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ABSTRACT

Forest degradation can begin before complete canopy removal. A forest area may still
appear visually green while vegetation moisture, canopy structure, pigment response,
or disturbance condition has already changed. Hyperspectral imagery is suitable for
this problem because it records hundreds of narrow spectral bands and can therefore
preserve subtle vegetation information that may not be visible in RGB or broad-band

multispectral imagery.

This thesis presents ST-HyperDegradeNet, a spectral-temporal hyperspectral deep
learning framework for early forest degradation detection and hyperspectral change
analysis. The proposed framework operates on two hyperspectral images acquired over
the same region at two different times. It performs invalid value handling, reflectance
normalization, robust clipping, PCA-based dimensionality reduction, patch extraction,
class-imbalance-aware training, full-scene inference, and vegetation-constrained

refinement for the forest case study.

The main architectural idea is to use a true bi-temporal three-dimensional input
representation. Patches from Time 1 and Time 2 are stacked along an explicit temporal
dimension so that 3D convolution can learn spectral, spatial, and temporal interactions
jointly. Squeeze-and-Excitation attention is used to recalibrate informative channels,

while focal loss and class weighting support changed-class learning under imbalance.

Two labelled hyperspectral change-detection benchmarks, Bay Area AVIRIS and
Hermiston Hyperion, are used for quantitative validation. NEON SOAP Forest is used
as a weakly supervised forest-domain case study because manual pixel-level
degradation labels are not available. In the final test-split results, the proposed model
achieved 98.46% accuracy and 96.53% changed-class F1 on Bay Area, and 98.98%
accuracy and 97.97% changed-class F1 on Hermiston. For NEON, the proposed model
achieved 87.10% pseudo-reference agreement, and the vegetation-constrained final
map identified 1.62% early degradation and 1.91% strong degradation within the

selected crop.

The results show that ST-HyperDegradeNet is a competitive and interpretable
framework for benchmark hyperspectral change detection and a practical candidate-

screening approach for forest degradation mapping under limited-label conditions. The



thesis emphasizes cautious interpretation of pseudo-reference results and identifies
future work involving field labels, multi-site validation, LIDAR integration, and longer

multi-temporal time series.
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CHAPTER 1
INTRODUCTION

1.1 Background and Motivation

Remote sensing provides repeated observations of the Earth surface and is widely used
for environmental monitoring. Hyperspectral remote sensing extends this capability
by measuring reflected energy in many narrow and contiguous spectral bands. Instead
of representing a location only through a few broad colour channels, a hyperspectral
image stores a detailed spectral signature for every pixel. This property has made
imaging spectroscopy useful for vegetation analysis, material identification, land-

cover mapping, and ecological monitoring [1].

Forest degradation is a gradual process and is often more difficult to detect than
complete deforestation. Deforestation usually produces a clear loss of canopy cover,
while degradation may involve drought stress, disease, fire impact, selective
extraction, pest disturbance, or slow canopy weakening. Such changes may affect
pigment absorption, near-infrared canopy response, and short-wave infrared water-
related bands before the land cover changes completely [2], [3]. For this reason,

hyperspectral data are suitable for early degradation screening.

The main challenge is that hyperspectral images are high dimensional and sensitive to
atmospheric, phenological, illumination, and sensor-related variation. A simple
difference image may capture change magnitude, but it may not distinguish real
vegetation degradation from unrelated spectral variation. At the same time, deep
learning models require careful design because changed or degraded pixels are often
fewer than unchanged pixels. The motivation of this thesis is therefore to develop a
compact spectral-spatial-temporal model that can learn from bi-temporal hyperspectral

patches and can be evaluated under a transparent protocol.

Figure 1.1 illustrates the forest-condition continuum that motivates this thesis. It is
placed in the background section because the thesis focuses on detecting early and

strong degradation candidates before complete forest loss becomes visually obvious.



Forest degradation continuum addressed in the thesis

IR AA

Healthy / unchanged forest Early degradation Strong degradation Complete deforestation

stable canopy and vegetation subtle stress, moisture or larger spectral decline and clear land-cover conversion;
response pigment decline canopy stress not the main focus

The thesis focuses on early and strong degradation candidates before complete forest loss, using multi-temporal hyperspectral evidence.

Figure 1.1:Forest degradation continuum addressed in the thesis.

1.2 Problem Statement

Given two hyperspectral images of the same region acquired at two different times,
the problem is to identify pixels that represent change or degradation while preserving
spectral, spatial, and temporal information. For labelled benchmark datasets, the task
is binary change detection. For the NEON forest case study, the task is to produce a
conservative degradation map using weak pseudo-reference labels and vegetation-
constrained refinement because field-verified pixel-level degradation labels are not

available.

This problem requires a model that can address four linked issues. First, hyperspectral
data contain many correlated bands and therefore require dimensionality control.
Second, degradation and changed pixels may be minority classes. Third, spatial
context around a pixel is important because vegetation stress is rarely isolated to a
single pixel. Fourth, forest degradation is an ecological condition, so pseudo-reference

results must be interpreted more cautiously than benchmark ground-truth results.



1.3 Objectives and Scope

The objectives of this thesis are as follows:

To design a lightweight bi-temporal hyperspectral deep learning framework for
early forest degradation and change detection.

To preprocess hyperspectral image pairs using invalid-value handling, reflectance
scaling, clipping, PCA-based dimensionality reduction, and vegetation-index
support where required.

To compare the proposed method with traditional change detection, classical
machine learning, and lightweight deep learning baselines under a common held-
out test-split protocol.

To evaluate the proposed framework on two labelled hyperspectral benchmark
datasets and one weakly supervised NEON forest case study.

To analyze the effect of the main architectural components through an ablation

study.

The scope of the work is limited to the datasets and labels used in the final

implementation. The NEON result is treated as a candidate degradation screening

output, not as field-verified ecological accuracy.

1.4 Contributions

The main contributions of the thesis are summarized below.

A true bi-temporal 3D input formulation that stacks Time 1 and Time 2 patches
along an explicit temporal dimension.

A compact ST-HyperDegradeNet architecture using 3D convolution, temporal
aggregation, SE attention, 2D spatial refinement, and class-imbalance-aware
training.

