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Supplementary Text:
Partial Least Squares Regression (PLSR) Methodology
This section provides a detailed description of the Partial Least Squares Regression (PLSR) framework used by Singh et al. (2015) to develop the canopy nitrogen (N) estimation coefficients applied in this study. PLSR is a multivariate statistical method that relates high-dimensional spectral reflectance data to canopy N content by reducing them into latent variables that capture their covariance (Bajwa, 2006).
PLSR Framework
PLSR transforms input spectral reflectance data (factors, X) and output canopy N content (response variable, Y) into score matrices T and U, respectively, using latent variables. In the context of Singh et al. (2015), X contained AVIRIS-Classic reflectance values (224 bands, 350–2500 nm) for 237 forest plots, and Y represented canopy N content (% by weight). In our study, X consists of EMIT reflectance data (285 bands, 381–2493 nm) for crop sample points (e.g., 315 for rice, 196 for walnuts; Table 1), and Y is the estimated N content. The transformation is defined as:
          (1)     
           (2)                  
where:
: A column vector in T (X-scores), a linear combination of spectral bands capturing variance relevant to N content.
: A column vector in U (Y-scores), representing variation in N content.
: Weight vector for X, normalized (wT w = 1), determining the contribution of each spectral band.
: Weight vector for Y, normalized (cT c = 1), mapping N content to latent variables.
Constraint: tT u is maximized to capture the covariance between X and Y.

The process iteratively computes  and , subtracts their contributions from X and Y, and repeats until sufficient variance is explained or X becomes a null matrix (Bajwa, 2006). The regression between score matrices is:
X = T PT             (3)
Y = T B CT         (4)
where:

T: Score matrix for X, containing latent variables (dimensions: n × k, n = sample points, k = 5–15 latent components).
U: Score matrix for Y (n × k).
P: Loading matrix for X (p × k, p = number of spectral bands), mapping latent variables to original bands.
B: Diagonal matrix of regression coefficients (k × k), linking T and U.
C: Weight matrix for Y (m × k, m = number of response variables), mapping latent variables to N content.
U = T B: Relates the score matrices.
TT T = I: Ensures orthogonal latent variables.

Matrix Dimensions  
X: In Singh et al. (2015), n × 224, where n = 237 (forest plots) and 224 is the number of AVIRIS-Classic bands, though only 94 bands (1010–2400 nm) were used for N estimation coefficients. In our study, n × 285, where n is the number of sample points (e.g., 315 for rice; Table 1) and 285 is the number of EMIT bands, with a subset matched to 1010–2400 nm. Each xij is the reflectance at wavelength j for sample i.

Y: n × 1, with each yi as the canopy N content for sample i (single response variable).
T, U: n × k, where k is the number of latent components (typically 5–15, determined by cross-validation in Singh et al., 2015).
w, P: 94 × k, corresponding to the 94 bands in the 1010–2400 nm range used for N estimation.
c, C: 1 × k, as Y has one column.
B: k × k, a diagonal matrix.

We applied 94 PLSR coefficients and 1 intercept from Singh et al. (2015), derived from AVIRIS-Classic data (1010–2400 nm) across 237 forest plots, to EMIT reflectance data by matching a subset of the 285 EMIT bands to the nearest wavelengths in the 1010–2400 nm range, multiplying reflectance values by these coefficients, and adding the intercept, averaging results over 500 iterations for robustness. This approach leverages PLSR’s ability to handle high-dimensional, collinear hyperspectral data, enabling accurate N estimation for agricultural crops.
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