) and protecting the photosystems from oxidative damage
often ascribed to the formation of reactive oxygen species (ROS) in dynamic fluctuating environments
(Niyogi et al., 2004; Simkin et al., 2022; Krieger-Liszkay et al., 2008; Hashimoto et al. 2016; Ledford and
Niyogi 2005). Speeding up plant recovery to fluctuating light in field conditions resulted in a 20% increase

in biomass yield in tobacco (Kromdijk et al., 2016; De Souza et al., 2022).

Photosynthesis improvement studies primarily focus on the rate of carboxylation (Vcmax), the electron
transport rate (Jmax), and the mesophyll conductance for carbon dioxide [14]. However, augmenting these
aspects in the field and resultant outcomes depend on multiple factors such as temperature, water
availability, pathogen attacks, and nutrient content for example. Coupling these data together, creating ML
models, and translating them to the global level, can be achieved, to a greater extent by sophisticated ML

algorithms.
3. Current status of ML in plant science

The world witnessed the rising of artificial intelligence (Al) during the mid-1950s, and it has rapidly been
assimilated into all walks of life. The machines that perform calculations were the first breakthrough in the
long-term human-machine alliance, and they adopted different forms becoming an integral part of our lives
(Naga & Murphy, 2015). Al is intended to mimic human intellectual behavior using machines for
automating the tedious processes in our daily life. However, Al now surpasses human capabilities and is
one of the widely used technologies for data analysis in various science domains. Machine learning

algorithms regarded as the new facet of artificial intelligence enable machines to handle and interpret



complex data. Robust computational algorithms in ML supersede human brains in predicting outcomes of
input data in a very meticulous and well-defined manner. ML can also be defined as the improved form of
old-school statistics and regression models. Box 1 explains various types of machine learning approaches
that are currently being used. Interestingly, research in plant science has been drastically improved by the
introduction of ML in the domains of pathology, phenology, species detection, herbarium studies, and plant

genomics, for example (Dey, 2016).

Machine learning-aided plant science studies have rapidly advanced with the introduction of remote
sensing technologies. This aspect of agritech has now revolutionized large-scale studies and is reflected in
computer-aided models for combining grasslands and cropping models, livestock models, pest and disease
models, and stress phenotyping models aimed at improved productivity (Gonalez- Camacho et al., 2018).
For example, the prognosticative nature of ML has been well explored in detecting weeds, disease, and
pathogen attacks and in identifying superior mutants in plant breeding studies (Liakos et al., 2018). In
genomics, ML is a good prediction tool to determine the functions and regulation of plant genes. For
instance, in studying cis-regulatory elements, the activity of gene promoters has been defined (Uygun et
al., 2019). Table 1. summarises some of the major applications of ML in plant science.

4. ML.: Interlink between plant optical properties and photosynthetic activity

Plant optical measurements owing to the chlorophyll content are critical in the determination of
photosynthetic activity. Spatial, spectral, and temporal optical estimations provide us with an outlook of
photosynthetic activity. A wide array of spectroradiometers ranging from handheld spectroradiometers to
airborne and spaceborne hyperspectral cameras are currently available. The two peaks of chlorophyll
fluorescence (near 685 and 740nm) varying with the photochemical reactions within a chloroplast is the
parameter assessed through these instruments (Raychaudhiri, 2012; Khurschev et al., 2022). Multispectral
spectroradiometers installed in satellites are the most prominent among them. For instance, the Moderate-
resolution imaging spectroradiometer (MODIS) used on TERRA as well as in NASA satellites possesses
36 spectral bands of 400 to 14,385 nm with spatial resolution from 250 to 1000 m (Justice et al., 1998). Air
bone spectral imaging programs like the National Ecological Observatory Network Airborne Observation
Platform with the spectrometer of range 380 to 2500nm measuring 426 bands are also available (Kampe et

al., 2010). Satellite vegetation fluorescence and absorption measurements are extremely obliging in



assessing the photosynthetic activity of large terrestrial areas. We encourage readers to refer more about

spectroradiometers and remote sensing in the review Fu et al., 2022, Siebers et al., 2021.

Hyperspectral reflectance is the most utilized tool to evaluate photosynthesis activities due to its non-
destructive nature. There are significant concerns about utilizing these data in canopy scales (Schlund et
al., 2020). The spectral reflectance at canopy levels is influenced by numerous factors including plant
geometry, architecture, leaf nature, and soil resulting in spurious spectral variations and blurring of the
spectral signals. Besides, sensor-based photosynthetic measurements are now centered on data mining of
spectral information. Various statistical models founded on ML algorithms correlating these hyperspectral
data with photosynthetic activity came into use for effortless data elucidation (Siebers et al., 2021; Fu et
al., 2022). Partial least square regression models exploring the rapport between dependent and independent
variables using latent variables are the most utilized among them. The utilization of various ML algorithms
in photosynthetic research has been discussed in the subsections below. An overview of ML in
photosynthetic research has been depicted in Fig. 1. Table 2. lists the various plant varieties and ML models

utilized for photosynthesis estimation.
4.1 ML in predicting global photosynthesis