A consistent evaluation design using Bay Area AVIRIS and Hermiston Hyperion
as labelled benchmarks, and NEON SOAP Forest as a weakly supervised forest
case study.

A final vegetation-constrained degradation refinement for NEON that separates

unchanged or healthy forest, early degradation, and strong degradation.



e A component-level ablation analysis comparing the full model with no-SE, no-

focal, no-SE plus no-focal, and Siamese 2D variants.

1.5 Organization of the Thesis

The motivations, problem statement, research objectives, scope, and contribution have
been introduced in Chapter 1. In Chapter 2, the literature review is carried out on
Hyperspectral Image Classification, Hyperspectral Image Change Detection, Deep
Learning Methods, Attention Mechanisms, Weak Supervision, and Forest Degradation
Detection. The third chapter is dedicated to introducing the methodology used for this
research, which includes the preprocessing stage, ST-HyperDegradeNet network

structure, formulae involved, and the baseline algorithms used.



CHAPTER 2
LITERATURE REVIEW

2.1 Hyperspectral Remote Sensing and Vegetation Monitoring

Hyperspectral imaging techniques were designed to generate high-resolution spectral
data useful in earth observations and material classification [1]. Visible, near-infrared
and short-wave infrared bands are related to pigment absorption, internal leaf structure
and canopy structure, respectively. Short-wave infrared band is related to water
content and dry matter [2], [3]. Such relationships make the hyperspectral images

valuable in detecting vegetation stress not obvious in regular images.

Vegetation index, e.g., NDVI, which represents forest greenness by means of red and
near-infrared reflectances, is commonly used to describe the state of a forest canopy
[4]. Still, one index alone does not characterize all spectral variations in forest
canopies. Therefore, index-derived information is good for providing hints but should

not be the basis of a final model.

Further, a hyperspectral pixel is not only a vector but a real signal subject to factors
like material on the surface, illumination conditions, atmospheric correction, the
canopy architecture, the presence of moisture and mixture of background. In case the
studied scene contains trees, the signal can consist of a reflection produced by leaves,
branches, bushes, shady zones of tree crowns, and soil. Therefore, the problem
becomes even more complicated in comparison with identifying changes in a specific
landscape. Here, one needs not only spectral information but also spatial and temporal

data in addition to the latter.

Firstly, as the number of features increases significantly, there arises the widely known
issue associated with hyperspectral images that an increase in the number of bands
does not necessarily result in better classifier performance. The neighboring bands are
strongly correlated. However, noise in bands and absence of sufficient training
samples make classifier performance worse. This kind of problem was mentioned by

other scientists due to the problem of small sample sizes in the hyperspectral literature.

For early forest degradation, the important signal may be subtle. A small decline in

near-infrared response, a change in moisture-sensitive wavelengths or an increase in



exposed-soil contribution can indicate stress before full canopy removal. This is the
reason why hyperspectral data are relevant to the thesis title. However, the same
sensitivity can also capture illumination changes, seasonal differences and sensor
effects. The literature therefore supports the need for careful preprocessing, cautious
interpretation and a clear separation between benchmark accuracy and forest-case-

study inference.

2.2 Evolution of Hyperspectral Classification and Change Detection
Methods

Examples of techniques used in change detection include differencing, ratioing,
change vector analysis, and spectral angle mapper. These techniques have several
benefits, including being intuitive and easy to understand [5]. Change Vector Analysis
measures the difference in the magnitude of spectra between two points in time [6],
whereas Spectral Angle Mapper measures spectral differences using angular
separation and is less sensitive to variations in illumination levels [7]. Otsu

thresholding can be employed to create maps based on change measurements [8].

Classical machine learning improved upon threshold rules by learning decision
boundaries from labelled samples. Random Forest is a strong ensemble method that
handles nonlinear relationships and noisy features [9]. In remote sensing, machine-
learning classifiers have been used widely for land-cover mapping and accuracy
assessment [10]. However, pixel-level classifiers do not automatically model local

spatial context, which is important for hyperspectral images.

Deep learning introduced automatic feature learning for hyperspectral image analysis.
CNN-based methods learn spatial and spectral patterns directly from data [11], and 3D
CNN models can process local spectral-spatial cubes more naturally than purely 2D
models [12]. Recurrent and sequence-based approaches further treat spectral bands as
ordered signals [13]. Reviews of hyperspectral classification show a clear evolution
from spectral-only methods to spectral-spatial deep models, attention models, and
transfer or limited-label methods [14], [15]. Figure 2.1 depicts this evolution and
shows the position of the present work in the spectral-spatial-temporal deep learning

stage.



Conventional spectral classifiers are still important because they establish a baseline
for interpretability. Methods such as spectral angle comparison, change vector analysis
and vegetation-index thresholding can be implemented without a large training set and
their decision logic is easy to explain. Their weakness is that they generally operate at
pixel level and depend heavily on thresholds. When the same spectral change score is
used across different scenes, it may respond to true change, sensor variation,
phenology or atmospheric differences. This limitation becomes more serious in
degradation detection because degradation is not always a strong or abrupt spectral

event.

Classical machine learning techniques such as SVMs and Random Forest performed
better by learning the boundary lines between classes. They are able to detect nonlinear
relationships among bands and tend to be robust in case the training data are not large.
Nonetheless, they typically demand the inputs to be engineered, and cannot model
spatial layout of pixels automatically. As the adjacent pixels within hyperspectral data
may contain valuable information such as field boundaries, canopy texture and small
degradation patches, researchers tended to switch from spectral-vector classifier to

spectral-spatial classifiers [27].

Deep learning algorithms have decreased reliance on manual feature extraction. While
the two-dimensional CNN is capable of extracting spatial information, the three-
dimensional CNN can learn filters in both spectral and spatial domains simultaneously.
3D convolutions prove to be an effective technique for analysing hyperspectral data,
since adjacent wavelengths are correlated in nature. On the other hand, deep models
tend to overfit in the presence of few labelled examples. Thus, the existing literature
provides guidance in finding an equilibrium between expressiveness and efficiency,

which is true for this thesis as well.

