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Abstract

Introduction: Hyperspectral sensors record surface reflectance in hundreds of narrow, contiguous spectral
bands and can therefore discriminate crops that appear almost identical in broadband imagery. This spectral
richness, however, introduces the Hughes phenomenon: as the number of bands grows relative to the
number of labeled training samples, the accuracy of conventional classifiers first improves and then
deteriorates, while the strong correlation between neighboring bands adds redundancy and computational
cost. Dimensionality reduction, either by feature extraction such as principal component analysis (PCA) or
by band selection, is therefore an essential pre-processing step. Classical learners such as artificial neural
networks (ANN) and support vector machines (SVM) remain standard baselines, and recent deep
architectures exceed 99% accuracy on benchmark scenes, although they require large training sets, heavy
computation, and complex tuning, and offer limited interpretability. Two issues have received
comparatively little attention in the benchmark literature: the strong sensitivity of shallow-network
accuracy to training hyperparameters in high-dimensional spaces, and the use of unsupervised clustering to
reveal the intrinsic spectral-affinity structure among crops without any labeled data.

Materials and Methods: The standard Salinas Valley hyperspectral image acquired by the AVIRIS sensor
was used. The scene covers 512 by 217 pixels at a spatial resolution of 3.7 m and, after the removal of the
water-absorption bands 108-112, 154-167 and 224, retains 204 effective spectral bands spanning 400-2500
nm; it contains 54,129 labeled pixels distributed very unevenly among sixteen crop classes. Band
collinearity was quantified before any reduction: the mean absolute correlation over all band pairs was 0.65
and that between adjacent bands was 0.99, with 33% of all pairs exceeding 0.90, and the participation ratio
of the covariance eigenvalues was 1.6, so the effective dimensionality is close to two. Three input scenarios
were then defined: all 204 bands, all principal components, and the first two components, which are the
only ones above the 2% variance threshold and together account for 98.3% of the total variance. The
labeled pixels were split 70/30 by stratified random sampling, and a spatially disjoint split along a column
cut served as a complementary test of spatial information leakage. An ANN and an RBF support vector
machine were trained on identical training pixels and scored on identical test pixels in every scenario, using
overall accuracy, the kappa coefficient, producer's and user's accuracy, and the F1 score. The ANN
sensitivity analysis covered the number of hidden nodes (2 to 50), the number of layers (one to three), the
early-stopping patience (1 to 12), and five training algorithms, searched one factor at a time with ten
repetitions per configuration. In the unsupervised stage, K-means and self-organizing maps were applied
for cluster numbers from 2 to 16 and assessed with the silhouette, Davies-Bouldin, and Calinski-Harabasz
indices, while the spectral angle between class centroids provided an independent measure of spectral
affinity.
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Results and Discussion: Training hyperparameters proved to be as decisive as the choice of classifier.
Increasing the early-stopping patience raised the ANN test accuracy on PCA features from about 66% to
90.3%, a change exceeding 24 percentage points; across the three scenarios, the range of accuracy over the
patience sweep was 20.1, 24.4 and 23.0 percentage points, with Spearman correlations of 0.62 (p = 0.031)
for all bands and 0.64 (p = 0.026) for two components, so the effect is large but not monotonic. In the high-
dimensional space, the scaled conjugate gradient and one-step secant algorithms performed best, whereas
the Levenberg-Marquardt algorithm failed completely, which is attributable to its heavy memory demand
when the number of parameters is large. In the like-for-like comparison, the support vector machine ran
without difficulty on the full 204-band space, contrary to the initial analysis, and reached 93.9% overall
accuracy with a kappa of 0.932, against 91.1% and 0.901 for the ANN; on all principal components the two
reached 92.7% and 90.0%, and on the first two components only 83.4% and 81.8%. The earlier finding that
the support vector machine was ineffective therefore reflected input to two components and untuned kernel
parameters rather than any property of the method. Dimensionality reduction brought no gain in accuracy
on this scene: retaining all components, an invertible rotation of the original space, left accuracy almost
unchanged, while discarding components on a variance criterion cost about ten percentage points. Under
the spatially disjoint split, mean F1 fell from 97.2% to 83.4%, showing that spatial autocorrelation inflates
the conventional random-split estimate. The clustering analysis showed that the intrinsic spectral structure
is coarser than the nominal sixteen classes: the silhouette peaked, and the Davies-Bouldin index reached its
minimum at the same seven clusters. The stubble class formed the purest cluster, with more than 99% of its
pixels in a single cluster; the spectral angle confirmed the overlaps independently, with the closest pairs
being fallow and developing vineyard soil at 1.1 degrees and untrained grapes and untrained vineyard at
1.4 degrees.