The advent of high throughput remote sensing techniques has widened the exploration of photosynthetic
machinery from small plant cells to a global scale. However, it is a prerequisite to mention that the gas
exchange measurements estimating the CO2 exchange were the preliminary parameter utilized before the
arrival of remote sensing techniques. There are manual and auto chamber methods to evaluate the CO2 flux
in limited spatial areas. In addition, Eddy covariance is the prominent micrometeorological approach
applied to estimate the Net ecosystem exchange of CO2 (NEE) (Siebers et al., 2021) in large areas. It
measures the CO: flow of rotating eddies over canopies producing the flux footprint of that area. NEE is
defined as the difference between CO: released by all respiration processes (RECO) and carbon used by
Photosynthesis (GPP). While GPP is the principal flux of earthly carbon uptake and therefore
understanding global energy fluxes advances photosynthetic research (Schlund et al., 2020). NEE is a
highly considered factor in global energy flux and photosynthesis studies. ML is an established tool to
determine NEE at a global scale because of its ease in identifying key variables for predicting NEE,

combining field measurements with satellite data avoiding observational constraints. Random Forest (RF)



models have been used to study the temporal variation of NEE in the Great Basin region. It was understood
that downward solar radiation, leaf area index, and soil moisture are important variables for predicting NEE
(Zhou et al., 2019). Likewise, Tramontana et al. have used an ANN-based approach to analyze the
partitioning of NEE into RECO and GPP in FLUXNETS. Artificial Neural Network (ANN) was suggested
as a better ML method to estimate GPP, RECO without any assumption of driver-output relationships using

soil and meteorological variables (Tramontana et al., 2020).

ML-based GPP models have also been incorporated to investigate FLUXNET (CO: flux networks at
various ecosystems) in the name FLUXCOM (Tramontana et al., 2016). FLUXCOM targets to evaluate
the uncertainties in empirical upscaling and to develop an ensemble of ML-based Flux products. Spectral
data from Moderate Resolution Imaging Spectroradiometer (MODIS), and eddy- covariance data, were
utilized and some of the major variables considered were Daytime land Surface Temperature and
photosynthetic active radiation in the study. Additionally, ML regression algorithms such as neural
networks, regression splines, and tree algorithms have been well utilized in estimating carbon and energy
fluxes (Xie et al., 2020).

As aforementioned, hyperspectral analysis is now widely utilized to access the photosynthetic performance
of interleaf, plant, canopy, and an entire ecosystem. The photosynthetic rate of tomatoes has been predicted
in a greenhouse environment from the parameters of growth temperature, available humidity, photon flux
density, and CO2 content using the SOPSO-LSSVM algorithm on a small scale (Liu et al., 2021). However,
estimating global photosynthesis is an intricate and transdisciplinary task applying remote sensing,
biochemistry, and plant physiology. Various gross primary production (GPP) predictive models such as
process-based models (PBMs), semi-empirical light use efficiency (LUE) models, data-driven statistical

models, and models employing spectral data have been used to assess global photosynthetic activity.

Several satellite datasets utilizing solar-induced chlorophyll fluorescence (SiF), a fraction of absorbed
photosynthetic active radiation (FAPAR) incorporated with the ML approach helped in determining GPP,
photosynthesis rate, and global biomass to a great extent (Forkel et al., 2019). The combined approach
involving SiF and ML is considered a benchmark in the history of global photosynthesis prediction models.
For instance, latent and sensible heat flux along with GPP was estimated using ANN and SiF. ANN was
trained using flux and GPP estimated from 2008-2010. The input datasets utilized monthly prediction on a
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global scale were majorly SiF, net radiation, soil moisture, the temperature of the air, and precipitation
(Alemohammad et al., 2017).

Seasonal fluctuations are reported to have a considerable impact on photosynthesis in diverse ecosystems.
Particularly late season photosynthesis or ending date of Photosynthesis (EOP) is largely affected by
temperature and water variations. Recently, ML-aided reconstructed contiguous SIF data was used as a
dataset as a proxy of GPP to evaluate the correlation between temperature, water restraints, and EOP. SIF
Data from the Orbiting Carbon Observatory 2 (OCO-2) level 2 SIF and collocated reflectance data from
the Moderate Resolution Imaging Spectroradiometer (MODIS) from 2015 to 2016 were used as the training
data set for the studies employing Support Vector Machine algorithms (SVM). The different datasets used
for the study were CSIF dataset generated using the neural network from four bands reflectance from
MODIS for 2001 to 2017, Climate datasets from ERA-Interim reanalysis data (Type 1) and remote sensing
based (Type 2), FLUXNET2015 date set from daily GPP estimates through night time partitioning method
and the reference Ustar. They also utilized smoothing and threshold-based methods to calculate EOPs from
both CSIF and EC-based GPP estimates. Finally, SVM was used to predict whether the EOP or late
growing-season photosynthesis is limited by water or temperature after calculating correlations between
pre-EOP climate and EOP. The results showed that late-season photosynthesis is significantly influenced
by water availability suggesting the need for soil water for improved vegetation during late-season
photosynthesis (Zhang et al., 2020).

