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ABSTRACT

Detection of vegetation disease in hyperspectral imagery
is a problem of continued interest, particularly in difficult
imaging conditions such as very high resolution (sub-leaf)
and cases with multiple scattering in the leaf structure. To
address this problem, this work introduces a new metric,
the Eigenvalue Discounted Manhattan Distance (EDMD),
which compares the difference between two eigenvalue dis-
tributions as calculated from the ISOMAP embedding of two
hyperspectral images. The metric was calculated for vegeta-
tion plots and compared to spectral angle mapping (SAM) for
the detection of plant disease Cercospora Leaf Spot (CLS).
EDMD was able to outperform SAM. At an observed CLS
disease severity of 26% and a 5% False Alarm Rate (FAR),
SAM has a maximum True Positive Rate (TPR) of 50% while
EDMD has a minimum observed TPR of 80% and a likely
true TPR above 97.5%.

Index Terms— graph theory, manifold, ISOMAP, hyper-
spectral, vegetation, spectral angle mapping

1. INTRODUCTION

Detection of vegetation disease in hyperspectral imagery is a
problem of continued interest, particularly in difficult imag-
ing conditions such as very high resolution (sub-leaf) and
cases with multiple scattering in the leaf structure[1]. Due
to the non-linear nature of multiple scattering and vegetation
disease effects, most modern processing methods rely on ma-
chine learning to capture these effects and approximate the
underlying manifold of the data[1]. Instead of using machine
learning to approximate the underlying manifold, we propose
a metric which directly compares the eigenvalues of graph
matrices representing the underlying non-linear manifold of
hyperspectral vegetation data as a means to identify vegeta-
tion disease. In particular, we use the non-linear dimension-
ality reduction algorithm ISOMAP[2] to embed images into
manifolds and compare the eigenvalue distributions the man-
ifolds.

The ISOMAP algorithm[2] aims to find the underlying
manifold of a high-dimensional dataset which preserves the

geodesic distance (i.e., the shortest distance) between input
data points. The algorithm performs eigendecomposition on
the geodesic distance matrix, which is a matrix containing the
pairwise distances between input graph nodes. The eigenval-
ues of the geodesic distance matrix, normalized to a sum of
1, correspond to the fraction of variance captured by each la-
tent dimension of the lower-dimensional manifold estimated
by ISOMAP, analogous to the eigenvalues for principal com-
ponent analysis. If two graphs (and therefore manifolds) have
a similar shape, then the eigenvalue distributions representing
the graphs will be similar. While ISOMAP is often used for
dimensionality reduction[3], the resulting eigenvalues have
not been used as feature vectors to compare hyperspectral im-
ages. We compare this new metric to the popular spectral
angle mapping (SAM) algorithm. SAM is popular for plant
disease detection, either as a standalone metric[4] or as inte-
grated into a pre-processing framework[1].

2. METHODOLOGY

2.1. Dataset

Saif et al. (2025)[5] collected hyperspectral reflectance im-
agery of beet root vegetables infected with Cercospora Leaf
Spot (CLS), a fungal plant disease that manifests spots on
plant leaves. The dataset contains a total of 40 beet root
plots, with imagery collected in the 400nm-1000nm wave-
length range across 272 bands and over 5 days. The CLS dis-
ease severity, scored between 0% and 100%, was evaluated
for each plot and observation date by visually estimating the
CLS-affected area across leaf samples[6].

To compare healthy vegetation plots with diseased vege-
tation plots, 18 plots with an observed disease severity of 0%
from the first day of data collection were selected to serve
as a baseline for healthy vegetation. Representative mean re-
flectance spectra from the healthy vegetation plots are shown
in Figure 1. The mean normalized difference vegetation in-
dex (NDVI) for the the healthy vegetation plots ranged from
0.44 to 0.68. The mean reflectance spectra of diseased vege-
tation were selected from the fifth day of data collection, with
observed diseased severities ranging between 10% and 88%



across all 40 plots. The mean NDVI for the diseased vege-
tation plots ranged from 0.48 to 0.80. NDVI ranges for the
healthy vegetation and the diseased vegetation overlap, with
many diseased vegetation plots having a higher mean NDVI
than the healthy vegetation as shown in Figures 1 and 2.

