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Abstract
Hyperspectral image classification is a
central task in remote sensing information
extraction. Conventional approaches follow
a reconstruct-then-classify paradigm, which
entails large data volumes, high computational
cost, and poor real-time performance. This
paper presents an adaptive hyperspectral direct
classification method based on computational
spectral imaging. A Digital Micromirror Device
(DMD) is used to spectrally encode and modulate
the incident light, enabling direct output of
two-dimensional spatial classification results
without reconstructing the three-dimensional
spectral data cube. First, a classification-oriented
encoding template is designed via Fisher
discriminant analysis to maximize inter-class
separability. Second, classification decisions are
made in the measurement space using Bayesian
posterior probabilities, where the class-conditional
probability is modeled as a multivariate Gaussian
distribution and the maximum a posteriori
(MAP) criterion is adopted. Third, an adaptive
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encoding template optimization mechanism
driven by posterior probability weighting
is introduced, which progressively improves
classification accuracy through iterative feedback.
Experiments on the Indian Pines and Pavia
University datasets demonstrate that the proposed
method achieves overall accuracies of 66.97% and
72.96%, respectively, using only 15-dimensional
measurements (8.4% and 14.6% of the original
spectral dimensions), with several individual
class accuracies exceeding those of the standard
Support Vector Machine (SVM) method, thereby
confirming the feasibility and generalizability of
the classify without reconstruction paradigm.

Keywords: computational spectral imaging, hyperspectral
classification, digital micromirror device, Fisher
discriminant analysis, adaptive encoding template,
posterior probability.

1 Introduction
Hyperspectral remote sensing captures spectral
information across hundreds of contiguous narrow
bands, producing a three-dimensional data cube
with rich spatial-spectral features that supports
fine-grained land-cover identification and unmixing
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analysis [1]. However, hyperspectral classification
faces the “curse of dimensionality” and the “Hughes
phenomenon” [2]. Conventional methods follow
a “reconstruct-then-classify” paradigm [3]: the
full spectral data cube is first acquired, and feature
extraction and classification are then performed.
This paradigm suffers from two inherent limitations:
(1) large data acquisition volumes—obtaining
the hyperspectral data cube requires scanning
along the spatial or spectral dimension, leading
to low temporal resolution [4]; and (2) high
computational complexity—reconstruction and
subsequent classification of the spectral data cube
demand significant computational resources.

Computational spectral imaging provides a promising
route to overcome these bottlenecks [5]. By
introducing a spatial light modulator (DMD)
into the optical front end, the incident light is encoded
and modulated, and high-dimensional spectral
information is compressed and projected into a
low-dimensional measurement space [6]. Coded
Aperture Snapshot Spectral Imaging (CASSI) [7]
acquires compressed measurements in a single or a
few exposures, after which reconstruction algorithms
recover the spectral data cube. Nevertheless, CASSI
reconstruction is computationally expensive and
time-consuming [8–11]. For classification tasks,
the goal is to obtain class labels rather than the
complete spectral data; hence, reconstructing the data
cube is unnecessary. Several studies have explored
direct classification from compressed measurements
[12–14], and recent work has demonstrated that target
detection can be performed directly in the compressive
measurement domain without reconstruction [15, 16],
yet existing methods typically employ fixed encoding
templates not optimized for classification and lack
adaptive adjustment mechanisms.

Recent advances in deep learning have substantially
improved hyperspectral classification performance.
Convolutional neural networks (CNNs) [17],
transformer-based architectures [18], and graph
neural networks [19] have demonstrated superior
accuracy by capturing spatial-spectral features in an
end-to-end manner. More recently, attention-based
hybrid networks [20–24] have further advanced
classification accuracy by integrating multi-scale
feature extraction with adaptive attention mechanisms.
However, these methods operate on the complete
spectral data cube and are not applicable to
compressed measurements. In the domain of
computational spectral imaging, adaptive coded

aperture design has attracted increasing attention
[25, 26], and end-to-end optimization frameworks
have been proposed to jointly learn the encoding
and reconstruction [27, 28]. Nevertheless, these
works focus on reconstruction quality rather than
classification performance. Probabilistic classification
methods, including Gaussian mixture models [29],
naive Bayes classifiers [30], and variational inference
approaches [38], offer a principled framework for
uncertainty quantification and have been widely
adopted in hyperspectral analysis. However, their
application to direct classification from compressed
measurements remains largely unexplored.