Besides, ML-based GPP models like MTE (Model Tree Ensembles), RF, ANN, and Multivariate Adaptive
Regression Splines (MARS) using time series Standardized Precipitation—Evapotranspiration Index data
were utilized to study the lagged effect of drought on photosynthesis in different regions. The studies
showed that the tropical region (20°N-20°S) has lower reliabilities of lagged effect regions, highlighting
the need for accuracy in assessing effects (Xie et al., 2020). It has also been evidenced that the Gradient
Boosted Regression Tree (GBRT) algorithm is efficient in reducing uncertainties in rescaling, and
observation-based data in predicting GPP (Schlund et al., 2020). Interestingly, neural networks have used
Sentinel-2 and Landsat 8 satellite data to study and develop GPP predictive models to estimate crop primary

productivity (Wolanin et al., 2019).
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Undeniably, all the above studies have underlined the fact that ML-based models are a better tool to predict
energy fluxes, GPP, and biomass distribution at the global level and thus assure more plant productivity.
In a nutshell, ML-based photosynthesis prediction models are an asset to plant physiology, precision
agriculture studies, and in estimating global GPP. Fig. 2 illustrates the use of ML in predicting

photosynthesis.
4.2 Using ML to improve plant physiology and productivity

The photosynthetic capacity of plants is considered a criterion for selecting superior breeding lines and
wild cultivars for crop cultivation. As mentioned earlier, rubisco carboxylation and maximum electron
transport rate are determinative factors to characterize photosynthetic efficacy in C3 plants. Conventional
approaches to measuring these factors using leaf gas exchange are now enhanced via hyperspectral sensor-
aided high-throughput phenotyping methodologies (HTP). Leaf reflectance, leaf phenotypic traits, and SIF
are utilized to evaluate photosynthetic efficacy by remote sensing techniques (Fu et al., 2021). The ML-
enabled photosynthesis research approach has considerably eased the arduous task of interpreting these
spectral data and resolved the phenotyping bottleneck to a large extent. HTP is also considered an efficient
tool to evaluate crop growth, and physiological changes on par with seasonal variations (Fu et al., 2022).
Interestingly, hyperspectral data coupled with ML algorithms are also applied to predict genetic variations

and to select plants with improved photosynthetic traits (Silva-Perez et al., 2018; Furbank et al., 2021).

Combined spectroscopic techniques and regression analysis were extensively utilized to screen
germplasms with increased photosynthetic potential (Ainsworth et al., 2014; Yendrek et al., 2017). PLSR
models using linear multivariate models are applied mostly for predicting photosynthetic parameters
because of their precision in dealing with irrelevant spectral bands, band collinearity, and higher R? values.
Leaf reflectance from Brassica oleracea (Cs) and Zea mays (Cs) was employed to evaluate the
photosynthetic capacity using partial least square (PLS) regression models. In the above study, Intraspecies
photosynthetic capacity models predicting carbon-nitrogen ratio, leaf water, and leaf rubisco level were
successfully implemented, underlining the significant role of ML algorithms in photosynthesis prediction
models (Heckmann et al., 2017). Investigation in tobacco varieties has proved that PLSR with inputs of
spectral indices was efficient in distinguishing the photosynthetic capabilities of plants when compared to

PLS with reflectance spectra and numerical model inversions (Fu et al., 2020). PLS models are very
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effective in predicting Vcmax in in-vivo, in-vitro, wild, and in genetically modified plants. Chlorophyll,
carbon, and nitrogen content can also be evaluated by building PLS models independently for different
spectral regions (Sexton et al., 2021). Meacham-Hensold et al. reported the use of the PLSR model in
genetically engineered tobacco varieties (Rubisco antisense varieties) to predict Vcmax, Jmax, and interannual
photosynthetic variations. The training data set was built in 2016 from leaf spectral reflectance, gas
exchange, and nitrogen content (Feret et al., 2019). The study suggested the appropriateness of the
application of PLSR models to more crop varieties for studying the photosynthetic variations in farming

landscapes.

Later, various ML algorithms were more utilized considering the pitfalls in PLSR. The support vector
machine (SVM) algorithms have been used to study leaf mass per area and equivalent water thickness for
analyzing plant functioning, and ecosystem processes at the canopy level using reflectance and
transmittance data (900-2400nm) as an alternative to PLSR (Féret et al., 2019). The pitfalls in PLSR have
been investigated by substituting stacked regression algorithms such as artificial neural network (ANN),
most minor absolute shrinkage and selection operator (LASSO), Gaussian process (GP), SVM, and RF.
This regression stacking was applied to tobacco cultivars for studying photosynthetic parameters and it was
found that R? value and predication potential were increased (Fu et al., 2019). It is suggested that a
combined approach of ML algorithms must be applied to optimize the application of ML for improving

photosynthesis and deriving more favorable outcomes for photosynthetic research.