Moreover, current research works have also seen a move towards the application of
transfer learning and self-supervised pre-training and generalization across different
datasets. This is vital due to the costly nature of generating dense annotations for each
individual hyperspectral scene. Although the thesis does not make any effort to train a
huge foundation model, the same concept will be applied in the sense that a viable

hyperspectral model should not rely solely on abundant labeling.



Evolution of hyperspectral classification and change detection methods

Index rules Spectral-spatial Attention/sequence
NDVI, CVA, SAM patches and context SE and transformers

Limited labels

self-supervision and transfer

Classical ML Deep models
SWM, Random Forest CNN and 3D-CNN

The propased work s positioned n the spectral-spatial-temporal deep leaming stage.

Figure 2.1: Evolution of methods relevant to hyperspectral classification and change detection.

2.3 Deep Learning for Hyperspectral Change Detection

Hyperspectral change detection is different from single date classification in that the
network needs to analyze two date observations at the same spatial location.
Unsupervised Deep Slow Feature Analysis is able to suppress unchanged parts and
amplify the changes in multi-temporal remote sensing images [16]. Binary Change
Guided hyperspectral multiclass change detection proves that binary change can help
guide multiclass changes [17]. From the above research, we see that temporal

reasoning is necessary when dealing with two-date hyperspectral images.

Recently, many deep networks employ siamese, attention, transformer-like, and
double stream CNN for change detection [18], [19]. Although those approaches have
been shown to work well, their full versions may need lots of computational resource
and specific training environments. In this thesis, in order to provide light weight
baselines for further improvement, HCDNet-Lite and STT-Lite are provided in the

same protocol, while not claiming that they are official full versions of those models.

The temporal interaction plays an important part in the difference between
hyperspectral classification and hyperspectral change detection. In single-date
classification, the prediction is made based on the observation from one date. In
contrast, in change detection, the classifier needs to figure out whether there is any

transition from one date to another date. In some cases, subtraction or independent



feature extraction might lose the relationship between dates or fail to take into account
nonlinear spectral relationships. Therefore, the real challenge of using bi-temporal
representation in change detection lies in the joint processing of these two dates

together.

Unsupervised solutions are promising due to the lack of change ground truth. With
deep slow feature analysis, binary change guidance or pseudo label method, effective
change representation can still be obtained even without too much labeled training
samples. Nonetheless, one should be careful when interpreting the unsupervised
solution or pseudo-supervised solution since their predicted label is influenced by the
assumption used to generate the targets [28]. This issue is especially prominent in the

case study of NEON forests.

The literature also shows that visual change maps and numerical scores should be
examined together. A method may obtain a high numerical score if the label generation
procedure favours its assumptions, but the resulting map may still be spatially noisy
or ecologically difficult to interpret. For this reason, the present thesis reports metrics,
prediction maps and area summaries together rather than relying on a single accuracy

number.

2.4 Attention, Class Imbalance, and Weak Supervision

Attention mechanisms are useful because not all learned channels are equally
informative. Squeeze-and-Excitation networks recalibrate channels by learning
channel-wise importance weights [20]. In hyperspectral analysis, this idea is relevant
because some spectral-temporal responses may contribute more strongly to
degradation or change detection than others. ST-HyperDegradeNet therefore includes

SE attention after deep feature extraction.

Class imbalance is another important issue. In change detection, unchanged pixels
often dominate the image, and a model can obtain high overall accuracy while missing
minority changed pixels. Focal loss was introduced to focus learning on difficult
samples and reduce the dominance of easy examples [21]. In this thesis, focal loss and
automatic class weighting are used in the full model, and their effect is tested through

ablation.



Weak supervision is particularly relevant for the NEON forest case study. Manual
pixel-level degradation labels are not available for the selected scene, so pseudo-
reference labels and vegetation constraints are used. Current trends in self-supervised,
cross-dataset, and foundation-model style remote-sensing learning also indicate that

reducing dependence on dense manual labels is an important research direction [22],

[23].

2.5 Research Gap and Comparative study

The literature reviewed above shows a gradual movement from simple spectral
comparison methods to machine learning, deep spectral-spatial learning, attention-
based models, and label-efficient approaches. Table 2.1 gives a compact comparative
view of the main method families that are relevant to this thesis. The table is included
to clarify how the proposed work is positioned rather than to claim that one family is

universally better than all others.

Table 2.1: Comparative study of method families relevant to hyperspectral change and degradation

detection.
Metlfod Representative Strengths Limitations Relfzvance. to
family approaches this thesis
Sensitive to
. NDVI. . thresholds, Used as
differencing, Simple, . . . .
Index and image interprotable illumination, baseline logic
threshold . &e P ’ phenology, and and NEON
differencing, low . )
methods . non-degradation vegetation
Otsu computation .
. spectral constraint
thresholding e
variation
Directly
compare two Usually pixel- Included as
Spectral spectral wise and weak traditional
change CVA, SAM observations; in spatial- baselines for
measures useful for context benchmark
unsupervised modelling comparison
screening
Depend on
Can learn engineered Random Forest
Classical Random Forest,  nonlinear class features and included as
machine SVM-style pixel boundaries from  usually do not classical
learning classifiers labelled learn local supervised
samples spatial structure baseline
directly
2D CNN, 3D Learn local May overfit
Spectral- . Forms the
. CNN, patch- spatial and when labels are .
spatial CNN oo foundation for
models based HSI spectral features  limited; single- the proposed
classifiers from data date models do
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Method Representative R Relevance to
. Strengths Limitations . .
family approaches this thesis
not fully solve patch-based
temporal deep model
comparison
Often require .
Designed for careful tregnin Motivates
. Siamese CNN, g & direct T1-T2
Bi-temporal two-date matched data, or .
DSFA, BCG- . ) learning and
deep change comparison and  may be heavier .
style change . comparison
models . richer change than needed for o s
detection . . with Siamese
representation thesis-scale .
2D variant
deployment
. Improve feature Perf ormance SE attention
. SE attention, o gain can be . X
Attention and . weighting and and lightweight
CNN-attention, dataset- .
transformer long-range STT-Lite are
spectral-temporal . . dependent and .
models . interaction . used in the final
token attention . computation can
modelling . study
increase
. Supports the
. Self-supervised Need careful
Limited-label up Reduce . . NEON case-
learning, cross- interpretation .
and weak- L dependence on study framing
- dataset training, because pseudo-
supervision dense manual as pseudo-
pseudo-reference labels are not
approaches . labels reference
learning field truth
agreement

The first research gap concerns the need for joint spectral, spatial, and temporal
learning. Traditional change scores such as CVA and SAM compare two observations
directly, but they do not learn local spatial context and cannot easily separate
ecological degradation from illumination or phenological variation. Single-date
hyperspectral classifiers learn useful spectral-spatial features, but they are not designed
to preserve the two acquisition dates as a true temporal input. This creates the need for
a compact bi-temporal model that can learn T1 and T2 jointly rather than relying only

on a precomputed difference image.