To address these issues, an adaptive hyperspectral
direct classification method based on computational
spectral imaging is proposed. The main contributions
are: (1) A “classify without reconstruction”
framework is introduced, where classification is
performed directly in the measurement space
through DMD encoding, bypassing spectral data
cube reconstruction; (2) An encoding template is
designed via Fisher discriminant analysis to maximize
inter-class separability, orienting the template
toward classification rather than reconstruction;
(3) An adaptive encoding template optimization
mechanism driven by posterior probability weighting
is proposed, which iteratively adjusts both the
encoding template and prior probabilities to improve
classification accuracy; (4) An X-matrix extension
method is proposed to handle spectral aliasing
caused by two-dimensional spatial dispersion,
enabling encoding template design for the 2D
spatial domain; (5) The method is validated on
two benchmark datasets—Indian Pines and Pavia
University—demonstrating its generalizability across
datasets with different spatial resolutions and spectral
characteristics.

2 Related Work
Computational spectral imaging. Computational
spectral imaging incorporates encoding and
modulation elements into the optical system,
compressing the three-dimensional spectral data cube
into a two-dimensional measurement image [32].
The CASSI system [7] uses a coded aperture and a
dispersive prism for joint spectral-spatial encoding.
Kittle et al. [34] proposed a multi-frame CASSI
system to improve reconstruction quality. DMD-based
spectral encoding systems have drawn considerable
attention due to their flexible programmable control
[33, 35], providing a hardware basis for adaptive
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spectral imaging. Recent work has explored deep
learning-based reconstruction for CASSI [8, 9, 36],
achieving significant improvements in reconstruction
quality. End-to-end coded aperture design frameworks
have also been proposed [27], which jointly optimize
the encoding and downstream tasks. Adaptive coded
aperture design methods [25, 39] have also been
proposed to optimize the sensing matrix for specific
tasks.

Hyperspectral classification. Among conventional
methods, SVM [2] is widely used for its strong
generalization under small-sample conditions;
spectral-spatial joint classification methods
[31, 40] improve accuracy by incorporating spatial
neighborhood information. For deep learning, Chen
et al. [17] proposed a CNN-based classification
framework, Hong et al. [41] introduced a multimodal
deep learning approach, and Hong et al. [18]
developed SpectralFormer for spectral-spatial feature
extraction. More recently, attention-based and
transformer architectures [20–22, 24, 37, 42] have
further advanced classification accuracy. All these
methods operate on the complete spectral data
cube and cannot be directly applied to compressed
measurements.

Direct classification from compressed
measurements. Bacca et al. [14] proposed a
coupled deep learning framework for jointly
designing the coded aperture and the classifier
for compressive image classification; Zhang et al.
[13] proposed a 3D coded convolutional neural
network for direct classification from compressive
measurements. More recently, Yang et al. [15]
established a restricted distribution property theory
that preserves discriminative information without
reconstruction, and further proposed a Triplet
Transformer for compressive hyperspectral target
detection [16]. These methods demonstrate the
feasibility of direct classification or detection from
compressed measurements; however, they all use
fixed encoding templates without considering the
effect of the template on classification performance,
and lack adaptive adjustment mechanisms.

Probabilistic classification methods. Probabilistic
approaches provide a principled framework for
classification under uncertainty. In hyperspectral
analysis, Gaussian mixture models and
Bayesian classifiers have been widely adopted
[29, 30]. Variational inference methods [38] and
expectation-maximization algorithms have been

employed for parameter estimation. The proposed
method adopts a Bayesian posterior probability
framework for classification in the measurement space,
which naturally integrates with the adaptive encoding
template optimization through posterior probability
weighting.

3 Method
3.1 System Architecture
The system architecture is shown in Figure 1,
consisting of an optical front end and an algorithmic
back end. The optical front end comprises a
dispersive system, a DMD encoding modulation
module, and a beam-combining system, which encode
and modulate the incident light into low-dimensional
measurements. The algorithmic back end consists
of a classification decision module and an adaptive
optimization module, which perform classification
in the measurement space and adjust the encoding
template based on classification results, respectively.
The workflow proceeds as follows: the incident
light is dispersed, spectrally modulated by the DMD
according to the encoding template, and converged
by the beam-combining system onto the detector;
the classification module makes decisions in the
measurement space based on Bayesian posterior
probability; if the classification accuracy falls below
a predefined target (set to 0.80 in this study as a
convergence criterion for the iterative process), the
encoding template is adjusted via posterior probability
weighting, and the next iteration begins. It should
be noted that this target accuracy serves solely as a
stopping criterion for the iterative optimization and
does not represent the expected or achievable accuracy
of the method.