Forecasting crop yields based on agriculture expert systems, and machine learning algorithms is a
promising approach in precision agriculture. Interestingly, photosynthetically active radiation (PAR) is a
well-studied parameter to analyze the leaf area index, which denotes crop growth. Regression trees and
ANN are precise, robust ML tools, reported as being efficient in leaf area modeling of crop canopies and
forecasting crop yield through analyzing PAR data (Dunea & Moise, 2008). Photorespiration is another
physiological phenomenon undergoing extensive studies to augment crop yield (Walker et al., 2016). A
multifactorial ML-based approach to study photorespiration was tested with cucumber and the XGBoost
algorithm was identified as a better choice using parameters such as CO2 concentration, temperature, and
leaf position (Zheng et al., 2021).

12
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Nowadays, plant phenomics is another aspect of crop improvement program enabling crop physiologists
and breeders to develop better cultivars. Radiation use efficiency, and photosynthesis capacity are some
factors determining plant phenomics. High throughput phenotyping along with ML algorithms is now
widely utilized in plant phenomics studies. For instance, ML-based algorithms have been used to estimate
photosynthetic efficiency in sorghum and wheat using the rate of stomatal conductance and canopy
reflectance. Stomatal conductance gs (the rate of carbon dioxide going in and water vapor coming out
through stomata), canopy temperature and yield rate share a direct proportionality showing the possibility
of using gs as a parameter for more photosynthesis-related crop improvement studies (Furbank et al., 2019).
Fig. 3 demonstrates the various datapoints utilized to generate ML models to study plant physiology and

productivity
4.3 Studying photosynthetic capacity under stress

Photosynthetic capacity under stress conditions is an intense domain of research because the adverse
impacts of extreme climatic conditions experienced globally can significantly impact yield and therefore
food security. With current trends in global climate, an estimated increase in global temperatures of 2°C
by 2050, an expected concomitant increase in atmospheric [CO2] to 550 ppm (IPCC, 2007; Quéré et al.,
2009), and an increase in the frequency and severity of droughts and heat waves (Field et al., 2014) over
the same period, we will see an increase in periods of intense stresses brought to bear on crop growing
regions. Meta-analysis has previously shown a trend that wheat productivity and grain yield decreased with

increasing temperature (Asseng et al., 2015).

ML-integrated spectral and gas exchange studies are less troublesome approaches to investigating the
impact of biotic and abiotic stress on crops. The photosynthetic CO2 assimilation rate, stomatal
conductance, and transpiration rate of citrus plants were estimated using the RF algorithm and other ML
algorithms to establish a photosynthetic predictive model to appraise the drought stress response of plants
(Zhou et al., 2021). Another study measured VC max, and Jmax t0 assess photosynthesis by using four ML
regression models PLS, BR, LASSO, and ARDR. Reflectance spectra from high night temperatures, CO2
exposed peanuts and drought stressed sorghum were employed (Buchaillot et al., 2022). Interestingly,
waterlogging resistance of poplars was assessed utilizing photosynthetic parameters and SVM, LASSO

models (Xie & Shen, 2021). Photosynthetic efficiency and the accompanying growth rate of the plant also

13
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depend on the availability of macro and micro-minerals. It is worthy of mentioning the use of ML in mineral
element estimation, particularly nitrogen (a parameter of photosynthetic potential) (Chlingaryan et al.,
2018). RF algorithms have been applied in determining the nutrient composition of valencia orange leaves
by analyzing spectral data at 380-1020 nm (Osco et al., 2020).

The variation in chlorophyll content under stress is an indispensable parameter for analyzing growth rate,
and vegetation physiology and identifying deficiencies determining the need for additional nutrients for
plant growth. For instance, the correlation and chlorophyll content and drought stress were studied in winter
wheat varieties utilizing 9 ML models such as Ridge regression with cross-validation (RidgeCV), Ridge,
Adaboost Regression, Bagging Regressor, GBR, RF, SVM, LASSO, and K-Neighbor. Besides, SVM was
the best model under water-limited conditions and Ridge CV showed higher precision under normal
irrigation (Wang et al., 2022). A collective of spectral (RGB, fluorescence, thermal, hyperspectral) (Zubler
&Yoon, 2020) and ML algorithms have significantly eased photosynthetic pigment composition studies.
Large-scale sensing methodologies have been employed to assess chlorophyll content in large rice fields
(An et al., 2020). The chlorophyll concentration in rice fields was studied using ML algorithms including
GPR (Gaussian process regression), RFR (random forest regression), GBRT (gradient boosting regression
tree), and SVR (support vector regression), and optimization of algorithms was through the training data
set and grid search and cross-validation. Moreover, the above study suggested that RFR and GPR are more
effective algorithms for exploring chlorophyll content under field conditions (An et al., 2020). Similar
studies were reported in tea leaves where RF, SVM, deep belief nets, and KELM (kernel extreme learning
machine) were compared; KELM (using MATLAB and Statistics Toolbox), integrated with hyperspectral
reflectance, was proved to be the proficient strategy to detect chlorophyll content (Sonobe et al., 2020).
Chlorophyll concentration has also been estimated analogously in other plants like sorghum using PLSR,
RFR, SVR, and ELR which emphasized the efficiency of ML-based spectral studies in pigment estimation
(Bhadra et al., 2020). These studies provide a non-destructive means of efficiently estimating leaf
chlorophyll concentration, plant development, vigor, and nutrient requirements in the field that will provide
the necessary data to breeders and scientists to, one, improve growing and fertilization practices, two,
improve plant health and consequently plant yield, and three, apply these advancements to other plants and
studies. Fig. 4 shows the utilization of ML in studying photosynthetic capacity under stress.