Conclusion: In supervised recognition of crop patterns from hyperspectral imagery with classical methods,
tuning training parameters is at least as important as choosing the learning method: the early-stopping rule
alone improved accuracy by more than 24 percentage points, whereas the gap between the two classifiers
never exceeded three. Dimensionality reduction on a variance criterion did not improve accuracy on this
scene; the value of principal component analysis here is computational, and the number of retained
components should be tied to classification performance rather than to a fixed variance threshold. The
intrinsic spectral structure of the scene is described by seven clusters rather than sixteen nominal classes,
and the classes prone to confusion can be identified before any classification, without labeled data, from
the spectral angle between class centroids. These results offer three practical recommendations for crop-
recognition systems: budget and document parameter tuning before selecting a classifier, choose the
number of components based on classification performance, and focus ground sampling on class pairs the
spectral angle identifies as close.
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Table 1. Crop classes and the number of labelled pixels in the Salinas AVIRIS hyperspectral image
(source: Grupo de Inteligencia Computacional, 2021).

No. Crop class Pixels
1 Broccoli green weeds 1 2009
2 Broccoli green weeds 2 3726
3 Fallow 1976
4 Fallow rough plough 1394
5 Fallow smooth 2678
6 Stubble 3959
7 Celery 3579
8 Grapes untrained 11271
9 Soil vineyard develop 6203
10 Corn senesced green weeds 3278
11 Lettuce romaine 4 wk 1068
12 Lettuce romaine 5 wk 1927
13 Lettuce romaine 6 wk 916
14 Lettuce romaine 7 wk 1070
15 Vineyard untrained 7268
16 Vineyard vertical trellis 1807
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Figure 2. Absolute Pearson correlation coefficient between the 204 spectral bands of the Salinas
image.
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Table 2. Best artificial neural network architecture in each input scenario (average of ten training
runs).
Input scenario Nodes Layers Test accuracy (%)
All 204 bands 50 1 87.2
All PCA components 20 3 85.8

First two principal components 20 2 79.8
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Figure 4. Effect of the number of hidden nodes and layers on the ANN test accuracy (all-bands scenario).
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Table 3. Like-for-like comparison of the ANN and the SVM in the three input scenarios (identical
training and test pixels; PA, UA and F1 are unweighted class means).

Input scenario Model OA (%) Kappa PA (%) UA (%) F1(%)

All 204 bands SVM-RBF 93.9 0.932 97.1 97.4 97.2

All 204 bands ANN 91.1 0.901 94.4 95.0 94.6
All PCA components SVM-RBF 92.7 0.919 95.9 96.4 96.2
All PCA components ANN 90.0 0.889 93.0 93.5 93.2
First two components SVM-RBF 83.4 0.815 87.7 87.9 87.4
First two components ANN 81.8 0.796 84.7 85.3 84.4

Table 4. Effect of a spatially disjoint train-test split on the supervised results (ten classes present on
both sides of the column cut).

Model OA (%) Kappa PA (%) UA (%) F1 (%)
SVM-RBF 97.4 0.966 94.1 82.7 83.4
ANN 94.6 0.927 92.5 79.3 79.7




vy

o3 oeile 655k Gl by ol ot 0o 5

b Sl 9 SAAligS o

(Sl K oy s das e Ol Shs sl 93 53 5 Al s sy 55 6l b Sk oo o Sle VS
Ol dume dnlomn T sty ol laadl s Lo (slaadl e (65, AW Lo shon b aki s i o Waad el oy e
Glas lude Sle sls s ad - sl Oles Lg\jb#‘i‘b?)\dﬁ.acgl.&:i)l}ué:w R g oy E R
ca:;)b)'l..u:f'-@@J))):JJBJ:MAA@KE\)%Qf:ldﬁj@\gﬂj@wbu)sé)bjd}ajo}:&j\dﬁ:lj
3l 5 g e ¢ mly oIS 035 s b oS Sl OT g5 5550 &S5 g AN gk 5 RS dig 4 S Sl
WLl DY guamme 1 (6l Olon e Sl § 5 L gan CB3L el l ns e sl 1 (6 a8 Sl dinge 4l

