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High-throughput hyperspectral phenotyping and transcriptomics reveal
expression networks associated with nitrogen-limitation-induced
senescence in sorghum.
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Abstract

Background: Sorghum (Sorghum bicolor) is a versatile C4 crop used for food and feed and as
biomass for bioproducts and energy. Improving nitrogen use efficiency (NUE) in sorghum is
important because fertilizer is costly and excessive fertilizer use has negative environmental
impacts. Leaf senescence mediates nutrient recycling, but its dynamic progression is difficult to
quantify at scale. We evaluated whether visible-near-infrared hyperspectral imaging can provide
high-throughput measures of N-limitation-induced senescence in sorghum and link these
phenotypes to gene expression. Sorghum Tx430 plants were grown under four N treatments (6,
9, 12, and 15 mM), imaged from vegetative growth through grain fill, and destructively sampled
for RNA-seq at four developmental stages.

Results: A supervised support vector machine with a radial basis function kernel classified
pixels from a hyperspectral image of sorghum plants grown under different N levels into green
leaf, yellow leaf, dry leaf, stalk, panicle, and background classes with 0.93 accuracy. We defined
the senescence ratio as the sum of yellow and dry leaf areas divided by the green leaf area and
computed it across multiple growth stages and nitrogen levels. The senescence ratio did not
differ among N treatments during vegetative growth, but it declined with increasing N during
boot, anthesis, and grain fill, indicating earlier senescence under N limitation. Among the genes
whose expression positively correlated with senescence ratio were 13 putative transcription
factors, including SbiRTX430.02G247100, a WRKY 1/ZAP1 homolog and a WRKY4 homolog.
Gene regulatory network analysis of the top 1% of genes associated with
SbiRTX430.02G247100 showed enrichment for processes associated with leaf senescence and
chlorophyll catabolism. In contrast, the network associated with the WRKY4 homolog was
enriched for autophagy-related terms.

Conclusions: Our study shows that automated hyperspectral imaging is highly effective for
monitoring dynamic plant phenotypes, such as stress-induced senescence, that are difficult to
visually score with the naked eye. Here, nitrogen deficiency served as the stress condition. Still,
this approach supports large-scale phenotypic data collection for any such stressor and enables
analyses with greater statistical power, yielding more robust conclusions and the potential for
new insights that can be applied to engineering and breeding better crops.

Keywords

Sorghum; nitrogen remobilization; leaf senescence; hyperspectral phenotyping; gene regulatory
network
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Background

Nitrogen is a key macronutrient for plants and is essential for the synthesis of basic biochemical
building blocks such as amino acids, nucleic acids, and chlorophyll. Hence, it is critical for crop
growth and development. Since it limits growth and productivity, nitrogen is routinely
supplemented as chemical or organic fertilizer in modern agriculture to boost yields.
Unfortunately, only 50-75% of the nitrogen applied is taken up and incorporated in the plant,
with the remainder lost via leaching, volatilization, nitrification, denitrification, and drainage
(Garnier et al., 2023; Govindasamy et al., 2023; Malinas et al., 2022). This difference between
the nitrogen applied and the nitrogen incorporated is both economically expensive for the farmer
and environmentally detrimental.

Nitrogen use efficiency (NUE) is a key agronomic metric that describes how effectively crops
take up, assimilate, and allocate nitrogen to support growth and development, ultimately
affecting biomass and grain yields. Comparisons between high-NUE and low-NUE lines have
revealed measurable phenotypic differences in growth, development, greenness, yield, and
other physiological measurable traits (Gu et al., 2025; Liang et al., 2023). Improving NUE to
reduce fertilizer inputs while maintaining crop productivity is thus a major focus for
agronomically important crops and has become more urgent under increasingly variable
environmental conditions and depleted soils (Chen et al., 2020; Congreves et al., 2021). NUE is
commonly partitioned into nitrogen uptake efficiency, nitrogen assimilation efficiency, and
nitrogen remobilization efficiency. Of these, nitrogen remobilization is especially important
during reproductive development, when nitrogen stored in vegetative tissues is redistributed to
developing grains and other sink organs, such as rhizomes where applicable. In cereals,
remobilized nitrogen can account for a substantial fraction of grain nitrogen, with estimates of
50-70% in wheat (Barneix, 2007), up to 90% in some wheat and rice studies (Hajibarat & Saidi,
2022), and 35-55% in maize (Hirel et al., 2005). Despite its importance, nitrogen remobilization
efficiency remains comparatively difficult to study at scale because accurate quantification often
requires destructive sampling, tissue nitrogen measurements, or isotope-based approaches
such as N labeling. These technical constraints have limited large-scale phenotyping and
genetic dissection of remobilization-associated traits, particularly in systems where senescence
dynamics vary across developmental stage, genotype, and nitrogen availability (Chen et al.,
2020; Liang et al., 2023).