The second limitation pertains to insufficient labels and unbalanced class. The pixels
that have undergone changes or have been degraded are typically fewer than those
that have remained unchanged, making the mere accuracy score misleading for

evaluation purposes. It could happen that.

Another research limitation pertains to the connection between performance on
benchmarks and applicability to forests. The majority of hyperspectral analysis
studies demonstrate great results when working with benchmarks; however, the task

may not capture the diversity associated with the forest ecosystem and its

11



degradation processes. Forest degradation tends to occur gradually, spatially
heterogeneous, and affected by factors like moisture, topography, density of canopy
cover, etc. For that reason, if an approach performed successfully in a benchmark
environment, a corresponding case study should be conducted before declaring its

relevance for environmental monitoring purposes.
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CHAPTER 33
PROPOSED WORK METHODOLOGY

3.1 Overview of the Proposed Framework

The proposed framework is named ST-HyperDegradeNet, where ST denotes spectral-
temporal learning. The framework uses two co-registered hyperspectral images of the
same scene acquired at different times. Instead of subtracting the images at the
beginning, the method preserves both temporal states and allows the model to learn

before-and-after relationships from local patches.

Figure 3.1 illustrates some representative examples of bi-temporal false-color images
from the data sets that have been utilized for this research. Figure 3.1 has been put
forward in the methodology section since these particular images provide an idea as to
why Bay Area and Hermiston are chosen as labeled benchmark regions whereas

NEON SOAP Forest as weakly supervised forest example.

Representative bi-temporal false-colour scenes
from the datasets used in the thesis

1 and Ise-col i

Bay Area AVIRIS Hermiston Hyperion NEON SOAP Forest
iews T1 and T2 false-colour views

T1 and T2 false-colour viet

These scene examples belong in the methodology because they define the datasets and label conditions used for training and evaluation

Figure 3.1: Representative bi-temporal false-colour scenes from the datasets used in the thesis.

Figure 3.2 depicts the complete workflow used in the thesis. The process starts from
bi-temporal hyperspectral input, applies preprocessing and PCA, extracts local
patches, trains the proposed model and baseline methods under a common split, and
produces quantitative metrics and full-scene prediction maps. For NEON, an
additional vegetation-constrained refinement is applied to obtain the final degradation

map.
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T/T2 . Patch 5T- Full-scene Forest
Preprocessing .
HSICubes | —|  Extraction — MyperDegradeNet Inference —3| Refinement
Norm + PCA
Raw input s 77 windows 30 CNMN+ SE Dense map NEOM only

Figure 3.2: Overall workflow of the proposed ST-HyperDegradeNet framework.

Table 3.1 gives the dataset summary used in the methodology. The table is placed here
because the label source directly affects the interpretation of the training and

evaluation protocol.

The Bay Area AVIRIS benchmark is chosen as the first labelled dataset due to the
presence of a well-defined change detection scenario in this dataset, where changes in
the area are detected based on a binary ground truth image. In the context of the thesis,
its purpose is to evaluate if the proposed model is able to learn relevant patterns of
change from bi-temporal data, where there exist well-defined training labels. The
image exhibits spatial and spectral variations, thus making it possible to check the

capabilities of the model for separating changed and unchanged parts.

The Hermiston Hyperion dataset is used as the second labelled benchmark. It is
important because it differs from Bay Area in sensor characteristics, scene appearance
and spatial pattern. Using a second benchmark reduces the risk that the model is only
adapted to one scene. In this thesis, Hermiston provides additional evidence that the
proposed true bi-temporal 3D design can generalize across a different hyperspectral
change-detection dataset. The high performance obtained on both Bay Area and

Hermiston is therefore stronger evidence than performance on only one dataset.

The NEON SOAP Forest data are used for the forest-domain case study. This dataset
is closest to the thesis title because it represents an actual forest monitoring context.
However, it does not provide manual pixel-level labels for early and strong
degradation in the selected crop. The NEON part of the thesis is therefore not treated
as a conventional ground-truth benchmark. Instead, the data are used to demonstrate
how the proposed pipeline can be adapted to forest degradation screening when only

pseudo-reference labels and vegetation constraints are available [31].

The three-dataset design is intentional. Bay Area and Hermiston answer the technical
question of whether the model can detect hyperspectral change under labelled

conditions. NEON answers the application question of whether the same pipeline can
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produce a cautious candidate degradation map in a real forest-domain setting. These
two forms of evidence are complementary, but they are not the same. This distinction
prevents the thesis from overclaiming forest accuracy while still demonstrating

relevance to early degradation detection.

Data choice influences how class structure is treated too. Binary classifications
changed/unchanged are used for both Bay Area and Hermiston data whereas NEON
classification uses a three-class approach that treats the dataset as a pseudo reference
with healthy/unchanged, early degradation and strong degradation. The difference is
captured in how the classification outputs are treated, metrics used and conclusions
drawn in the end. Direct comparison of results from Bay Area, Hermiston and NEON

is thus avoided due to difference in labeling sources and ecological significance.

Table 3.1: Dataset summary used in the thesis.

Size

Dataset Sensor/product  Dates used Bands Role
Bay Area 600 x Ground-truth
AVIRIS AVIRIS 2013/2015 500 224 benchmark
Hermiston . 180 x Selected  Ground-truth
Hyperion EO-1 Hyperion  2004/2007 225 bands benchmark
NEON NEON AOP  2018- X Weakdy |
SOAP Forest DP3.30006.002  06/2024-06 P

crop forest case study

3.2 Preprocessing and Patch Formation

Preprocessing is done by removing bad data, normalizing reflectance data, truncating
data, and reducing dimensionality through PCA. PCA is performed as a means of
compression only and not for classification. PCA helps to reduce redundancy between

neighboring hyperspectral bands.