14
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4.4 How to use ML for augmenting crop productivity through photosynthesis and photosynthetic
pigment research?- An insight

What will be the status of the agricultural sector in 2050? The successful implementation of machine
learning in photosynthetic research could ignite another green revolution that will significantly increase
data collection, analysis, and photosynthetic mapping on a global scale and thus provide potential solutions
to elevate crop yield. An approach using stacked ML algorithms will produce more effective, robust results.
Extensive investigations are recommended for studying the photosynthetic capacity variations in different

seasons using a combined ML, hyperspectral reflectance data approach.

Photosynthesis is a cascade of reactions involving many enzymes, and organic, and inorganic molecules.
Amin et al. (2022), utilized decision Tree Classifier and K-means clustering models to predict the oxidation
states of Mn ions in the oxygen-evolving complex of photosystem II to understand water splitting reaction.
It was predicted that Mn1 and Mn4 are more likely to be oxidized during the transitions from S1 to S2 and
S2 to S3 states (Amin, 2022). Promising research to understand photosynthetic machinery utilizing ML
techniques will enable the creation of artificial photosynthesis systems. The hyperspectral data combined
with training data sets derived from pulse amplitude-modulated chlorophyll fluorescence (PAM) system
via DL could be used to study the genetic diversity of plants like wheat, to identify traits that could be
introduced into new varieties via breeding programs, genetic engineering or gene editing, to enhance
productivity and nutritional quality. ML must be explored extensively to study the QTLs and SNPs and
thus the genetic framework of Photosynthesis. The efficient implementation of ML algorithms could ease
the burden of countless in-vivo, in-vitro trial, and error experiments to market a new variety. The intricate
correlations between photosynthetic traits, N portioning, flowering variation, and phenology (Furbank et
al., 2020) should be subjected to DL-like algorithms to derive a timely relationship. ML is the key to
precision agriculture, and thus we could envisage a world where the farmer can detect the phenotypic and

genotypic variations in the field in a far more exacting level of detail than is currently possible.

The momentum in photosynthetic research ignited by ML could- be extended to photosynthetic
chlorophylls and accessory carotenoid, xanthophyll pigments. Unfortunately, the ML approaches in
pigment studies are still in the early stages. ML could magnify our requirements to predict, identify, and

classify stress in combination with high throughput automated sensor techniques with particular reference
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to photosynthetic pigments. Currently, advanced images are deployed for stress phenotyping by counting
leaf lesions, as an estimation of the severity of the stress at the leaf surfaces (Singh et al., 2021). The
variations in pigments on exposure to stress factors could be used as a parameter to study the severity of
stress on plants. Implementation of DL algorithms in interrogating stress-pigment association will
incontrovertibly amplify pigment biology and crop yield. The prognostication aspect of ML could be
exploited aptly in picturing the possibilities of pest attacks and diseases by employing pigment content as
a parameter (Aparecido et al., 2020)

Moreover, a predictive model based on pigment fluxes in the incidence of pest attacks and diseases will be
ground-breaking. The invasion of weed species in large farm areas of crop plants could be detected earlier
using ML (Baron et al., 2018). Nutritional imbalances in plant growth could also be assessed through neuro-
fuzzy logic ML algorithms (Garcia-Perez et al., 2020)  Last, but not least, mutualistic plant bacterial
associations could be predicted via ML algorithms using photosynthetic pigment variations. It is
noteworthy to mention the photosynthetic pigment variations flaunted by phytoplankton in response to
climatic changes due to anthropogenic activities (Zhang et al., 2019). ML could be successfully used to
predict the correlation between climatic fluctuations and pigments in plants residing in different
geographical areas and identify targets for genetically modifying pigment content to fit the crop's growing
environment. The use of DL methods in the genomics of photosynthetic pigments has yet to be carried out.
DL could be employed to determine promoters, enhancers, splicing regulators and their targets, TFs, and
RNA-binding proteins, and for structural classification of proteins and secondary structure prediction (Yue
& Wang, 2018). The successful implementation of DL in omics techniques such as genomics, proteomics,
and metabolomics may aid in unraveling the biosynthetic pathways of many photosynthetic pigments. ML

has the potential for use in the prediction of the following genomic elements:

e Transposable elements (TE) are mobile repetitive elements that can determine some genetic
variations (Kim, 2017; Orozco-Avrias et al., 2019). Detecting them, as well as learning them, is a
complex endeavor and ML is a promising tool for these applications. Interestingly, plant TEs are
proven to have some unparallel roles in stress and pathogen invasion. SVMs (Support Vector

Machines) were successfully used in studying TEs and helitrons and other ML algorithms such as
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HMM (Hidden Markov model) and neural networks could also be effectively used to investigate

these elements in plants.