Nitrogen remobilization is crucial during the reproductive stage. During this stage, plants rely on
nitrogen reserves stored in vegetative tissues, such as leaves, to feed seeds and maximize
reproductive success, making senescence a key process associated with NUE and grain yield
(Doan et al., 2024). An intricate regulatory network of hormonal cues, environmental stimuli and
stresses like drought and nutrient limitations, and age-related signals govern senescence. Early
senescence under stress conditions will shunt nitrogen from the oldest leaves to the youngest,
leading to premature flowering and poor yields. On the opposite end of the spectrum are "stay
green" traits, where nitrogen stored in the leaves as photosynthetic proteins results in more
green leaves and delayed flowering. Phytohormones and many transcription factors, especially
those in the NAC and WRKY families, play a central role in regulating senescence, and nitrogen
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deficiency has been shown to upregulate amino-acid transporters and proteases (Breeze et al.,
2011; Hajibarat & Saidi, 2022). High NUE lines in Brassica napus show enhanced senescence
and yield under low nitrogen (Liang et al., 2023), suggesting the importance of nitrogen
remobilization in maintaining plant fithess. In Arabidopsis, nitrogen remobilization occurs
independently of nitrogen uptake, with stored nitrogen redistributed during reproductive
development to meet increased nitrogen demand, as the rate of nitrogen uptake from the
environment is significantly reduced at this stage compared to the vegetative stage (Masclaux-
Daubresse et al., 2010). This underscores the importance of nitrogen remobilization in ensuring
plant fithess and yield.

Sorghum bicolor is a great multipurpose crop especially known for its ability to thrive and yield in
arid regions with poor soils (Gardner et al., 1994; Gelli et al., 2017; Hao et al., 2014; Propheter
& Staggenborg, 2010; Rooney et al., 2007; Zheng et al., 2023). Its adaptability to marginal
lands, the availability of lines bred for multiple uses (food, feed, biomass for energy) combined
with the availability of extensive genetic, genomic, and phenomic resources, makes it a perfect
crop for studying genotype-environment interactions to enable further improvement and
breeding (Baloch et al., 2023; Boatwright et al., 2022; LeBauer et al., 2020). The grain sorghum
genotype S. bicolor ‘RTx430’ was selected as the primary genotype for this study on the
transcriptomics networks associated with senescence in response to nitrogen availability
because of its suitability for Agrobacterium-mediated transformation (Liu & Godwin, 2012) and
availability of a high-quality reference genome (Deschamps et al., 2018).

Gene Regulatory Networks (GRNs) are a map of complex interactions between regulatory hubs
like transcription factors and micro RNAs and their target genes (Mercatelli et al., 2020). Thus
GRNs offer insights into molecular responses associated with environmental cues and
developmental and physiological effects. The molecular mechanisms of senescence remain
poorly understood due to the complexity of the GRNs that control it (Woo et al., 2018). Genetic
diversity and crosstalk between factors like developmental age and external factors like nutrient
status and stress that can trigger the onset of senescence (Doan et al., 2024) pose a challenge
in identifying GRNs regulating senescence in general and nitrogen remobilization in particular.

Temporally resolved phenotyping alongside transcriptomics can enable the reconstruction of
GRN: s for traits like senescence, which influences NUE, harvest index, and grain protein content
(Gaju et al., 2014; Gregersen et al., 2008; Liang et al., 2023; Shanks et al., 2022; Yang &
Zhang, 2006). Traditional methods like visual inspection or SPAD chlorophyll measurements are
difficult to scale across genotypes and environments (Anderegg et al., 2019) but spectral
imaging is an alternative that can be measured at scale. Spectral imaging works by capturing
the spectral intensity at wavelengths associated with pigments, canopy structure, and water
status. In plant phenotyping, visible, near-infrared, short-wave infrared, thermal, and chlorophyll
fluorescence measurements are used for related but distinct traits. Such imaging has been used
to detect disease, heavy-metal stress, plant water status, and nitrogen status (Ram et al., 2024).
Hyper spectral imaging (HSI) was shown to be accurate and scalable in wheat and chickpea for
senescence (Anderegg et al., 2019; Cai et al., 2016) and more recently used to study the N
response of sorghum mutants, generated by gene editing (Jin et al. 2025).
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Here, we tested whether visible-near infrared hyperspectral imaging could quantify N-
responsive leaf senescence in sorghum under varying N conditions. We trained machine
learning classifiers to segment sorghum tissue classes and derive a pixel-based senescence
ratio. We then integrated this phenotype with RNA-seq profiles from leaves sampled across N
treatments and developmental stages to identify genes and candidate regulatory networks
associated with senescence and N remobilization.