X'=WT(X - ) 3.1)

In Equation (3.1), X represents the original spectral vector, p is the mean vector, W
contains the selected principal components, and X' is the reduced representation. After
PCA, each pixel is represented by fewer informative components while retaining most

of the useful spectral variance.
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For each valid pixel location, a local patch of size P x P is extracted from both
acquisition dates. In the final implementation, P is set to 7. The two patches are stacked

into a true bi-temporal tensor as shown in Equation (3.2).

7Z_ij ERM(B' X 2 X P X P) (3.2)

Here, B' is the reduced spectral dimension, the dimension of length 2 represents Time
1 and Time 2, and P x P represents the local spatial neighbourhood. This representation
is central to the thesis because it lets the network learn temporal change directly rather

than forcing a hand-crafted difference at the input stage.

The final preprocessing choices are summarized in Table 3.2. The NEON
configuration includes vegetation-index support because its final interpretation is

forest degradation rather than generic binary change.

Table 3.2: Preprocessing settings used in the final implementation.

PCA Vegetation - .
Dataset components _ indices Clipping Label setting
Bay Area AVIRIS 24 No 1-99 percentile Binary benchmark
Herm1§ ton 30 No 1-99 percentile Binary benchmark
Hyperion
NEON SOAP 24 Yes 2-98 percentile Three-class
Forest pseudo-reference

3.3 ST-HyperDegradeNet Architecture

This approach implements three-dimensional convolutions to jointly learn features in
spectral space, time, aggregation of time, squeeze-and-excitation (SE) block, two-
dimensional spatial refinement operations, and the classification head. This 3D
convolution layer takes the permuted data tensor as an input and performs filter
learning through the spectral space dimension, both times, and local spatial

neighbourhood.
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Preprocessing Pipeline
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1) Bi-temporal HSI 2) Preprocessing 3) Feature Compaction 4) Patch Extraction
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L = J J
ST-HyperDegradeNet

Reference Labels i & [ 4 4 Model Development
benchmark labels or I I I 5 I I training, validation,
weak labels for NEON held-out test split

True Bi-temporal 3D CNN
+ SE Attention

A4

Prediction Maps Metrics Forest Output
full-scene outputs OA, Macro-F1, NEON vugcluli}m-cons\ruincd
ChangeF1, Kappa degradation map

hmark change detection is ct ected with forest degradation screening.

Figure 3.3: Architecture of the proposed true bi-temporal 3D CNN with SE attention.

The main architecture stages are summarized in Table 3.3. This table should be read
together with Figure 3.2: the figure shows the flow of tensors, while the table explains
the function of each block. . For a batch of patches, the tensor is represented as [N, T,
C, P, P], where N is batch size, T is temporal depth, C is the number of PCA or feature
channels, and P is the patch size. Before 3D convolution, the tensor is permuted to [N,
C, T, P, P]. This allows the convolution kernels to span the two acquisition dates and

the local spatial neighbourhood jointly.

Table 3.3: Main architecture stages of ST-HyperDegradeNet.

Stage Representation Function

Bi-temporal patch with PCA/index channels and local
Input patch N,2,C,7,7] neighbourhood.
Permutation [N,C,2,7,7] Reorders the tensor for 3D convolution.
3D Conv block 1 C->64 Learns initial temporal and spatial change features.
3D Conv block 2 64 > 128 Builds deeper spectral-spatial-temporal features.
Temporal pooling 128 channels Aggregates temporal responses and recalibrates
+SE channels.
2D Conv block 128 -> 256 Refines spatial features after temporal aggregation.
Classifier 256 -> classes Uses. pgolmg, dropout, and fully connected layers for

prediction.

F = Conv3D(Z; 6) (3.3)
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Equation (3.3) represents the 3D convolutional feature extraction step, where Z is the

bi-temporal input tensor and 0 denotes the learnable convolutional parameters.

s =0o(W,8(W;z)), Uc=scUc (3.4)

Equation (3.4) represents the SE recalibration operation. The channel descriptor z is
passed through two learnable transformations and nonlinearities to obtain channel

weights s, which are used to rescale the feature channel U c.

The architecture is intentionally compact. It first learns temporal and spatial
interactions using 3D convolution, then reduces temporal depth through aggregation,
and finally refines the learned spatial representation using 2D convolution. This design
avoids a heavy transformer or very deep network while still allowing the two dates to
interact inside the feature extractor. The compactness is important for thesis

reproducibility and for possible future use on larger remote-sensing scenes.

The use of a true temporal dimension distinguishes the proposed architecture from a
simple channel concatenation or late-fusion Siamese design. In late fusion, each date
may be processed mostly independently before comparison. In ST-HyperDegradeNet,
the temporal kernel in the first 3D convolution directly spans the two dates. This allows
the model to learn patterns such as spectral reduction, spectral increase, or local

structural change as joint temporal features.

SE attention is applied after feature extraction rather than before it. This is appropriate
because the network first forms higher-level spectral-spatial-temporal features and
then learns which of those channels are more useful for classification. In hyperspectral
degradation detection, the informative response may not be located in one fixed band
or index; it may appear as a learned combination of spectral and spatial cues. Channel
recalibration therefore provides a lightweight mechanism for emphasizing useful

learned responses.

3.4 Loss Function and Vegetation-constrained Refinement

Changed or degraded pixels usually form a smaller part of the scene than unchanged
pixels. Therefore, overall accuracy alone is not sufficient. The proposed full model
uses focal loss with class weighting to reduce the dominance of easy unchanged

examples during training.
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L=-a(1-p)"ylog(p) (3.5)

Equation (3.5) shows focal loss, where p is the model probability for the target class,
a is the class weight, and y controls the emphasis on difficult examples. In the final
implementation, focal loss is tested through ablation rather than assumed to be

universally beneficial.