3.2 Reference Spectral Library Construction
Let the hyperspectral data be X ∈ RH×W×P , where H
andW are the spatial dimensions and P is the number
of spectral bands. A reference spectral library S =
{sc}Nc=1 is constructed from training samples, where
sc is the set of spectral vectors for class c and N is the
total number of classes. The class-wise statistics are
computed as:

µc =
1

nc

∑
s∈Sc

s, Σc =
1

nc − 1

∑
s∈Sc

(s−µc)(s−µc)
> (1)

where µc ∈ RP is the mean spectral vector of class c,
Σc ∈ RP×P is the within-class covariance matrix, and
nc is the number of training samples for that class. The
prior probability is defined as P (c) = nc/

∑N
j=1 nj .
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Figure 1. Workflow of the adaptive hyperspectral direct classification system.

3.3 Fisher Discriminant-Based Encoding Template
Design

Conventional CASSI encoding templates are designed
for reconstruction [7]; in contrast, the proposed
template is designed to maximize inter-class
separability. The X-matrix is defined as:

Xmat = [µ1 − s̄, . . . ,µN − s̄] ∈ RP×N (2)

where s̄ = 1
N

∑N
c=1µc is the global mean of all class

centroids. Fisher discriminant analysis maximizes the
criterion:

J(W) =
|W>SBW|
|W>SWW|

(3)

where the between-class scatter matrix is SB =∑N
c=1 nc(µc − s̄)(µc − s̄)> ∈ RP×P and the

within-class scatter matrix is SW =
∑N

c=1 ncΣc ∈
RP×P . The generalized eigenvalue problem SBw =
λSWw is solved, and the eigenvectors w1,w2, . . . ,wK

corresponding to theK largest eigenvalues λ1 ≥ λ2 ≥
· · · ≥ λK are selected to form the encoding template
W = [w1,w2, . . . ,wK ] ∈ RP×K . Figure 2 shows
the coefficient distribution of the Fisher discriminant
encoding template.

3.4 Spectral Modulation and Measurement
Acquisition

The DMD encodes and modulates the incident
spectrum s ∈ RP to produce K-dimensional
measurements:

m = W>s + ε (4)

where m ∈ RK is the measurement vector and ε ∈ RK

represents additive measurement noise. Since DMD

Figure 2. Visualization of the Fisher discriminant encoding
template: (a) encoding coefficient matrix; (b) first 5

encoding components.

control signals are restricted to non-negative digital
values, a time-division scheme is adopted: the first
exposure uses W+ = max(W, 0) to obtain m+, and
the second uses W− = max(−W, 0) to obtain m−,
yielding the final measurement m = m+ −m−.

For 2D spatial scenes, spectral aliasing occurs after
dispersion (see Figure 3), where adjacent row pixels
are spectrally shifted by one band. The X-matrix is
extended to the X′-matrix:

X′[i : i+P, iN : (i+1)N ] = Xmat, i = 0, 1, . . . ,M −1
(5)

where M denotes the number of spatial rows.
Eigenvalue decomposition of R′ = X′(X′)> is then
performed to obtain the encoding template for the 2D
spatial domain.

3.5 Posterior Probability-Based Classification
The posterior probability is computed via Bayes’
theorem:

P (c |m) =
P (c) · P (m | c)∑N
j=1 P (j) · P (m | j)

(6)
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Figure 3. Spectral aliasing in the 2D spatial domain: (a) original spectra; (b) aliasing after dispersion; (c) aliasing overlay
map.

where P (c) is the prior probability of class c and P (m |
c) is the class-conditional probability (likelihood).
The class-conditional probability is modeled by a
multivariate Gaussian distribution:

P (m | c) =
1

(2π)K/2|Σm
c |1/2

× exp

(
−1

2
(m− µm

c )>(Σm
c )−1(m− µm

c )

)
(7)

with µm
c = W>µc ∈ RK and Σm

c = W>ΣcW ∈
RK×K as the mean vector and covariance matrix in the
measurement space, respectively. The classification
result is the class with the maximum posterior
probability: ĉ = arg maxc P (c |m), which corresponds
to the MAP decision rule. To ensure positive
definiteness of the covariance matrix, shrinkage
regularization is applied:

Σ
reg
c = (1− α)Σm

c + α · tr(Σ
m
c )

K
IK (8)

where α ∈ (0, 1) is the shrinkage parameter and IK ∈
RK×K is the identity matrix.