Methods

Plant growth and nitrogen application

Sorghum line Tx430 was selected as the primary genotype for this study. To increase the
generalizability of the machine learning models described below, and capture the genotypic and
phenotypic diversity within sorghum, nine additional genetically diverse lines from the Sorghum
Association Panel (SAP) were included for training purposes: SC85, Acme Broomcorn,
BTx3197, P850029, SC500, 90M, SC1439, SC301, and P898012. These genotypes were
selected based on their i) seed availability, ii) height (< 3m to accommodate imaging hardware)
and iii) high/low kinship values within each of nine SAP subpopulations (Casa et al., 2008).

The experiment was conducted from June 11 to September 20, 2019, in the greenhouse at the
University of Nebraska-Lincoln’s Greenhouse Innovation Center. Sorghum seeds were planted
in 1.5-gallon pots filled with a soil mixture of two-thirds peat moss, one-third vermiculite, and
2,187 g/m?® lime. Pots were weighed and watered to saturation with a 100 ppm calcium chelate
solution (Miller Chemical & Fertilizer, LLC, Hannover, PA, USA). From June 14 (3 days after
planting, DAP) to June 23, 2019 (12 DAP), a 20-10-20 NPK fertilizer was applied daily in liquid
form until saturation to ensure seedling survival. Seedling emergence occurred on June 16,
2019 (5 DAP).

The experimental setup of the sorghum plants used in this study is illustrated in Fig. 1A. Two
sets of sorghum plants were grown: one for imaging-based phenotyping and the other for
destructive RNA-Seq sampling. The phenotyping set comprised 110 sorghum plants, divided
into two groups. The first group is the Tx430 group, consisting of 20 Tx430 plants that are split
into four treatment units (five plants per unit as replicates). Each unit received one of four
nitrogen fertilizer treatments (6, 9, 12, or 15 mM nitrogen) applied as 250 mL of Hoagland
solution twice weekly, starting at 27 DAP until harvest. The Hoagland solution composition, with
nitrogen supplied as potassium nitrate (KNO3) and calcium nitrate (Ca(NO;),-4H,0), is detailed
in Table S1. The second group is the SAP group consisting of 90 plants from nine diverse SAP
lines, divided into two treatment units (45 plants each, with five replicates per line), each
receiving either 6 mM or 12 mM nitrogen treatments (N treatments).

The RNA-Seq sampling set consisted of 48 Tx430 plants grown off the phenotyping belt in the
same greenhouse. These were divided into four experimental units (12 plants per unit), each
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receiving one of the four N treatments (6, 9, 12, or 15 mM). Destructive RNA sampling was
conducted at four developmental stages: vegetative, boot, anthesis, and grain fill. At each stage,
the leaf attached to node five from the bottom was sampled from three biological replicates,
immediately flash-frozen in liquid nitrogen, and stored for RNA isolation.

Imaging based phenotyping

Sorghum plants were phenotyped using a LemnaTec Scanalyzer 3D high-throughput plant
phenotyping system (LemnaTec GmbH, Aachen, Germany). Starting on July 13, 2019 (32 days
after planting, DAP) and continuing through September 19, 2019 (100 DAP), pots containing
individual sorghum plants were placed on an automated conveyor belt system for scheduled
imaging. Each plant was imaged individually across four sensor modalities: visible-near infrared
(VNIR) hyperspectral imaging, thermal infrared, steady-state chlorophyll fluorescence, and RGB
(visible) imaging, as described in Ge et al. (2016) and Miao et al. (2020). Grayscale
hyperspectral images in the VNIR spectrum were acquired with a Headwall Hyperspec Ext-
VNIR camera (Headwall Photonics, Bolton, MA, USA). High-resolution RGB images were
captured using a Prosilica GT6600 camera (Allied Vision Technology, Stadtroda, Germany) at
4384 x 6576 pixels (horizontal x vertical).

Manual pixel annotation

A single hyperspectral data cube in this study is a collection of 243 grayscale image files in PNG
format obtained from imaging of one plant at a single time point, with each image representing
light intensity at a different wavelength between 546 to 1700 nm at 4.77 nm intervals. We
classified the pixels into six different pixel classes, green leaf, yellow leaf, dry leaf, stalk, panicle,
and background. Plant tissues were segmented into five different parts: green leaf, yellow leaf,
dry leaf, stalk, and panicle.