For the NEON case study, the final map is constrained using vegetation-decline
evidence. The goal is to avoid assigning degradation when the predicted class is not

supported by an NDVI-drop cue. The final refinement rule is shown in Equation (3.6).

y_final(i,j) = {2 if strong, 1 if early, 0 otherwise} (3.6)

In Equation (3.6), y(i,j) is the model prediction, ANDVI(i,j) is the vegetation decline
indicator, t_e is the early degradation threshold, and t_s is the strong degradation
threshold. This rule makes the NEON output more conservative and appropriate for

candidate screening.

3.5 Baseline Methods and Ablation Variants

Table 3.4 lists the comparison methods used in the final implementation. The methods
are selected to cover traditional, classical machine-learning, modern lightweight deep-

learning, and proposed-model categories.

Table 3.4: Methods compared in the final implementation.

Method Category Role in thesis
. Traditional threshold .
CVA binary method Magnitude of spectral change.
SAM binary Spectral-angle method Angular difference between spectral
vectors.

CVA 3-class Threshold multiclass Separates unchanged, moderate, and
method strong change.

NDVI-drop 3-class Vegetation rule Vegetation-decline thresholds.

Random Forest Classical ML Pixel-level supervised baseline.

HCDNet-Lite Deep baseline Representative CNN-attention baseline.

STT-Lite Deep baseline Representative spectral-temporal

attention baseline.
True bi-temporal 3D CNN with SE

ST-HyperDegradeNet Proposed method attention.
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The ablation variants are summarized in Table 3.5. These variants are used to separate

the contribution of the true bi-temporal 3D design from the effects of attention and loss

design.
Table 3.5: Ablation variants used for component analysis.
Variant Description
Full reference True bi-temporal 3D input with SE attention and focal loss.
No SE Removes channel recalibration.
No focal Uses weighted cross-entropy instead of focal loss.
No SE + no focal Removes both SE attention and focal loss.
Siamese 2D Processes each date separately.
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CHAPTER 4
RESULTS AND ANALYSIS

4.1 Evaluation Metrices

Accuracy, macro-F1, weighted-F1, changed-class F1, and Cohen's kappa are used.

Accuracy is

TP+TN

— 4.1
04 TP+ TN+ FP+FN’ .1
Precision, recall, and F1-score are
Precision = i Recall = i 4.2
TeClSlOTl—TP+FP, eca = TP T FN’ (4.2)
Pl = 2 - Precision - Recall 43
"~ Precision + Recall (4.3)
Kappa is
P —P
K== . 4.4)
1- Pe

Changed-class F1 is emphasized because changed or degraded pixels may be minority
samples. A method may obtain high accuracy by predicting the majority unchanged
class, but such a result is not sufficient for change detection. Macro-F1 and changed-

class F1 provide more balanced evidence.

4.2 Experimental Setup and Evaluation Protocol

The implementation is organized as a Python project with dataset-specific
configuration files. Each configuration controls preprocessing, patch size, model
settings, training limits, evaluation, prediction-map generation, and figure output. The
final experiments use a common held-out protocol so that numerical comparisons are

not affected by evaluating methods on different pixel locations.
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Table 4.1 reports the final training settings used for the three datasets. The number of
classes differs because Bay Area and Hermiston are binary benchmark tasks, while

NEON is a three-class pseudo-reference forest case study.

Table 4.1: Training settings used in the final implementation.

Dataset Classes Patch Batch Epochs Learning Weight

rate decay
Bay Area AVIRIS 2 7 128 25 0.001 0.0001
Herm1§ton P 7 128 60 0.001 0.0001
Hyperion
NEON SOAP 3 7 96 25 0.001 0.0001
Forest

All learning algorithms and the deep learning algorithms are trained on the training
split chosen by the validation split and then tested on the unseen test split. Traditional
algorithms like CVA and SAM produce the complete map but their scores are
calculated based on the same set of test-pixel locations which the learning algorithms
use to calculate their results. Scores like Accuracy, macro-F1 score, Changed-class F1
score, and Cohen Kappa are reported because Accuracy alone cannot detect the

presence of minority class errors [24].

Accuracy is the most straightforward way of calculating performance because it
directly calculates the percentage of correctly labeled test pixels. Although Accuracy
may be helpful for a broad view of algorithmic performance, it is not enough for
Change and Degradation Detection because, in case of imbalance, the classifier can

get high accuracy by simply guessing the majority class.

Precision and recall offer a more fine-grained analysis of class behavior. Precision
refers to the number of correctly identified pixels that have changed or degraded based
on the available reference, whereas recall refers to the number of pixels that have
changed or degraded according to the reference and have been properly detected.
Recall is an important factor in the forest screening task since missing the degraded
pixels could be problematic, but precision is also important since it is undesirable to

have too many false positives, thereby making the map useless.

Macro-F1 is reported because it gives equal importance to all classes. This is useful
when the minority changed class is important even though it occupies fewer pixels.

Weighted-F1 is also useful in some contexts because it considers class support, but it
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can still be influenced by the majority class. For this reason, the thesis gives special
attention to changed-class F1, which directly indicates how well the changed or

degraded class is recognized.

Cohen kappa is included because it measures agreement after accounting for chance
agreement. In remote-sensing accuracy assessment, kappa has often been used as an
additional indicator beyond overall accuracy [33]. The thesis does not treat kappa as
perfect or sufficient by itself, but it provides a helpful check when the class distribution
is imbalanced. A model with high accuracy but weak kappa may be benefiting from

majority-class dominance.

For Bay Area and Hermiston, the metrics are interpreted against labelled benchmark
references. For NEON, the same formulas are used, but the interpretation is different
because the labels are pseudo-reference labels. Therefore, NEON accuracy, F1 and
kappa are described as pseudo-reference agreement values. This distinction is
important throughout the results chapter and prevents the NEON case study from being

overstated as field-verified ecological accuracy.

4.3 Overall Performance Summary

Table 4.2 summarizes the final proposed-model performance across the three datasets.
The table separates ground-truth benchmark evidence from pseudo-reference forest

case-study evidence, which is essential for correct interpretation.

Table 4.2: Proposed ST-HyperDegradeNet summary across datasets.

Dataset Evaluation Label Accuracy Macro- Changed- Kappa
type type (%) F1(%) F1(%) PP

Bay Area Ground-truth .

AVIRIS benchmark Binary  98.46 97.77 96.53 0.9553

Hermiston Ground-truth .