3.6 Adaptive Encoding Template Optimization
The adaptive optimization consists of two core
strategies. Prior probability update: Prior
probabilities are updated based on the posterior
probabilities of high-confidence pixels (maximum
posterior probability > 0.7):

Pnew(c) = (1− η)Pold(c) + ηP̂ (c) (9)

where P̂ (c) is the average posterior probability
of high-confidence pixels for class c and η ∈
(0, 1) is the learning rate that controls the update

step size. Encoding template adjustment: The
confusion-weighted Fisher discriminant direction is
computed from posterior probability weighting and
conservatively fused with the current template:

Wnew = (1− β)Wold + βW
weighted
Fisher (10)

where β ∈ (0, 1) is the fusion learning rate
and W

weighted
Fisher is the encoding template obtained

from the confusion-weighted Fisher discriminant
analysis. This weighting strategy gives classes with
larger posterior probabilities greater influence on the
encoding coefficients, thereby amplifying the posterior
probability differences among classes.

4 Experiments
4.1 Datasets and Experimental Setup
Experiments were conducted on two widely
used hyperspectral datasets to evaluate both
the effectiveness and generalizability of the proposed
method.

Indian Pines. This dataset was acquired by theAVIRIS
sensor with a spatial size of 145×145 [2]. The original
220 spectral bands were reduced to 178 effective bands
after removingwater absorption and other noisy bands.
The dataset contains 16 land-cover classes (including
alfalfa, corn, grass, soybean, wheat, and woods).

Pavia University. This dataset was acquired by
the ROSIS sensor over Pavia, northern Italy, with
a spatial size of 610 × 340 and 103 spectral bands.
The dataset contains 9 land-cover classes (including
asphalt, meadows, gravel, trees, and bare soil). This
dataset features higher spatial resolution (1.3 m)
and fewer spectral bands compared with Indian
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Pines, thereby providing a complementary test of the
method’s generalizability.

For each dataset, 10% of the samples were randomly
selected for training, with the remainder used
for testing. The parameters were set as follows:
encoding dimensionK = 15, maximum iterations 10,
convergence threshold 0.80 (used solely as a stopping
criterion for the iterative process), learning rate η
linearly increasing from 0.1 to 0.3, fusion learning
rate β = 0.3, shrinkage parameter α = 0.1, and
spatial smoothing window 5 × 5. The compared
methods include: (1) SVM: RBF-kernel SVM in the
original spectral space; (2) PCA (30-dim) + SVM: PCA
dimensionality reduction followed by SVM; (3) Fisher
encoding + SVM: SVM in the measurement space
after Fisher discriminant encoding; (4) Non-adaptive
spectral modulation: initial Fisher encoding template
without iterative optimization.

4.2 Experimental Results on Indian Pines
4.2.1 Classification Accuracy Comparison
Table 1 and Figure 4 compare the classification
accuracy of all methods on the Indian Pines dataset.
SVM achieves the highest overall accuracy (OA) of
78.28%, which is expected since it operates on the
full 178-dimensional spectral space. The proposed
adaptive spectral modulation method attains an OA
of 66.97%; although lower than SVM, it uses only
15-dimensional measurements—8.4% of the original
spectral data—achieving an approximately 11.9-fold
data compression.

Table 1. Classification accuracy comparison on Indian
Pines.

Method OA AA Kappa

SVM 0.7828 0.6646 0.7497
PCA+SVM 0.7539 0.6199 0.7158
Fisher+SVM 0.7511 0.6109 0.7121
Non-adaptive mod. 0.6435 0.5658 0.5918
Adaptive mod. 0.6697 0.5846 0.6216

Figure 4. Classification performance comparison on Indian
Pines.

Notably, the proposed method outperforms SVM on

several classes (Table 2), such as Soybean-notill
(97.94% vs. 68.80%), Grass-trees (98.63% vs.
97.26%), Stone-Steel-Towers (95.24% vs. 86.90%),
and Bldg-Grass-Tree-Drives (50.57% vs. 45.69%).
This indicates that the Fisher discriminant encoding
template effectively captures discriminative spectral
features of these classes, yielding better inter-class
separation in the low-dimensional measurement
space. For Soybean-notill in particular, the accuracy
substantially exceeds that of SVM, suggesting that the
discriminative information of this class is concentrated
along the directions captured by the Fisher encoding.
However, for classes with few samples, such as
Corn and Alfalfa, the proposed method shows
noticeably lower accuracy than SVM, indicating that
low-dimensional encoding struggles to learn the class
distribution when training samples are scarce.