As no single wavelength can distinguish all six pixel classes, we used human annotators to
assign ground truth category labels to each of the six pixel classes to train the machine learning
algorithm. A total of 74 hyperspectral images taken on the last day of imaging at 100 DAP
(Table S2) were used to generate the ground truth category labels. These images spanned
different sorghum genotypes and N treatments used in the experiments. Human annotators
were provided two types of images, one image representing a specific wavelength within the
hyperspectral datacube (image 187, corresponding to light intensity at 1,434 nm), and a paired
RGB image of the same plant. These images were used together for annotation purposes by
mirroring the RGB image along the y-axis and merging the two images together. From our
observation, the image at 1,434 nm wavelength provided the best contrast between plant tissue
and image background. Human annotators worked through Zooniverse
(https://lwww.zooniverse.org/projects/alejandropages/sorghum-and-maize-segmentation-using-
hyperspectral-imagery) to mark the position of six different pixel classes on the grayscale
hyperspectral image - green leaf, yellow leaf, dry leaf, stalk, panicle, and background - using the
RGB image as a reference. From each plant image we collected up to ten pixels per class for
further model training and evaluation.
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For each ground truth labeled pixel in the hypercube, we extracted the intensity values from
pixels at the same position in each of the 243 images representing the 243 wavelengths as
measured by the hyperspectral camera. These produced a vector of 243 intensity values for
each ground truth labeled pixel that were used as the input to train machine learning classifiers
to classify each pixel in the hyperspectral cube collected into one of the six different pixel
classes.

Model training and model evaluation

Machine learning models were used to classify each pixel in the hyperspectral cube into one of
the six different pixel classes, green leaf, yellow leaf, dry leaf, stalk, panicle, and background.
We evaluated four different machine learning models: a support vector machine with radial
basis function kernel and class weights (SVM) (Karatzoglou et al., 2004), elastic net
regularization regression (Glmnet) (Friedman et al., 2010), partial least squares discriminant
analysis (PLS-DA) (Mevik et al., 2020; Mevik & Wehrens, 2007), and linear discriminant
analysis (LDA) (Venables & Ripley, 2002). These methods were evaluated using a five-fold
cross validation. Due to the imbalance between the number of pixel data points among the six
different pixel classes, we performed an upsampling step prior to randomly sub-sampling the
data to generate training and testing dataset for k-fold cross validation. All model evaluations for
pixel classification and image segmentation were performed using the caret and caretEnsemble
package in R version 4.0.3 (Deane-Mayer & Knowles, 2019; Kuhn, 2020).

Hyperspectral image pixel classification

Classification of each pixel within the hypercube dataset into the six different pixel classes was
performed using methods described in Miao et al. (2020) with modification to allow for additional
pixel classification for yellow leaf and dry leaf. Whole image classification was performed on a
subset of the imaging data collected by the automated phenotyping system, encompassing only
images from Tx430 plants taken between July 13, 2019 (32 DAP) to September 19, 2019 (100
DAP). This subset of 672 hyperspectral images was further subjected to pixel classification to
obtain pixel counts for each of the six different pixel classes.

We performed calculations to convert pixel counts from the five different pixel categories
representing sorghum plant tissues into their respective areas. To do this, we used the top
diameter of the pots within each image as a useful internal measure or 'scale' to convert pixel
coverage into area in cm?. In simple terms, we first calculated the length (in cm) spanned by
each pixel by dividing the top diameter of the pot (21.59 cm) with the number of pixels spanning
the top diameter of the pot in each hypercube image. Since pixels are square shaped, we
squared this length to obtain the area each pixel represented in cm?. When multiplied by the
number of pixels from each of the five pixel classes, we could obtain the total area covered by
each of those pixel categories. Mathematically, this would be equal to scaling the pixel counts at
each pixel class by multiplying it with a correction factor and converting it into area in cm? (Eq.

1).
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Prior to whole image classification, areas within the image corresponding to the pot and
background structure were cropped out from the image to enable a more accurate pixel count
for each of the pixel classes. Due to the growth of the plants, images taken at an earlier growth
stage were at a higher magnification than images taken at a later growth stage. Both the
cropping and the conversion of pixel counts into areas accounted for the different magnification
levels between hyperspectral cube images of the same plants.