Hyperion benchmark Binary 98.98 98.64 97.97 0.9729
Pseudo-

NEON reference case 3-class 87.10 44.87 38.51 0.2972

SOAP Forest study

The proposed model performs strongly on the two labelled benchmarks and provides
a usable weakly supervised output for NEON. The lower NEON macro-F1 and kappa
should not be interpreted as a failure of the model alone; they reflect the difficulty of
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pseudo-reference learning and the absence of manually verified forest degradation

labels.

4.4 Benchmark Results: Bay Area and Hermiston

Table 4.3 presents the Bay Area AVIRIS comparison. The proposed model achieves
98.46% accuracy and 96.53% changed-class F1, showing a clear improvement over
traditional methods and Random Forest. HCDNet-Lite is also competitive, so the result
is best described as a strong benchmark performance rather than an absolute universal

dominance claim.

Table 4.3: Bay Area AVIRIS comparison on the held-out test split.

Label Accuracy Macro-F1  Changed-

Method type (%) (%) F1 (%) Kappa
CVA binary Binary 67.58 55.65 32.65 0.1159
SAM binary Binary 64.22 54.78 34.12 0.1093
CVA 3-class 3-class 69.12 35.37 30.27 0.0938
NDVI-drop 3-class 3-class 63.10 31.52 28.26 0.0136
Random Forest Binary 94.83 92.45 88.20 0.8490
g?’;ﬁ;g;;me . Binary 98.46 97.77 96.53  0.9553
HCDNet-Lite Binary 98.18 97.39 95.95 0.9478
STT-Lite Binary 93.46 91.00 86.30 0.8205

Figure 4.1 shows the Bay Area input and prediction maps, while Figure 4.2 plots the
changed-class F1 comparison. The spatial maps confirm that the learned deep models

produce more coherent predictions than threshold-based change scores.
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Bay Area AVIRIS visual results

Last time false colour

Proposed prediction HCDNet-Lite prediction

Figure 4.1: Bay Area AVIRIS false-colour input, ground-truth map, proposed prediction, and
HCDNet-Lite prediction.

Bay Area AVIRIS: Changed-class F1 comparison
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Figure 4.2: Bay Area changed-class F1 comparison.

Table 4.4 reports the Hermiston Hyperion comparison. The proposed model achieves
98.98% accuracy and 97.97% changed-class F1. This second benchmark supports the

stability of the proposed approach across a different sensor and scene structure.
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Table 4.4: Hermiston Hyperion comparison on the held-out test split.

Label Accuracy Macro-F1  Changed-

Method type (%) (%) F1 (%) Kappa
CVA binary Binary 68.64 65.61 55.40 0.3420
SAM binary Binary 64.38 61.71 51.59 0.2774
CVA 3-class 3-class 73.84 41.30 50.56 0.2826
NDVI-drop 3-class 3-class 72.00 40.13 57.32 0.2819
Random Forest Binary 97.88 97.12 95.64 0.9424
g;;’eorsgggsr;em . Binary 98.98 98.64 9797  0.9729
HCDNet-Lite Binary 98.86 98.49 97.74 0.9698
STT-Lite Binary 97.73 97.00 95.51 0.9399

Figure 4.3 shows the Hermiston input and prediction maps, and Figure 4.4 summarizes
the accuracy comparison. The results again show that patch-based deep learning is

more effective than pure spectral-angle or change-magnitude thresholding.

Hermiston Hyperion visual results

False-colour T1/T2 input Ground-truth map

Proposed prediction HCDNet-Lite prediction

Figure 4.3: Hermiston Hyperion false-colour input, ground-truth map, proposed prediction, and

HCDNet-Lite prediction.
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Hermiston Hyperion: Accuracy comparison
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Figure 4.4: Hermiston accuracy comparison.

4.5 NEON SOAP Forest Case Study

NEON SOAP Forest is included to connect the thesis to the title objective of early
forest degradation detection. Unlike the benchmark datasets, NEON does not provide
manual pixel-level degradation labels for the selected crop. Therefore, its reported
numerical values are pseudo-reference agreement values, and the final map is
interpreted as a candidate screening output rather than field-verified degradation

accuracy.

Table 4.5 presents the NEON pseudo-reference comparison. CVA 3-class obtains high
pseudo-reference agreement because the pseudo-reference itself is partly derived from
threshold-style change magnitude and vegetation logic. For this reason, NEON results

must be interpreted with caution.
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Table 4.5: NEON SOAP Forest pseudo-reference comparison on the held-out test split.

Label Accuracy Macro- Changed-

Method type (%)  F1(%) F1(%) appa
CVA binary Binary 71.85 52.31 21.78 0.1590
SAM binary Binary 77.82 56.53 26.10 0.2070
CVA 3-class 3-class 98.01 69.78 89.04 0.7660
NDVI-drop 3-class 3-class 69.20 30.01 4.89 0.0073
Random Forest 3-class 97.41 56.58 52.27 0.5023
Proposed ST-
HyperDegradeNet 3-class 87.10 44 .87 38.51 0.2972
HCDNet-Lite 3-class 85.59 45.71 36.68 0.2753
STT-Lite 3-class 90.54 47.49 46.15 0.3040

Figure 4.5 shows the NEON false-colour views, pseudo-reference map, proposed
prediction, and final vegetation-constrained degradation map. Figure 4.6 summarizes

the changed-class F1 comparison for NEON.

NEON SOAP Forest visual results

False-colour T1/T2 input Pseudo-reference map

Proposed prediction Final degradation map

Figure 4.5: NEON SOAP Forest input, pseudo-reference map, proposed prediction, and final

degradation map.

Table 4.6 gives the final vegetation-constrained area summary. The final map is
conservative: most of the selected crop remains unchanged or healthy, while 1.62% is

marked as early degradation and 1.91% as strong degradation.
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Table 4.6: Final NEON vegetation-constrained degradation area summary.

Class Class name Pixels Area (m2) Per?)a/n)t age
0

0 Unchanged / healthy 15,806 15,806 96.47

1 Early degradation 265 265 1.62

2 Strong degradation 313 313 1.91

NEON SOAP Forest: Changed-class F1 comparison
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Figure 4.6: NEON pseudo-reference changed-class F1 comparison.