4.2.2 Adaptive Iterative Optimization Analysis
Figure 5 shows the classification accuracy variation
during adaptive iteration. At the first iteration (initial
Fisher encoding template), the OA is 64.35%; after
the prior probability update, the OA at the second
iteration drops slightly to 63.80%, and subsequently
converges to approximately 61.88%. Both AA and
the Kappa coefficient show a similar declining
trend. The accuracy decline during iteration is
attributed to the fact that the current adaptive strategy
updates only the prior probabilities while keeping
the Fisher encoding template fixed; adjusting the
priors may cause certain class priors to deviate
from the true distribution, degrading classification
performance. This phenomenon indicates that
updating priors alone is insufficient to compensate for
the limitations of the encoding template; simultaneous
adjustment of the encoding template is required
for sustained accuracy improvement. After spatial
smoothing post-processing, the final OA increases
to 66.97%, a 2.62 percentage point improvement
over the non-adaptive method (64.35%), confirming
the effectiveness of spatial smoothing. Spatial
smoothing exploits the spatial autocorrelation in
hyperspectral imagery, correcting low-confidence
pixels via neighborhoodmajority voting and effectively
reducing “salt-and-pepper noise” in the classification
results.

4.3 Experimental Results on Pavia University
To evaluate the generalizability of the proposed
method, experimentswere also conducted on the Pavia
University dataset, which differs from Indian Pines in
spatial resolution, spectral dimensionality, and class
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Table 2. Per-class classification accuracy comparison on Indian Pines.

Class SVM PCA+SVM Non-adapt. Adapt.

Alfalfa .2619 .2381 .1667 .1190
Corn-notill .7271 .6703 .3538 .3491
Corn-mintill .5301 .5020 .4150 .4297
Corn .5280 .4813 .1028 .1028
Grass-pasture .8253 .7770 .6276 .6782
Grass-trees .9726 .9680 .9574 .9863
Hay-windrowed .9791 .9814 .9768 .9907
Soybean-notill .6880 .6503 .9223 .9794
Soybean-mintill .8647 .8484 .6493 .6950
Wheat .9946 1.000 .9946 .9946
Woods .9754 .9754 .9508 .9684
Bldg-Grass-Tree .4569 .3448 .4655 .5057
Stone-Steel-T. .8690 .8690 .8690 .9524

AA .6646 .6199 .5658 .5846

Figure 5. Convergence curve of classification accuracy
during adaptive iteration on Indian Pines.

composition.

4.3.1 Classification Accuracy Comparison
Table 3 presents the classification accuracy comparison
on Pavia University. SVM achieves the highest OA
of 91.79%, while the proposed adaptive method
attains an OA of 72.96% using only 15-dimensional
measurements—14.6% of the original 103 spectral
dimensions—achieving a 6.9-fold data compression.
The relative accuracy gap between the proposed
method and SVM is smaller on Pavia University than
on Indian Pines in terms of the non-adaptive baseline
(72.90% vs. 64.35%), which can be attributed to the
lower spectral dimensionality (103 vs. 178) and the
more distinct spectral signatures of urban land-cover
classes.

Table 4 presents the per-class accuracy comparison.

Table 3. Classification accuracy comparison on Pavia
University.

Method OA AA Kappa

SVM 0.9179 0.8821 0.8897
PCA+SVM 0.9175 0.8817 0.8891
Fisher+SVM 0.8850 0.8445 0.8441
Non-adaptive mod. 0.7290 0.7244 0.6348
Adaptive mod. 0.7296 0.7221 0.6350

The proposed method achieves notably higher
accuracy than SVM on Bitumen (99.08% vs. 74.69%)
and Self-Blocking Bricks (98.43% vs. 89.86%),
indicating that the Fisher discriminant encoding
effectively captures the discriminative features of
these classes. Conversely, for Gravel and Bare Soil, the
proposed method shows lower accuracy, suggesting
that the spectral signatures of these classes are less
separable in the low-dimensional measurement space.