21.59
pot top diameter pixel coun

2
Total area in cm?= ( t) x pixel count (Equation 1)

Senescence ratio was calculated after converting each pixel class count to surface area. The
senescence ratio was defined as the sum of yellow and dry leaf area divided by green leaf area
(Eq. 2).

yellow leaves area + dry leaves pixel area

Senescence ratio = (Equation 2)

green leaves area

RNA extraction and RNA-Seq

Sorghum leaf tissue was ground to fine powder using Freezer/Mill® (Cole-Palmer, NJ, USA)
and stored at -80 °C. RNA was extracted using the CTAB method (Chang et al., 1993) with the
following modification. MaXtract High Density tubes (Qiagen, Germantown, MD, USA, cat. no.
129065) were used for the phenol:chloroform organic extraction step as per the manufacturer’s
instructions. RNA concentration was determined using NanoDrop One® (Thermo Scientific). 10
Mg of DNase (Thermo Scientific TURBO™ DNase, AM2239) treated RNA was column purified
using Zymo Direct-Zol-96 RNA kit (R2056). A final quality and quantity assessment was done
on 2100 Agilent Bioanalyzer using RNA 6000 Nano Kit (5067-1511, Agilent) and SpectraMax
iD3 (Molecular Devices) plate reader using Quant-iT RNA assay kit (Q10213, ThermoFisher
Scientific) and sequenced on an lllumina NovaSeq 6000 and deposited on NCBI's Short Read
Archive (BioProject PRUNA1452908, SRR38119224 to SRR38119282)

150 bp paired-end strand-specific RNA-Seq reads were processed to remove adapters and low-
quality bases (Q<25) with custom Python scripts. Reads that were shorter than 50 bp post-
trimming were discarded. The resulting high-quality reads were aligned to the Sorghum bicolor
‘RTx430’ reference genome v2.1 (Cole et al., 2026) using the short-read alignment tool, GSNAP
(version 2023-10-10 Wu & Nacu, 2010) and read counts for annotated genes were generated
using HTSeq v1.99.2 (Anders et al., 2015). The biological replicates were used to identify
outliers, which were then removed based on the Euclidean distance from the cluster center and
a Pearson correlation coefficient (r = 0.85). Libraries passing this quality control and outlier
filtering were used for downstream analysis. Gene expression was quantified as the number of
fragments per kilobase of exon per million mapped fragments (FPKM) and transcripts per million
(TPM), calculated by normalizing read counts to gene length and total mapped reads per
sample (B. Li & Dewey, 2011; Trapnell et al., 2011). We required =2 normalized relative log
expression counts per gene in at least two samples for them to remain in the analysis.
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Gene expression correlation with senescence and
construction of gene regulatory networks

To evaluate the impact of soil nitrogen level on sorghum development, we analyzed the
transcriptional profiles of the fifth nodal leaf (counted from the bottom) from Tx430 plants
sampled across four developmental stages and four nitrogen levels, alongside their
corresponding senescence ratios (Eq. 2). There were 3 biological replicates per collection.
Gene expression values (TPM) were correlated with the senescence ratio within each growth
stage, N treatment, and across the developmental timeline. The top 100 genes showing the
strongest positive correlation with the senescence ratio (Pearson correlation coefficient, r =
0.85) were identified and subjected to Gene Ontology (GO) enrichment analysis to assess their
biological relevance to senescence. Predicted transcription factors (TFs) among these genes
were further evaluated for previously reported biological functions using PaperBLAST (Price &
Arkin, 2017). Gene regulatory networks (GRNs) were then constructed for TFs with strong
associations to senescence using GENIE3 (Huynh-Thu et al., 2010), and the top 1% of
regulatory connections were analyzed for GO enrichment to infer biological processes.

GO enrichment analysis

GO Ontology and annotations obtained from InterPro to GO mappings (v53.0) were used for
GO enrichment analysis of differentially expressed genes (DEGs) using topGO (v.2.42.0) (Alexa
A and Rahnenfuhrer J, 2016), an R Bioconductor package, to determine overrepresented GO
categories across biological process (BP), cellular component (CC), and molecular function
(MF) domains. Enrichment of GO terms was tested using Fisher's exact test with P < 0.05
considered significant.

Results

Performance of machine learning algorithms in pixel
classification

Four different machine learning algorithms were evaluated on their ability to classify the pixels in
a hypercube image into six classes: green leaf, yellow leaf, dry leaf, stalk, panicle, and
background (see Material and Methods). The training dataset, comprising 8,787 manually
annotated pixels, was curated through crowdsourcing on the Zooniverse platform. Each pixel
was labeled into one of the six defined classes (Fig. 1B and Table S3). Notably, the number of
pixels representing the panicle class was relatively low due to delayed flowering and/or the
small panicle size, reflecting natural variation in the ground truth dataset (Table S3). Among the
algorithms, LDA and PLS-DA achieved the lowest accuracy of 0.91, followed by Gimnet at 0.92.
SVM delivered the highest accuracy of 0.93 (Fig. 1C). Consequently, SVM was selected for
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further pixel classification in the hyperspectral cube. Despite the high overall accuracy of the
SVM model, a small fraction of pixels was misclassified as panicle tissue, even in images of
young sorghum plants. These misclassified pixels were primarily located along the leaf midrib
and edges (Fig. S1). Nonetheless, the pixel-wise segmentation into plant tissue classes was
effective and enabled the identification of leaf senescence patterns.