QTLs (Quantitative Trait Loci) are specific genomic regions that are linked to a phenotype.
Identification of QTLs is an integral part of genomics studies and RF (Random Forest), SVM and
DL are useful algorithms for QTL prediction (Dijk, 2021). Unfortunately, no relevant

breakthroughs have been reported regarding pigment studies.

Similarly, SNP (Single Nucleotide Polymorphism) detection (Aono et al., 2020) could be
accomplished through ML. SNPs are conserved mutations occurring at a single base in the genome,
which can be sufficient to induce significant differences in phenotype. The successful identification
of SNPs through ML in polyploid organisms demonstrates the efficacy of this computational
approach in genomic prediction and underlines the potential of ML for genomic prediction of SNPs

in plants (which often have high ploidy) (Korani et al., 2019).

ML could also be employed to predict miRNAs. Precise, prompt identification of miRNAs (small
non-coding RNAs that silence gene expression) (Miller, 2020) could aid in genomic strategies to

elucidate biosynthetic pathways of photosynthetic pigments.

Long non-coding RNAs (IncRNAs) are another set of RNAs that have been proven to take part in
the development and stress responses of plants. Ensemble ML approaches have previously been

used to detect IncRNAs in the plant genome (Simopoulos et al., 2018).

Gene regulatory networks (GRNs) control metabolic functions and thus their identification could
unravel related gene functions in plants. ML algorithms trained on large transcriptome databases
could be employed to study GRNs and used to explore pigment biosynthetic pathways (Mochida et
al., 2018).

ML could also be deployed to identify the expression of marker genes in mutational studies on a
large scale, generating a novel method to carry out metabolome-based experimentations relating to

photosynthetic pigments.
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Fig. 5 represents the possible ways to explore ML in photosynthetic pigment research
5. Bottlenecks in ML-driven photosynthetic research

There are still some hurdles to overcome. The adoption of ML in photosynthetic research is still in an
underdeveloped stage in many countries. From a practical perspective, the extrapolation of sensing from
leaves to the canopy level still faces many challenges such as view angle effects, canopy architecture, and
atmospheric effects. While in the ML approach, generating an extensive training data set for complex,
heterogeneous data requires time, skills, and resources which limits the application. If training data sets are
too small, and not properly constructed spurious 'overfitting' occurs, and the forecasting nature of models
is diminished affecting the model (Fu et al., 2019).

Besides, there are several limitations to utilizing hyperspectral reflectance to explore the photosynthetic
efficiency of an entire canopy. First, If the spectra range is out of the training dataset, there are chances for
imprecise predictions. Second, photosynthesis-unrelated compounds can absorb spectra of specified
wavelength generating inaccurate predictions. Third, a model should apply to all species and genotypical
variations in it for assessing photosynthesis. Fourth, large variations are observed in ML models built using
leaf and canopy spectral data (Fu et al., 2022). However, constructing a universal model considering all the
plant varieties and compounds with multivariate spectral properties requires extensive research. This raises
the significance of mechanistic models questioning the reliability of ML algorithms. In comparison to ML
models, mechanistic models require only small datasets, generate novel hypotheses based on observations,
and work on simple mathematical simulations (Barker et al., 2018). Mechanistic models centered on more
logical assumptions can predict out of the original data set, while ML models are always limited within the
training dataset. These deductive models could be extrapolated to analyze photosynthetic activity on a large
scale by utilizing in-vitro experimental observations of the spectral properties of chlorophyll in a single
leaf. Unfortunately, mechanistic models have not been much explored in the plant domain. Optimistically,
a universal model could be built by integrating both ML and mechanistic models which will be achieved

in the near future.

6. Conclusion
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Engineering photosynthetic pathways to achieve improved crop yield is subject to intense research. The
introduction of hyperspectral techniques has filled the gaps in photosynthesis studies between the plant cell
and the global level. The discrepancies in correlating these hyperspectral data with photosynthetic
parameters to improve crop Yyield could be mitigated through various machine learning algorithm-based
systems. However, the ML approaches in photosynthesis research are still in the budding stage. Significant
investigations should be conducted in ML-based photosynthetic research targeting bolstered plant biomass
and productivity. Efficient ML programs to predict the responses of plants to stresses, drastic climate
changes, shortage of water and nutrition should be implemented at a global scale. A controlled terrestrial
environment maintaining optimum growth conditions for the growth and improved yield of crop plants
could be achieved in the near future. We put forward machine learning as a channel for a vibrant
agricultural sector with increased productivity through Photosynthesis and photosynthetic pigment

research.
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Fig. 1. Overview of ML in photosynthetic research representing the importance of ML approaches

and how it could improve photosynthetic research and thus crop yield.
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Box 1| Types of machine learning