3:\J‘}:gflﬁb4.’2'}5-Jju.a.“ﬁ-&l{w%.:;)m'\-b@ij)&b@\})\:ﬁ-bhﬁfjshw%@jjw
S s ples ab g &S5 3 0yl gen SS9 45 93 blin 53 .28 S 515 e ad g &S 3 0T (gl JuSy o3 4451
&l sl owézgj&bq|}@¢,vs;;;u:€T, AR t\ﬂw.@uohﬂt{&buu aias(ilas
9351 00,3 Y 1 i b SIS ol oS K 55 5303 Gees o3ub b T IS Uy 5 03 s 33 Ole 57 55
Ol &5 oy k8 § 515 4t &S s T g5 aw g es0lejlos ot SIS g o bl e oSS s 4T S
St 3 Si Sl Ol ¢ ey (ol psel 3l (b (6l Y sl b 6 heSKSE 5 Sy oyl
.J‘)‘Jv.:z;wﬁé.}jjgjj)\ (St 53 olidl dstians (la WIS

1y 38 S (SIS 5 pls o 50 G 53 sk 5 2 0331 (S 42 g sl (Y i S
bad gt Cadn 5o 1y 500 dd Sk et la .l ol &I A IS 55 0T des 5 i denlous 03 5L0 b 55 (Slaad & Sliws
2 s 2 Ls 53 ol ol OLES POV Jltie b ad s s Olad 53 35 1y 3 5 4beS pll s 3 ol 5 /90F ltie
S5 sba L i ad gt sl 2l 31 b 5 Cdls Soglize (g8 SUlam SIS Lastls Ll 33l 5 dg 4% g Slis
031l 1y 4 g5 sl il 311 5 el okl ol astli (gl by ol ol Ol ad s 03 5La 45 1) 55 i 5 3L
SIS )3l o Cdn y Cade Lasls 93 315 050 blad 5507 5t 4 5505 slhad st b glaesls 5o 5 S i das o S
W OT gl IS 0350 31 o3l 3 oty st ) 13 i Sl 487 ST 0 B 1 aon a2l o1 S5

4;...4,‘,;winL;)LW,M\;ct:guu,;,t:s.u|,_,~‘.u;nw-T,gL;.\;{a,;j\g}s;“awgnpgquﬁdw
SLL Y F ST gl s WS ea 5l b S50 Ol ib 45l ) st ooy S ol DUy (i Cals 5 leSa 5 Sl
S b IS i i O g 55 43 YA iy 5 1/ 4eS cdom )3 VHA Wi aen (1 0T 5 80e ol dusloes
Aas o Ol ) b 4l

VE 4315 b ot o 2 OBaSTE 3 0kt 2 5 831 i S o o fin gty 5 (siluad o 5n Dlisal (s )
N3 YV a3 b S5, 68 5 5 chinsls KuSs wly ot oy 2h 35 (shvdiws 5;52)‘.,@); ol 53 S s
24 aals ot Lyls UK b a3l S sblss AT ned g5 A rmen dites b o 555
w3 S5 315 ayy OIS A (sliaal 35 3 A e o5 S s ey B 355 r o> laa g L
Gl 35 o o> amw g b= 55 OLuSTT &S 5 5T e Ol S (U gamen 93 Ols & b a3l o a8 S ol 0T

2sde IS S I IE OGS 53 a 50 & Caly ol b B Sl



Yrv

1Fe0 oo les PR Ll (‘_gj))l.&f‘_;o.l& aloes) oy wlige

—8— K-means (PCA)
K-means (all bands)
—i— SOM (PCA)

0.800 A
0.775 A
0.750 4
0.725 A
0.700 +
0.675 1

0.650 4

Mean silhouette coefficient

0.625 4

e B e I B e e S LA s m
2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Number of clusters (k)

Figure 7. Mean silhouette coefficient versus the number of clusters for the K-means and self-
organizing map methods.
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Figure 8. Silhouette, Davies-Bouldin and Calinski-Harabasz indices against the number of clusters
for K-means on the two leading principal components.

Table 5. The eight most spectrally similar class pairs, measured by the spectral angle between class
centroids in the full 204-band space.

Spectral angle

Class A Class B (degrees)
Fallow Soil vineyard develop 1.11
Grapes untrained Vineyard untrained 1.43
Soil vineyard develop Lettuce romaine 4 wk 1.64
Broccoli green weeds 2 Celery 1.80
Fallow Lettuce romaine 4 wk 2.04
Fallow Fallow smooth 2.17
Lettuce romaine 4 wk Lettuce romaine 5 wk 2.51
Fallow smooth Soil vineyard develop 2.72
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