Hyperspectral signatures of sorghum under varying nitrogen
levels

The average hyperspectral spectral intensity profiles from the pixel training data for green leaf,
yellow leaf, dry leaf, stalk, panicle, and background pixel classes were calculated and visualized
(Fig. 1D). Green-leaf and yellow-leaf classes exhibited distinct spectral intensities in the visible
spectrum, particularly below 700 nm, corresponding to the red region (600—700 nm). This
divergence likely reflects differences in chlorophyll content and leaf senescence. In the near-
infrared (NIR, 750—1400 nm) spectrum, all pixel classes displayed unique spectral intensity
patterns, with notable variations in intensity driven by differences in tissue structure and water
content. The dry leaf class showed a pronounced divergence from other classes starting at
approximately 1350 nm, near the NIR boundary, and extending into the short-wave infrared
(SWIR, 1400-3000 nm) spectrum at around 1700 nm. This pattern is consistent with reduced
water absorption and altered cellular structure in senescent tissue, distinguishing dry leaves
from other plant tissues (Fig. 1D).
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these five tissue types served as a proxy for biomass distribution across developmental stages.
The total biomass increased with the amount of applied N (Fig. 2A and 2B).

Green leaf pixel counts exhibited a consistent increase, peaking at the reproductive/boot stage
(76—86 DAP, varying by treatment), followed by a decline as sorghum transitioned to
reproductive growth across all N levels (Fig. 2A). This reliable pattern served as an effective
proxy for green leaf biomass, with nitrogen availability modulating the timing and magnitude of
peak biomass accumulation. Up to 75 DAP, the proportion of dry leaf area was similar for all N
treatments. After that, plants under low N (6 mM) exhibited a higher proportion of dry leaf area,
reflecting accelerated senescence, whereas those under high N (15 mM) showed the lowest
proportion of these pixel classes, consistent with enhanced leaf vitality (Fig. S2B). Plants with
low N showed a higher proportion of yellow leaf areas compared to high N treatment up to 95
DAP. After that, there was an increase in yellow leaf areas in the high N treatments compared to
the low N treatments (Fig. S2C).

99 DAP
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Figure 2. Sorghum Tx430 growth and senescence under varying nitrogen treatments (6, 9, 12
and 15mM). (A) Tissues segmented by the SVM model (segmentation classes: green leaf
(green), yellow leaf (yellow), dried leaf (brown), stalk (orange), panicle (purple) and background
(white)) at 99 days after planting. (B) Total tissue area and (C) Senescence ratio.
Measurements were derived from hyperspectral images collected from the vegetative to grain fill
stages and a moving average calculated across seven consecutive measurements.
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To quantify the effect of nitrogen limitation on senescence, we calculated the senescence ratio
(Eq. 2) and plotted it over time (Fig. 2C). From 55 to 100 DAP, higher N levels (12 and 15 mM)
corresponded to lower senescence ratios, indicating delayed senescence under higher N.
Overall, all treatments showed a gradual, parallel increase in senescence ratio (Fig. 2C). This
consistent rise in senescence ratio across developmental stages mirrors the dynamics of
sorghum growth and senescence, with nitrogen sufficiency delaying senescence.

Nitrogen limitation triggers leaf senescence transcriptional
response

We then looked at how these senescence ratio patterns change across growth stages
(vegetative, boot, anthesis, & grain fill) under varying N treatments (6, 9, 12, and 15 mM).
Senescence ratio remained relatively consistent during the vegetative stage across N levels.
However, at the boot, anthesis, and grain-fill stages, senescence ratio consistently decreased
with increasing N concentrations (Fig. 3A).