4.6 Ablation and Discussion

Table 4.7 reports the ablation results. The strongest and most consistent conclusion is
that the true bi-temporal 3D formulation is better than the Siamese 2D variant on the
labelled benchmarks. SE attention and focal loss have dataset-dependent effects,

especially on NEON where pseudo-reference label quality influences the training

signal.
Table 4.7: Ablation results across datasets.
Dataset Variant ?)/coc)uracy 1(\:,2; ro-F1 l(;il z(l(r)zg)ed Kappa
Bay Area Full reference 98.46 97.77 96.53 0.9553
Bay Area No SE 97.66 96.67 94.85 0.9334
Bay Area No focal 97.98 97.11 95.52 0.9422
Bay Area No SE + no focal 98.08 97.25 95.73 0.9449
Bay Area Siamese 2D 95.45 93.69 90.36 0.8741
Hermiston Full reference 98.98 98.64 97.97 0.9729
Hermiston No SE 98.73 98.33 97.51 0.9666
Hermiston No focal 98.72 98.30 97.47 0.9661
Hermiston No SE + no focal 98.73 98.32 97.48 0.9663
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Accuracy  Macro-F1 Changed-

Dataset Variant (%) (%) F1 (%) Kappa
Hermiston Siamese 2D 92.76 90.74 86.43 0.8152
NEON Full reference 87.10 44 87 38.51 0.2972
NEON No SE 82.40 42.90 31.60 0.2396
NEON No focal 94.51 49.05 57.89 0.4977
NEON No SE + no focal 95.72 51.85 64.74 0.5707
NEON Siamese 2D 83.48 41.13 34.43 0.2142

Figure 4.7 visually compares changed-class F1 across ablation variants. The figure
supports the interpretation that the true bi-temporal design is the main architectural
contribution, while attention and focal loss should be described as useful but not

universally superior components.

Ablation comparison using changed-class F1
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Figure 4.7: Changed-class F1 comparison for ablation variants across datasets.

Overall, the benchmark results support the proposed model as a strong and compact
hyperspectral change-detection framework. The NEON case study demonstrates how
the same pipeline can be applied to a forest-domain degradation problem, but it also
shows the limitation of pseudo-reference evaluation. A scientifically careful reading is
therefore that ST-HyperDegradeNet is benchmark-validated and practically useful for
candidate forest-degradation screening, but field validation is required before

operational ecological claims are made.
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CHAPTER 5
CONCLUSION AND FUTURE SCOPE

5.1 Conclusion

This thesis presented ST-HyperDegradeNet, a spectral-temporal hyperspectral deep
learning framework for early forest degradation detection and hyperspectral change
analysis. The method uses a true bi-temporal 3D input representation, where Time 1
and Time 2 patches are preserved as an explicit temporal dimension. This design
allows the model to learn temporal change patterns jointly with local spectral and

spatial context.

The proposed framework was evaluated on Bay Area AVIRIS and Hermiston
Hyperion as labelled hyperspectral change-detection benchmarks, and on NEON
SOAP Forest as a weakly supervised forest-domain case study. On the labelled
benchmarks, the proposed model achieved high accuracy and changed-class F1,
showing that the method is effective under controlled ground-truth evaluation. On
NEON, the method produced a conservative vegetation-constrained degradation map,
identifying 1.62% early degradation and 1.91% strong degradation within the selected

crop.

The ablation study showed that the true bi-temporal 3D design is the most consistent
contribution of the model. SE attention and focal loss are useful design components,
but their effect is dataset-dependent and must be interpreted in relation to label quality
and class imbalance. The thesis therefore avoids overclaiming and presents NEON as

pseudo-reference agreement rather than field-verified degradation accuracy.

In summary, the work demonstrates a reproducible, lightweight, and interpretable
pipeline for connecting benchmark hyperspectral change detection with forest
degradation screening. The thesis contributes a clear methodology, consistent
evaluation protocol, and cautious interpretation framework suitable for further

research in multi-temporal hyperspectral environmental monitoring.
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5.2 Future Scope

The The first direction for future work is field validated forest degradation mapping.
The NEON case study should be extended with field plots, tree mortality records,
canopy health observations, drought information, or even expert labelled degradation
maps. In that way, the validation would let the model output be judged as ecological

degradation accuracy, not only pseudo reference agreement.

The second direction is multi site and multi season evaluation. Forest degradation
hinges on climate, vegetation type, disturbance process, and also seasonality. If the
framework gets applied to multiple NEON sites, or other hyperspectral forest datasets,
it would be a decent test of whether the model generalizes across ecological conditions.
With longer time series, it might also separate persistent degradation from temporary

phenological variation, which can be kinda tricky.

The third direction is multimodal learning. If we integrate LiDAR canopy height,
multispectral time series, thermal data, rainfall, and field measurements, the resulting
degradation map should become more ecologically meaningful. Hyperspectral data
bring spectral sensitivity, while LIDAR and field measurements can deliver structural

and biological context, in a more grounded way.

The fourth direction is semi supervised and domain adaptive training. Dense labelled
hyperspectral data are hard to collect , so future models should rely on a small set of
labelled samples together with unlabelled pixels, use self supervised pretraining, or
even do cross dataset adaptation. These paths could make hyperspectral degradation
detection more practical for operational environmental monitoring, and yes it should

help the whole pipeline feel less fragile.
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5.3 Social Impact

Early forest degradation detection has practical social and environmental relevance, it
matters. Forests support biodiversity, carbon storage, water regulation, soil protection,
and local livelihoods too. If we detect degradation before complete canopy loss, then
decision-makers can prioritize field surveys, and also plan quicker intervention,

basically sooner.

A hyperspectral degradation screening system can help environmental monitoring
agencies by flagging possible stress zones, you know. It can also assist researchers
who study drought stress, pest disturbance, fire effects, and longer-term ecosystem
change. This method is not meant to replace field survey entirely; instead it can guide

where field validation might be the most useful , in practice.

The social impact of this thesis depends on careful interpretation. Automated maps
should not be used for punitive or high-stakes decisions without validation first. So
this thesis stresses transparent limitations, careful pseudo-reference handling, and the
need for field or ecological confirmation before any operational deployment, so we do

not overclaim..
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