4.3.2 Cross-Dataset Comparison and Generalizability
Analysis

Table 5 summarizes the performance of all methods
across both datasets. The proposed method
consistently achieves competitive classification
accuracy using only 15-dimensional measurements
on both datasets, confirming its generalizability. The
compression ratios are 11.9× (Indian Pines) and
6.9× (Pavia University), respectively. The adaptive
modulation provides a modest improvement over
the non-adaptive baseline on both datasets (2.62 and
0.06 percentage points in OA after spatial smoothing,
respectively). The smaller improvement on Pavia
University is attributed to the already high initial
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Table 4. Per-class classification accuracy comparison on Pavia University.

Class SVM PCA+SVM Non-adapt. Adapt.

Asphalt .9300 .9288 .4028 .4184
Meadows .9876 .9875 .9352 .9370
Gravel .7074 .7011 .2328 .1831
Trees .9271 .9268 .8513 .8503
Painted Metal .9934 .9934 .9959 .9975
Bare Soil .7502 .7488 .1646 .1495
Bitumen .7469 .7510 .9791 .9908
Self-Blocking Bricks .8986 .8998 .9695 .9843
Shadows .9977 .9977 .9883 .9883

AA .8821 .8817 .7244 .7221

classification accuracy of the non-adaptive method on
this dataset.

4.4 Comparison with Probabilistic Classification
Methods

To further contextualize the proposed Bayesian
classification framework, a comparison with
other probabilistic classification methods was
conducted on both datasets. Table 6 presents
the results. The methods compared include: (1)
Gaussian Naive Bayes (GNB), which assumes
feature independence; (2) Gaussian Mixture Model
(GMM) with expectation-maximization; and (3) the
proposed Bayesian classifier with Fisher encoding.
All probabilistic methods operate in the same
15-dimensional measurement space.

The proposed Bayesian classifier outperforms both
GNB and GMM on the Indian Pines dataset in
terms of OA, AA, and Kappa. On Pavia University,
GNB achieves higher OA (77.61%), AA (76.11%),
and Kappa (0.7009) than the proposed method
(72.90%, 72.44%, and 0.6348, respectively). GNB’s
superior performance on Pavia University is primarily
driven by the dominant Meadows class (18,649
samples, 48.4% of all labeled pixels), whose feature
independence assumption coincidentally aligns with
the relatively distinct spectral signatures of urban
land-cover classes. However, on Indian Pines, which
contains 16 classes with more overlapping spectral
features, the proposed method’s use of full covariance
matrices yields a substantial advantage over GNB (OA:
64.35% vs. 55.47%). The advantage over GMM on
both datasets is attributed to the Fisher discriminant
encoding, which maximizes inter-class separability
in the measurement space, whereas GMM relies on
unsupervised clustering that may not align with

the true class boundaries. These results confirm
that the combination of Fisher discriminant encoding
and Bayesian classification provides an effective
probabilistic framework for direct classification from
compressed measurements, particularly on datasets
with many classes and complex spectral overlap.

4.5 Data Compression Efficiency Analysis
Figure 6 compares the data dimensionality and
compression ratio of each method. The proposed
method requires only 15-dimensional measurements,
achieving an 11.9-fold compression relative to the
original 178 spectral dimensions on Indian Pines
and a 6.9-fold compression relative to 103 bands
on Pavia University, substantially exceeding the
5.9-fold compression of PCA+SVM on Indian Pines.
Performing data compression directly at the optical
front end offers three advantages: (1) the data volume
acquired by the detector is significantly reduced,
enabling higher acquisition speed and frame rate;
(2) data transmission and storage overhead are
considerably lowered, which is particularly beneficial
for bandwidth-constrained platforms such as UAVs
and satellites; (3) classification is performed in a
low-dimensional space, reducing computational
complexity from O(P ) to O(K), which facilitates
embedded real-time processing. It is worth noting that
the Fisher+SVM method also uses 15-dimensional
Fisher encoding, yet its classification accuracy
substantially exceeds that of the Bayesian classifier in
the proposed method, suggesting that the nonlinear
decision boundary of SVM in the measurement
space outperforms the Gaussian assumption of the
Bayesian classifier. Incorporating nonlinear classifiers
in future work is expected to substantially improve the
classification performance of the proposed method.
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Table 5. Cross-dataset performance comparison.