Machine Learning (ML) is a branch of Artificial Intelligence (Al), which is aimed at building models
that exhibit human intelligence behaviour (Brown et al., 2021; Dijk, 2021). The source for building such
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intelligent models is the data, using which ML models are trained. ML algorithms contain set of
instructions that enable the machine to learn from the given data and perform certain tasks that are
complex in nature. With such ability they are able to detect patterns, structures in the data, perform tasks
such as classification, clustering, prediction, etc. ML algorithms contains five key ingredients including
raw data used for training, encoding the features of data, learning from the features, evaluation of
learning and optimization for increasing efficiency and accuracy. Once the learning is complete we
obtain a machine learning model, using which machine performs the required set of tasks. The ML model
represents the learning out of ML algorithm on the training data and hence varies based on the type of
ML algorithm. A neural network ML model contains the NN connection weights, bias values etc learned
by the NN algorithm on the given data. Similarly, a linear regression model contains vector of
coefficients and constants that is best fit for the given training data (Brown et al., 2021).

The data is divided into training data, using which the ML model would be built and testing data, using
which the ML model would be evaluated for its accuracy and efficiency. Based on the data available,
the type of task to be completed and the style of learning, ML algorithms are classified into following
categories (Jordan et al., 2015):

Supervised Learning: The data used for training is labelled and tagged. Learning algorithm optimize
its learning by comparing the learned component against the intended output. The best example is
classification of plant stress types from chlorophyll fluorescence data (Hesami et al., 2022). Support
Vector Machines, Decision Trees, Regression, etc are the well-known supervised learning algorithms.

Unsupervised Learning: The algorithm explores the unlabelled data without any intended output. This
exploration leads to derive inferences from the data and identify the latent structures in the data. The best
example is clustering of data into multiple groups based on their similarity. K-means clustering,
Hierarchical clustering, Gaussian mixture models, etc are the best examples for unsupervised learning
algorithms (Jordan & Mitchell, 2015).

Semi Supervised Learning: Algorithms that use a combination of small amount of labelled and large
amount of unlabelled data for training purpose. The algorithms build the models that can predict the
labels for the instances in the test data and also predict the labels for the unlabelled instances in the
training data.

Reinforcement Learning: The algorithm trains the machine to learn from the experiences through
interactions with the environment. These interactions provide either rewards or penalties.

Deep Learning: A sub-field of ML algorithms that set the basic parameters describing the data and train
the machine to learn via multiple processing layers. During learning, algorithm automatically recognizes
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the patterns in the data. Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN) are
the best examples of Deep learning (Arnold et al., 2011; Pouyanfar et al., 2018; Brown et al., 2021).

Based on the kind of tasks aimed to solve, ML algorithms are classified into following categories (Jordan
&Mitchell, 2015):

Descriptive Learning: ML algorithm aim to explain what has happened from the training data.
Unsupervised ML models are deployed for this task.

Predictive Learning: ML algorithms build the ML model that can make predictions about future from
the current training data. The best example task is the predicting the class of a new data item, forecast
the values such as age, salary, etc. Generally supervised ML models are deployed.

Prescriptive Learning: ML algorithms use the training data to build the model that can make
suggestions about the actions that can be taken for the future data. These algorithms work on top of the
predictive models and provide recommendations.

Table 1. Application of ML algorithms in different domains of plant science

Plant Algorithm used | Application Remarks Reference
studied

eFramed a DL approach (Alhanity et al.,

Tomato SVR, M5- | Yield prediction _
. . with LSTM 2020)
and Ficus | prime
. Stem growth rate e Based on Cco2,
regression
humidity, radiation,
trees, RF, K-
temperature inside and
Nearest
. outside green house
Neighbours,
LSTM
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Maize,
wheat,
rice,

soyabeans

RF model

Impact of climate
extremes on global

agricultural yield

e Temperature-related
extremes
demonstrated
stronger association

with yield anomalies

e Based on crop yield
dataset across ~13
500
worldwide
2008)

units
(1961

spatial

e Climatic Research
Unit (CRU) TS 3.23
HadEX2

indicator

dataset
extremes
dataset was utilized

for climate extremes

(Vogel et al.,
2019)

Wheat

CP-ANN:Ss,
XY-Fs
SKNSs

and

Yield prediction

e Based on on-line multi-

layer soil data, and

satellite imagery crop

growth characteristics.

(Pantazi et al.,
2016)

SVR, RF, ANN

Yield and protein

content prediction

e Based on UAV spectral

images and  plant

heights.

