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Learning Optical Filters with Orthogonality Constraints for
SWIR-Based Waste Segmentation in Hyperspectral Images
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1 Introduction

Automated waste sorting requires material-level
recognition because objects with similar appearances
can consist of different materials. Hyperspectral imag-
ing provides dense spectral information that supports
material discrimination, particularly in the short-
wave infrared (SWIR) range. However, directly ac-
quiring and processing hundreds of bands increases
sensor complexity, memory use, computation, and the
amount of training data required.

This study learns a small set of optical transmission
responses from hyperspectral data. The objective is
to compress a 224-band SWIR patch into a compact
representation while preserving information useful for
semantic segmentation. Unlike principal component
analysis (PCA) [3], which maximizes input variance,
the proposed filters are optimized using material la-
bels. Their transmission curves are also encouraged to
be non-negative, smooth, and mutually complemen-
tary.

2 Proposed Method

The proposed framework has two stages. In Stage 1,
2048 pixel spectra are sampled from each hyperspec-
tral patch. A set of K optical filters projects each
224-dimensional spectrum to K responses, which are
classified by a lightweight multilayer perceptron. The
raw filter parameters are clamped to non-negative val-
ues and normalized to a maximum transmission of one.

For spectrum x, filter k produces
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The filters and classifier are jointly optimized by
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where second-order smoothness suppresses rapidly os-
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cillating responses. After Lo normalization of each re-
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alized transmission curve, the orthogonality term is
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This soft penalty encourages complementary spectral
responses; it does not impose exact orthogonality as a
hard equality constraint.

In Stage 2, the learned filters are fixed and ap-
plied densely to each hyperspectral patch to obtain
K filter-response maps. SegFormer-B0 [2] then learns
spatial context and predicts the segmentation mask.
This separation provides direct material supervision
to the spectral projection before spatial segmentation
is learned.

3 Experimental Setup

Experiments use the SpectralWaste dataset [1],
which contains 224-band hyperspectral patches span-
ning approximately 900-1700nm. The task includes
background and six foreground classes: film, basket,
cardboard, video tape, filament, and bag. Stage 2
comparisons use the same SegFormer-BO backbone,
augmentation, optimizer, learning-rate schedule, class
weighting, and model-selection rule. Performance is
evaluated using foreground mean intersection over
union (mloU), precision, recall, F1, and pixel accu-
racy.

Three principal input representations are compared:
the raw 224-band patch (Full-band), a fixed three-
component PCA projection computed from the train-
ing split (PCA-3), and three learned filter responses
(Ours). Additional experiments compare K = 2,3,4,
and 5, remove orthogonality regularization, and eval-
uate Stage 1 with grouped cross-validation.

4 Results and Discussion

Table 1 summarizes the Stage 2 test results. The
proposed three-filter representation achieves the high-
est foreground mloU, precision, F1, and pixel accu-
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Table 1 Stage 2 test results under matched settings.

Input mloU  Precision Recall F1 Pixel Acc.
Full-band 0.500 0.549 0.829 0.644 0.866
PCA-3 0.532 0.594 0.818  0.671 0.884
Ours (K =3) 0.561 0.634 0.817  0.699 0.887

racy. Its mloU is 0.561, compared with 0.500 for Full-
band and 0.532 for PCA-3. Although PCA-3 preserves
99.78% of sampled training variance, its components
are not optimized for material labels. This indicates
that preserving global variance is not equivalent to pre-
serving task-discriminative information. Per-class IoU
also shows that the learned responses obtain the best
result for five of the six foreground categories, with the
largest gain over PCA-3 observed for filament.

The three learned transmission curves differ clearly
from the PCA-3 projection coefficients. The learned
curves are non-negative and smooth, whereas PCA
coefficients contain positive and negative values and
have arbitrary signs. More importantly, the proposed
curves are optimized with class supervision rather than
only spectral variance.
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Fig. 1 Learned transmission curves and normalized
PCA-3 projection coefficients.

Under one shared hyperparameter setting, K = 3
gives the best Stage 2 performance (Table 2). The
result does not establish that three filters are uni-
versally optimal because the regularization coefficients
were not independently tuned for every K. It shows
that K = 3 provides the best balance of compactness
and performance in the tested configuration.

Removing orthogonality changes Stage 2 mIoU only
from 0.561 to 0.557. Its main effect is instead struc-
tural: the mean pairwise cosine similarity between

learned curves decreases from 0.596 without the term
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Table 2 Effect of the number of filters.
Stage 2 test

Stage 1 validation

K mloU F1 mloU F1

2 0.281 0.405 0.481 0.626
3 0.342 0.487 0.561 0.699
4 0.346 0.486 0.465 0.611
5 0.347 0.489 0.504 0.644

to 0.097 with it.
substantially reduces spectral redundancy, although

Thus, orthogonality regularization

its direct accuracy gain is small.

Five-fold grouped cross-validation for K = 3 gives
Stage 1 foreground mloU 0.320+0.025 and F1 0.460+
0.029. After permutation alignment, the mean cor-
relation between corresponding filter shapes is 0.761.
The filters repeatedly emphasize related spectral re-
gions, although exact peaks vary with the acquisition
groups. Three-fold experiments for K =4 and K =5
also show stable Stage 1 metrics but lower shape con-
sistency, supporting the compact K = 3 configuration
when repeatability is considered.

5 Conclusion

A two-stage method was developed to learn compact
optical responses for SWIR-based waste segmentation.
Three learned filters reduce 224 spectral bands to three
response maps and outperform both Full-band and
PCA-3 inputs under matched Stage 2 settings. Or-
thogonality mainly improves complementarity among
the learned curves, while grouped validation shows re-
curring response structure across data partitions. Fu-
ture work will investigate optical fabrication, calibra-
tion, and evaluation with a physical SWIR imaging
system.
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