Indian Pines Pavia University

Method OA AA Kappa OA AA Kappa

SVM .7828 .6646 .7497 .9179 .8821 .8897
PCA+SVM .7539 .6199 .7158 .9175 .8817 .8891
Fisher+SVM .7511 .6109 .7121 .8850 .8445 .8441
Non-adapt. .6435 .5658 .5918 .7290 .7244 .6348

Adapt. .6697 .5846 .6216 .7296 .7221 .6350

Table 6. Comparison with probabilistic classification methods.

Indian Pines Pavia University

Method OA AA Kappa OA AA Kappa

GNB .5547 .4808 .4934 .7761 .7611 .7009
GMM .4977 .2670 .4021 .6739 .5402 .5529
Proposed Bayesian .6435 .5658 .5918 .7290 .7244 .6348

Figure 6. Comparison of data dimensionality and
compression ratio among methods.

4.6 Discussion
The overall accuracy of the proposed method is lower
than that of SVM, which can be attributed to three
factors: (1) Information loss: compressing from 178
(or 103) to 15 dimensions inevitably sacrifices some
discriminative information, particularly for classes
with highly similar spectral features (e.g., Corn-notill
and Corn-mintill in Indian Pines, or Gravel and Bare
Soil in Pavia University), where the low-dimensional
encoding fails to preserve inter-class differences;
(2) Classifier limitations: the Bayesian classifier
assumes Gaussian class-conditional probabilities, an
assumption that may not hold in the measurement
space, especiallywhen training samples are insufficient
for accurate covariance estimation; (3) Insufficient
adaptive strategy: the current prior probability update
does not yield significant accuracy gains during

iteration, and accuracy even declines, indicating that
updating priors alone is inadequate to compensate for
the deficiencies of the encoding template.

Nevertheless, the significance of the proposed method
lies not in achieving state-of-the-art accuracy, but in
establishing a proof of concept for the “classifywithout
reconstruction” paradigm. The improvement over
the non-adaptive baseline (2.62 percentage points
on Indian Pines), while modest, demonstrates that
adaptive encoding template optimization can enhance
classification performance without additional data
acquisition. The more substantial finding is that
several individual classes achieve higher accuracy
than SVM (e.g., Soybean-notill: 97.94% vs. 68.80%;
Bitumen: 99.08% vs. 74.69%), which indicates that the
Fisher discriminant encoding captures class-specific
discriminative information that is not fully exploited
by SVM in the original spectral space. The 11.31%
accuracy gap between the proposed method and
SVM on Indian Pines represents the trade-off for an
11.9-fold reduction in data acquisition volume, which
is particularly relevant for real-time applicationswhere
data throughput is a primary constraint.

Future work will focus on: (1) incorporating deep
learning classifiers to replace the Bayesian classifier,
enhancing nonlinear classification capability in the
measurement space; (2) designing more effective
adaptive encoding template optimization strategies for
end-to-end joint optimization of the encoding template
and classifier; (3) exploring deep learning-based
encoding template design for automatic learning
of classification-oriented optimal encodings; (4)
validating the method on additional datasets such
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as Salinas; (5) constructing a physical DMD spectral
imaging system to verify the method in real-world
scenarios.

5 Conclusion
An adaptive hyperspectral direct classification
method based on computational spectral imaging
has been proposed. Classification decisions are
performed directly in the measurement space through
DMD encoding and modulation, circumventing
the computational overhead of the conventional
“reconstruct-then-classify” paradigm. The encoding
template design based on Fisher discriminant
analysis orients the encoding process toward
classification, while the adaptive mechanism driven by
posterior probability weighting provides a theoretical
framework for iterative optimization of the encoding
template. To address spectral aliasing caused by 2D
spatial dispersion, an X-matrix extension method has
been proposed for encoding template design in the
2D spatial domain. Experiments on two benchmark
datasets—Indian Pines and Pavia University—confirm
the feasibility and generalizability of the proposed
method: overall accuracies of 66.97% and 72.96% are
achieved using only 15-dimensional measurements
(8.4% and 14.6% of the original spectral dimensions,
respectively), with several class accuracies surpassing
those of the conventional SVM method. Spatial
smoothing post-processing further improves accuracy
by 2.62 percentage points on Indian Pines. The
proposed “classify without reconstruction” paradigm
offers a new perspective for real-time hyperspectral
classification and lightweight spectral imaging system
design. Future efforts will focus on enhancing
classification performance through deep learning
classifiers and end-to-end optimization strategies.
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