(Zhou et al., 2021)

Rice

SVM, RF

Predicting  disease

resistance

e Early detection of Rice
Sheath Blight Using
Spectral Profiles

(Conrad et al., 2020)
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e SVM produced more

accurate results

ELM

Detection of heavy

metal presence

e Based on

laser-
induced  breakdown
spectroscopy to detect
cadmium content in

stems of rice

(Wang et al.,
2020)

Maize

GENIE3

GRN detection

e Tissue specific GRN of

leaf, root, seed and
shoot apical meristem

e Tissue-specific GRNs
forecast TF regulatory

targets

(Huang et al.,
2018)

MLR, SVM,
ANN and RF

Above base ground

mass study

e Based on structural and

spectral information
provided by remote
sensing from an
unmanned aerial

vehicle.

(Han et al., 2019)

Tomato

X-means

clustering

Fruit

characterization

e Based on camera

obtained images
followed by  pixel
segmentation, and
classification to mature,
immature through X-

means clustering

(Yamamoto et al.,
2014)

CNN

Pest identification

e To detect Tuta absoluta

in tomato plants in early

(Mkonyi et al.,
2020)
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stages based on images

collected

Carrot

CNN

Real time
classification of

weeds

Based on real time
images obtained from
field

Faster than

conventional CNN

(Knoll et al., 2019)

Sugar
beet

R-CNN

Detection of leaf spot

disease

Imaging-based expert
(1-3 scale) systems
using DL

Updated Faster R-
CNN model,
developed by
changing the
parameters of CNN

used

(Ozguven et al.,
2019)

Soyabean

DL

Root nodule

characterization

Based on root images
to determine number
and size of nodules on

silicon treatment

(Chung et al.,
2020)

Potato

FCN

Virus detection

Real field experiment
on hyperspectral

images

(Polder et al., 2019)

46




47

The methods were (Kaya et al.,
Rose PointNet, Segmentation of
_ tested on the ROSE-X 2022)
PointNet++, structural parts o
data set, containing
DGCNN,
] fully annotated 3D
PointCNN,
models of real
ShellNet and
rosebush plants
RIConv .
Best segmentation
results were got by
PointNet++
Based on the analysis
Rapeseed | CNN, MLPN, | Fungal i (Przybyl et al., 2020)
o of the morphological
RBFN contamination
_ structure of rapeseeds
detection ) ]
was carried out with
the use of microscopy
_ ) Based on refined (Mazziaetal.,
Grapes (a | K-means based | Vegetative index ] ]
_ - _ satellite-driven NDVI 2020)
vineyard | classifier studies?® _
_ maps during four
during )
_ different growth
different
seasons
seasons)
Table 2. Various ML models applied in plants to study photosynthetic potential
Plant varieties ML model used Sampling data | Phenotype studied Reference
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Wheat

PLSR

Reflectance

measurements

Nitrogen per unit
leaf area (Narea) and
leaf dry mass per
area (LMA), require
laborious,
destructive,
laboratory-based
methods, while
physiological traits
underpinning
photosynthetic
capacity, such as
maximum  Rubisco
activity normalized
to 25 °C (Vemaxes)
and electron
transport rate (J),
require time-
consuming gas
exchange

measurements

(Furbank et al.,
2021)

Three lowland
seasonal moist
tropical ~ forests,
including two
crane sites in the

Republic of

PLSR

Leaf
spectroscopic
data

To predict Vemax

(Wu etal., 2019)
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Panama and one

site in Brazi

Citrus under water | RF, SVM, | Gas exchange | CO2  assimilation | (Zhou et al., 2021)
stress GDboost, and leaf | rate (Pn), stomatal

Adaboost hyperspectral conductance (Cond)

reflectance data | and transpiration rate
(Trmmol)

Lettuce under water | ANN Reflectance and | Chlorophyll content | (Osco et al., 2019)
stress and bacterial absorbance
infection measurements
Maize PLSR and SVR Hyperspectral | Chlorophyll content | (Ge et al., 2019)

reflectance data
in the visible,
near infrared
and shortwave
infrared
(VIS-NIR-

SWIR,  400-

2500 nm)

range

(CHL), leaf water
content (LWO),
specifc leaf area

(SLA), nitrogen (N),
phosphorus (P), and

potassium (K).
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Maize

PLSR and LASSO

Hyperspectral
reflectance

Rate of CO2
assimilation,
Transpiration
stomatal
conductance,
intercellular  CO2
concentration,
instantaneous water
use efficiency,

intrinsic water use

efficiency, leaf
temperature,
Chlorophyll, leaf

water potential, leaf
osmotic  potential,
leaf osmotic
potential at  full

turgor

(Cotrozzi et al.,
2020)

Maize with diverse

genotypes,

growth

stages, treatments

with

fertilizers,

nitrogen

and

ozone stresses in

three

sSeasons.

growing

Radiative transfer
models (RTMs),

data-driven partial

least squares
regression
(PLSR), and

generalized PLSR
(gPLSR) models

Hyperspectral

reflectance

Chlorophyll and

Nitrogen content

Vmax prediction

(Wang et al., 2020)
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Highlights

e Improved photosynthetic activity enhances the crop productivity
e Machine learning should be used effectively in photosynthesis research
e There is a vast potential for application of ML in photosynthetic pigment studies
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