—— Plot 1, Disease Severity = 0%, Mean NDVI = 0.49
Plot 8, Disease Severity = 0%, Mean NDVI = 0.62
—— Plot 15, Disease Severity = 0%, Mean NDVI = 0.62
—— Plot 31, Disease Severity = 0%, Mean NDVI = 0.44
—— Plot 39, Disease Severity = 0%, Mean NDVI = 0.61
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Fig. 1. Example mean reflectance spectra from healthy beet
root plots collected by Saif et al.(2025)[5]. Healthy plots
correspond to plots with an observed Cercospora Leaf Spot
(CLS) disease severity of 0%. The NDVI of the healthy veg-
etation plots ranged from 0.44 to 0.68.

2.2. Detection Metrics

For this work, graphs were generated from the pixels in hy-
perspectral images of each individual beet root plot discussed
in Section 2.1 using k£ = 10 nearest neighbors and a weighted
connectivity, using cosine similarity as the distance metric to
facilitate comparison with SAM. To enable the direct com-
parison of the eigenvalue distributions between graphs (i.e.,
graphs 1 and 2), we introduce the Eigenvalue Discounted
Manhattan Distance (EDMD). The EDMD is defined as

n
EDMD(#,72) = > _ 7" |v1i — vail, M
i=1

where 7/ is the eigenvalue distribution of graph 1 (consdiered
as a vector of eigenvalues), 1/, is the eigenvalue distribution
of graph 2, and | - | represents the euclidean norm. = is a hy-
perparameter which can be tuned to assign higher weights in
the sum to either lower index (v < 1) or higher index (v > 1)
eigenvalues. For this work, v = 1.1 was empirically cho-
sen because the differences between eigenvalue distributions
for diseased vegetation occur at higher index eigenvalues as
demonstrated in Figure 3.

To serve as a baseline for comparison, the EDMD was
compared to the Spectral Angle Mapping (SAM) algorithm,

—— Plot 32, Disease Severity = 10%, Mean NDVI = 0.80
Plot 6, Disease Severity = 23%, Mean NDVI = 0.68
Plot 3, Disease Severity = 44%, Mean NDVI = 0.63
Plot 4, Disease Severity = 59%, Mean NDVI = 0.60
Plot 36, Disease Severity = 88%, Mean NDVI = 0.55
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Fig. 2. Example mean reflectance spectra from diseased beet
root plots collected by Saif et al.(2025)[5]. The diseased veg-
etation plots have an observed Cercospora Leaf Spot (CLS)
disease severity between 10% and 88%. The NDVI of the
diseased vegetation plots ranged from 0.48 to 0.80.

which was used to calculate the spectral angle distance be-
tween two mean reflectance spectra. The SAM between two
reflectance spectra pj and p3 is defined as

SAM(p1, p2) = arccos <<pj’ p_2,>) , 2
|91l 92|

where (-, -) represents the dot product.

2.3. Statistics

For metrics EDMD and SAM, a baseline “healthy” distribu-
tion was determined by calculating the each metric across ev-
ery pair of healthy plots. For 18 plots, this corresponded to
153 unique samples. Each sample set was converted into a
histogram which was then fit to a folded normal distribution,
i.e., a distribution where the negative x-axis portion of a nor-
mal distribution is “folded” onto the positive portion of the
x-axis. A folded normal distribution was selected because
the mean for EDMD and SAM across all healthy plot pairs
was expected to be near-zero and both EDMD and SAM are
bounded to be greater than or equal to 0. A decision bound-
ary was assigned 2 standard deviations away from the mean,
corresponding to a 5% False Alarm Rate (FAR).