To investigate the relationship between nitrogen availability, senescence, and gene expression,
we analyzed transcriptional profiles from the leaf at the fifth node of Tx430 across four growth
stages and four N levels and paired these data with senescence ratio. The fifth nodal leaf was
selected because it was consistently present across images and showed variation in
senescence status. By integrating pixel-based senescence data with transcriptional profiles, we
identified genes positively correlated with senescence ratio across N treatments for each
developmental stage (Supplementary Data file 1 shows the top 100 genes) and across the
developmental timeline (Supplementary Data file 2). Among these genes, 13 were annotated as
TFs, including two WRKY TFs: SbiRTX430.02G247100 (homolog of Arabidopsis WRKY 1/ZAP1,
AT2G04880, zinc-dependent Activator Protein 1) and SbiRTX430.07G116400 (homolog of
Arabidopsis WRKY4, AT1G13960). Gene regulatory networks were constructed for these TFs,
and the top 1% of connections were assessed for GO enrichment (Fig. 3C). For
SbiRTX430.02G247100 (WRKY1/ZAP1), GO terms related to positive regulation of leaf
senescence and chlorophyll catabolism were significantly enriched (Fig. 3D). For
SbiRTX430.07G116400 (WRKY4), positive regulation of autophagosome assembly, a process
associated with senescence and nitrogen remobilization, ranked among the top 10 enriched GO
terms (Fig. S3). These results identify candidate genetic components associated with N-
limitation-induced senescence in Tx430 and demonstrate the utility of combining transcriptional
and phenotypic data for hypothesis generation.
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Figure 3. Correlation between leaf senescence, computed through image analysis, and gene
expression under different levels of soil N. (A) Senescence ratio across the four growth stages
under varying nitrogen (N) treatment levels. Error bars represent standard deviation. (B) RNA
expression profiles of the top 100 genes that are positively correlated (Pearson Correlation
Coefficient, r 2 0.85) with senescence ratio measured across four developmental stages and N
treatments. Z-score normalized TPM (Transcripts Per Million) values were plotted to visualize
gene expression patterns. (C) Gene regulatory network of SbiRTX430.02G247100, a
senescence-associated transcription factor identified among these top 100 genes. (D) Enriched
Gene Ontology (GO) terms among genes in the regulatory network from panel (C). NOTE: In
(A) and (B), the scale of Y-axes differ among the 4 stages.

Discussion

Manual phenotyping of plant traits, such as senescence, is labor-intensive and low-throughput,
limiting the scale and scope of studies (Miao et al., 2020). Traditional methods like visual
inspection or SPAD measurements are particularly challenging for senescence due to its
dynamic nature, requiring high temporal and potentially spatial resolution to capture variability in
onset and progression (Chapman et al., 2021; Wingler et al., 2004). This study addresses these
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challenges by implementing high-throughput hyperspectral imaging (HSI) coupled with machine
learning to quantify senescence in sorghum (Tx430) across four growth stages (vegetative,
boot, anthesis, and grain fill) under varying N levels (6, 9, 12, and 15 mM). This approach
enabled precise tracking of senescence dynamics and identified candidate molecular
components associated with nitrogen-limitation-induced senescence.

We employed HSI-based methods, utilizing 243 wavelengths (546—1700 nm) and machine
learning, to successfully segment sorghum tissues into five classes (green leaf, yellow leaf, dry
leaf, stalk, and panicle). Among the four machine learning models evaluated, SVM classifier
outperformed Glmnet, PLS-DA, and LDA, achieving the highest classification accuracy (0.93)
(Fig. 1C). This contrasts with previous work in sorghum where LDA was reported to be the most
effective classifier for simpler tissue segmentation tasks (Miao et al., 2020). Our findings
suggest that SVM is more robust when classifying multiple, closely related tissue types,
especially under varying N conditions.

Despite high overall accuracy (Fig. 1C), our HSI analysis revealed certain limitations. For
example, dry leaf pixel counts exhibited significant temporal fluctuations, likely due to erroneous
classification because they tend to wrinkle when they dry. Similarly, panicle pixels were
detected before panicle emergence, primarily along leaf midribs and edges. This error aligns
with prior studies reporting spectral overlap between lignified tissues, that leads to leaf midribs
being misclassified as stalk or panicle in sorghum (Miao et al., 2020). Another limitation is the
inherent unbalance in the training data set that we addressed by up-sampling the training
dataset to reduce false positives and increasing accuracy (Tran et al., 2022), enabling reliable
differentiation of green, yellow, and dry leaf classes and accurate senescence ratio estimation.
Nonetheless, refining spectral signatures or adopting advanced approaches, such as hybrid
machine learning models, could further improve tissue classification precision.

When we tracked the yellow leaf areas among the N treatments, after 95 DAP, there was a
reversal in yellow leaf area among the high N treatments vs. the low N (Fig. S2C). It increased
in the high N treatments after having trailed for most of the life of the plant. This could be due to
the quick senescing of higher area of green leaves in the high N, driving up the yellow leaf area.
Since the experiment was stopped at day 100, these yellow leaves might not have dried quickly
enough to be detected in the dry leaf category.

