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INTRODUCTION
➢ Rising global population necessitates doubling 

crop production by 2050 for which enhancing crop 

breeding efficiency is crucial. 

➢ Hyperspectral sensing (HS) is an effective 

technique, which measures the amount of sunlight 

reflected by plants [1]. This method explores the 

structural and functional relationship between 

plants and electromagnetic energy across the 

visible, near-infrared, and shortwave infrared 

ranges. 

➢ To extract interpretable information from the 

spectra, researchers these days are employing 

modern machine-learning techniques such as 

partial least squares regression (PLSR). 

➢ PLSR is an eigen-technique that projects highly 

correlated predictor variables onto a reduced 

number of orthogonal latent variables while 

maximizing the correlation with the response 

variables [2]. 

➢ It is well-suited to vegetation data as (a) HS data 

contains numerous predictor variables (reflectance 

at each wavelength) compared to the number of 

observations, (b) It effectively handles collinearity 

among predictors, and (c) It addresses high cross-

correlations in response data.

➢ Previous studies have demonstrated a significant 

correlation between leaf nutrients and HS 

reflectance, making the measurement of leaf traits 

a crucial aspect of plant phenotyping [3].

➢ Here we focus on breeding trials of 380 winter 

wheat genotypes grown in field settings. The 

genotypes were sampled across 3 different 

growth stages at (1) Leaf-scale (2) Canopy-

scale and (3) Airborne platform.

Fig.1 Field data acquisition.

ENGAGEMENT WITH COMMUNITY 

PARTNERS
• Local Farmers and Agricultural Cooperatives: 

They will assist in collecting on-ground data for 

expanding the database on which models are built, 

as well as putting our research into practice and 

validating its findings, all while reaping the benefits 

of the latest agricultural innovations.

• Environmental Organizations: Their valuable 

contribution lies in evaluating how optimized 

farming practices affect the environment, making 

certain that our research remains in sync with 

practical environmental concerns.

• Government Agricultural Agencies: They will 

formulate informed policies and support programs 

for farmers. This collaboration can lead to more 

efficient resource allocation and improved 

agricultural practices.

• Educational Institutions: They contribute to the 

progression of precision agriculture and remote 

sensing knowledge. Additionally, they ensure that 

the concrete advantages of our research are 

disseminated to the intended audience through 

their outreach initiatives.

BENEFITS TO FIELD & PARTNERS
• The predictive models offer a powerful tool for 

optimizing crop management practices, ensuring 

that farmers can make data-driven decisions for 

improved agricultural outcomes. 

• Timely and site-specific application of fertilizers will 

lead to increased crop yields and reduced 

production/input costs. This not only leads to higher 

profitability but also strengthens our local food 

security and economic resilience.

• Efficient nutrient management is central to our 

approach, reducing the environmental impact of 

agriculture. With minimized nutrient runoff, our 

sustainable farming practices protect our water 

sources, ecosystems, and public health.

• Precision agriculture can help provide enough food 

for the growing world population's needs.

CONCLUSIONS

➢ Leaf and canopy hyperspectral reflectance 

combined with ML techniques effectively 

estimates nutrient concentrations in wheat, 

improving breeding efficiency. 

➢ Accuracy and information retrieved vary based 

on the target nutrient and the algorithm used.
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Fig. 3 Response plots illustrating a comparison between 

predicted values and laboratory chemical measurements.
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Fig.2  Schematization of the methodology.
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