The EDMD and SAM distributions for each diseased plot
were calculated using the following procedure: Each diseased
plot had a unique disease severity. The EDMD and SAM
were calculated between the diseased plot and each individual
healthy plot, resulting in 18 samples per disease severity. As
with the healthy distribution, the sample set for each metric
was converted into a histogram which was fit to a folded nor-
mal distribution. The mean and standard deviation from the
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Plot 1 Day 1, Disease Severity = 0%
Plot 1 Day 5, Disease Severity = 11.82%
Plot 6 Day 5, Disease Severity = 43.60%
Plot 3 Day 5, Disease Severity = 22.95%
Plot 36 Day 5, Disease Severity = 88%
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Fig. 3. Example eigenvalue distributions for graphs represent-
ing hyperspectral images of beet root plots across various dis-
ease severities. Note that the differences between eigenvalue
distributions for diseased vegetation become more visible as
eigenvalue index increases.

fit were used to generate 95% confidence intervals centered
on the mean for each disease severity. Cases where the confi-
dence interval for a given disease severity lies entirely above
the decision boundary for healthy vegetation correspond to a
True Positive Rate (TPR) of at least 97.5%.

Plots were generated showing EDMD and SAM vs dis-
ease severity, containing confidence intervals for each dis-
ease severity and a line along the y-axis marking the deci-
sion boundary. Linear regression lines and corresponding R?
values were calculated for each plot. A validation of the
folded normal distribution fits is presented in Section 3.1 and
a demonstration of using these distributions to detect plant
disease is presented in Section 3.2.

3. RESULTS

3.1. Statistics Validation

The measured and modeled SAM distributions for healthy
plots are shown in Figure 4. For the healthy distributions,
we observed the measured distribution had a sharper peak
and a heavier tail as compared to the modeled distribution,
which is characteristic of a folded Student’s t-distribution.
Considering that a Student’s t-distribution converges to a nor-
mal distribution with increasing sample size and the mod-
eled mean appeared well-centered, the folded normal distri-
bution is deemed to be an appropriate model for the distribu-
tion SAM distribution of healthy vegetation.

An example measured and modeled SAM distribution
measured between a diseased plot and all healthy plots is
shown in Figure 5. Similar to the healthy distributions, we
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Fig. 4. Measured and modeled probability density of the
spectral angle distance between each pair of mean reflectance
spectra of healthy beet root plots.

observed a sharper peak and heavier tail in the measured dis-
tribution as compared to the modeled distribution, once again
characteristic of a folded Student’s t-distribution. In contrast
to the healthy distributions, the measured distribution showed
zero data points below the mean, suggesting the distribu-
tion was right-skewed, which was not incorporated into the
model. Due to the skewness of the measured distribution, the
model may have underestimated the lower bound of the con-
fidence interval. Because the lower bound is being compared
to the decision boundary to find the TPR, this error may have
been significant and therefore the mean was prioritized for
analyzing the TPR in Section 3.2.
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Fig. 5. Example measured and modeled probability density
of the spectral angle distance between the mean reflectance
spectrum a plot with an assessed disease severity of 23% and
the mean reflectance spectrum of healthy beet root plots.



The measured and modeled EDMD distributions for
healthy plots are shown in Figure 6 and an example mea-
sured and modeled EDMD distribution measured between a
diseased plot and all healthy plots is shown in Figure 7. As
with the SAM distributions, the measured healthy distribu-
tion for EDMD showed characteristics of a folded Student’s
t-distribution, which demonstrates that a folded normal dis-
tribution is an appropriate model since the t-distribution
converges to a normal distribution as sample increases. In
contrast to the example SAM distribution for a diseased veg-
etation plot, the example EDMD distribution had few values
above the mean, which indicates that the distribution is left-
skewed. Therefore, the model may have overestimated the
upper bound of the confidence interval, which was not used
to calculate the TPR.
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Fig. 6. Measured and modeled probability density of the
Eigenvalue Discounted Manhattan Distance between each
pair of eigenvalue distributions representing healthy beet root
plots.