The senescence ratio effectively tracked senescence progression across growth stages and N
treatments. During the vegetative stage, we observed minimal differences in senescence ratio
among N treatments, consistent with limited senescence-associated remobilization at this stage.
This is consistent with findings in Arabidopsis, where nitrogen deficiency does not strongly
induce senescence during vegetative growth (Diaz et al., 2008). In contrast, higher senescence
ratios at lower N levels during boot, anthesis, and grain-fill stages suggest an adaptive response
to nitrogen limitation by enhancing remobilization. This aligns with the study linking nitrogen
deficiency to accelerated senescence for nutrient reallocation (Hawkesford & Griffiths, 2019).

To explore the molecular basis of nitrogen-responsive senescence, we integrated gene
expression profiles with senescence ratio measurements. Transcriptomics on the fifth nodal leaf
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across the four growth stages revealed genes whose expression was positively correlated with
the senescence ratio. Notably, 13 of the top 100 genes were TFs, including two WRKY family
members, ShiRTX430.02G247100 (homologous to Arabidopsis WRKY1/ZAP1) and
SbiRTX430.07G116400 (homologous to WRKY4). WRKY1/ZAP1 (AT2G04880) has been
implicated in multiple regulatory pathways involving stress responses (Edrisi Maryan et al.,
2023; Qiao et al., 2016), salicylic acid (SA) signaling, flowering, and nitrogen remobilization (W.
Zhang et al., 2024). Overexpression of WRKY1/ZAP1 in Arabidopsis accelerates both flowering
and senescence, while mutants show delayed developmental progression (W. Zhang et al.,
2024), highlighting its role in coordinating life cycle transitions. WRKY4, on the other hand, is
responsive to SA, salt, and methyl jasmonate stresses and is expressed early during
senescence (Breeze et al., 2011; Buchanan-Wollaston et al., 2005; Datta et al., 2013; P. Li et
al., 2021; Wagstaff et al., 2009) . Gene regulatory network analysis revealed that genes co-
expressed with WRKY1/ZAP1 were enriched for GO terms related to leaf senescence, cell wall
organization, and proline metabolism. This enrichment suggests a functional role in
orchestrating physiological responses during senescence. WRKY4's network was enriched for
terms associated with photoperiodism, autophagy, and stomatal regulation, pointing to its
potential involvement in regulating stress-induced senescence and developmental timing.

Proline catabolic processes were enriched among WRKY1/ZAP1-associated genes. Proline
catabolism is associated with ATP production in senescing petals, but in leaves it may have
additional roles in nitrogen recycling through glutamate metabolism or in hormone signaling
pathways (Masclaux-Daubresse et al., 2005; L. Zhang & Becker, 2015). These results suggest
that WRKY1/ZAP1 may be part of a regulatory module linking stress and hormone signaling
with senescence progression and NUE.

Conclusions

By integrating high-throughput hyperspectral phenotyping with transcriptomic analysis we
identified transcription factor networks associated with nitrogen-responsive senescence in
sorghum. The senescence patterns we observed under nitrogen limitation are consistent with
enhanced remobilization of internal nitrogen reserves, although direct measurements of nitrogen
flux will be needed to test this relationship explicitly. The WRKY1/ZAP1- and WRKY4-
associated gene networks identified here provide candidate regulatory modules for future
functional studies, particularly in relation to phytohormone signaling, senescence progression,
and NUE-associated traits. Extending this framework to genetically diverse sorghum panels
could reveal patterns of natural variation in senescence dynamics and nitrogen remobilization-
associated traits relevant to breeding for improved NUE. We believe that HSI-based
phenotyping can complement association mapping (Bollam et al. 2026), transcriptomic (Braynen
et al. 2025; Gu et al. 2025), and metabolomic (Gu et al. 2025) analyses, to dissect the molecular
mechanisms underlying any dynamic stress-responsive trait and support efforts to develop
varieties that are more resilient and better suited to a variety of environments.
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N: Nitrogen

NUE: Nitrogen Use Efficiency

GO: Gene Ontology

GRN: Gene Regulatory Network

SPAD: Soil Plant Analysis Development
NIR: Near-Infrared

VNIR: Visible-Near Infrared

RGB: Red Green Blue (Visible Light)

PNG: Portable Network Graphics

SVM: Support Vector Machine

PLS-DA: Partial Least Squares Discriminant Analysis
LDA: Inear Discriminant Analysis

TPM: Transcripts Per Million

TF: Transcription Factor

BLAST: Basic Local Alignment Search Tool
DEG: Differentially Expressed Genes

BP: Biological Process

CC: Cellular Component

MF: Molecular Function

SWIR: Short-Wave Infrared

DAP: Days After Planting

HSI: Hyper Spectral Imaging

SAP: Sorghum Association Panel

FPKM: Fragments Per Kilobase of exon per Million mapped fragments

GB: GigaBytes
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