3.2. Diseased Vegetation Detection

The distribution of SAM for healthy vegetation had a mod-
eled mean of 0.03 and a modeled standard deviation 0.02. The
decision boundary corresponding to a 5% FAR was 0.07. Fig-
ure 8 shows the healthy mean, the decision boundary (i.e., the
healthy 95% confidence interval), and the modeled SAM dis-
tributions vs. disease severity along with a linear regression
line (R? = 0.38) based on the SAM distribution means. The
line intersects the decision boundary at 26% disease severity.

The distribution of EDMD for healthy vegetation had a
modeled mean of 1 and a modeled standard deviation 324.
The decision boundary corresponding to a 5% FAR was 629.
Figure 9 shows the healthy mean, the decision boundary
(i.e., the healthy 95% confidence interval), and the modeled
EDMD distributions vs. disease severity along with a lin-
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Fig. 7. Example measured and modeled probability density of
the Eigenvalue Discounted Manhattan Distance between the
eigenvalue distribution representing a plot with an assessed
disease severity of 23% and the eigenvalue distributions rep-
resenting healthy beet root plots.

ear regression based on the EDMD distribution means. In
contrast to the SAM distributions, the size of the confidence
interval was roughly constant across disease severity, with a
mean of 451 and a standard deviation of 33 (i.e., 7% varia-
tion). The linear regression line (R? = 0.20) was a visibly
poor fit for the underlying data.

4. DISCUSSION

As discussed in Section 3.1, the right-skewness of the SAM
distributions for diseased vegetation may have resulted in an
underestimated lower bound for the distribution’s 95% con-
fidence interval. Using only the means to find the linear re-
gression line and assuming the real distribution is centered
on the linear regression line, the intersection with the deci-
sion boundary corresponds to a 50% TPR and a 5% FAR at
26% disease severity. The R? value of the line, 0.38, indicates
that the majority of the variance is not explained by this lin-
ear model and that the modeled TPR may be an overestimate.
For example, note that certain means shown in Figure 8 ap-
pear below the decision boundary up to 65% disease severity.

In contrast, with one exception, every confidence interval
representing the diseased vegetation EDMD distribution (as
shown in Figure 9) lies above the decision boundary begin-
ning at 25% disease severity, corresponding to a minimum
TPR of 97.5%. That is, absent the single outlier at 33%
disease severity where the distribution overlaps the deci-
sion boundary, at a 26% disease severity, SAM results in a
modeled 50% TPR (with the TPR likely being lower) while
EDMD results in an empirical 97.55% TPR at minimum.
Considering the outlier, that distribution would have an ap-
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Fig. 8. Healthy vegetation distribution mean, healthy distri-
bution 95% confidence interval (corresponding to the decision
boundary for a 5% FAR), and diseased distributions vs. dis-
ease severity for spectral angle mapping (SAM).

proximately 80% TPR at the decision boundary, which still
outperforms SAM. The roughly constant size of the confi-
dence interval also suggests that the distribution of EDMD
can be predicted. While a linear regression was visibly a poor
fit to the measured EDMD distribution, a sigmoid function
fit and a known standard deviation may enable the predictive
modeling of the EDMD distribution.

5. CONCLUSION

The Eigenvalue Discounted Manhattan Distance (EDMD),
a new metric which compares the difference between two
eigenvalue distributions as calculated from the ISOMAP
embedding of two hyperspectral images, outperforms the
spectral angle mapping (SAM) algorithm for the detection of
plant disease Cercospora Leaf Spot (CLS) in hyperspectral
imagery of the vegetation plots analyzed here. At a disease
severity of 26%, SAM has a maximum True Positive Rate
(TPR) of 50% while EDMD has a minimum observed TPR
of 80% and a likely true TPR above 97.5%. Future work
is needed to evaluate the utility of non-parametric statistical
tests in order to generalize this approach to generic and non-
gaussian data. Future work is also required to validate this
approach on other plant disease datasets and to explore other
use cases, such as agriculture and environmental monitoring.
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