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ABSTRACT

Genome-edited rice lines can remain visually similar despite
biologically meaningful differences, making nondestructive
grain recognition a fine-grained spectral learning problem.
Compact hyperspectral recognition requires wavelength sub-
sets that preserve complementary information for distinguish-
ing rice lines and milling states. We propose PBGate, a prior-
guided spectral gating framework for hyperspectral recognition
of genome-edited γ-aminobutyric acid (GABA)-related rice.
Training-derived band-selection priors initialize wavelength-
wise gates and regularize their gains during full-spectrum learn-
ing with MambaHSI. The recognizer is then further trained
on the K bands specified by the prior. Experiments on ten
rice line–state classes show that soft spectral gating improves
grain-level overall accuracy from 89.58% to 96.88%, while
PBGate achieves 89.58% using five of 51 bands and 82.29%
using three bands. With the same retained bands as the cor-
responding standalone selectors, PBGate attains the highest
grain-level accuracy among the evaluated compact methods
at both band counts. The selected wavelength subsets pro-
vide candidate measurements for nondestructive multispectral
screening of breeding materials.

Index Terms— Hyperspectral imaging, band selection,
spectral gating, rice recognition, smart agriculture

1. INTRODUCTION

Hyperspectral imaging (HSI) captures wavelength-resolved
spectral–spatial signatures that enrich visual recognition [1].
In agricultural phenotyping, this information offers an oppor-
tunity to characterize biologically meaningful variation among
visually similar seeds. Genome-edited γ-aminobutyric acid
(GABA)-related rice provides a compelling example. GABA is
a non-protein amino acid associated with plant stress responses
and nutritional functionality [2]. Modifying rice glutamate
decarboxylase (OsGAD) activity through calmodulin-binding-
domain truncation can enhance GABA accumulation and alter
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Fig. 1. Hyperspectral rice recognition across ten line–state
classes. Intact grains from the OsGAD-related lines exhibit
subtle appearance differences. The class-color overlay iden-
tifies the corresponding grain labels in brown and polished
states.

stress-response phenotypes [3, 4, 5]. Recognizing these lines
from intact grains could enable nondestructive screening of
breeding materials while preserving samples for subsequent
analysis.

Rice-image analysis commonly exploits differences in
shape, color, and texture [6]. Here, we investigate a finer
setting involving OsGAD-related rice lines and brown and
polished milling states (Fig. 1). Each intact grain is assigned
a line–state identity from its spectral–spatial measurements.
Nondestructive recognition can preserve valuable seeds and
guide sample screening. Molecular characterization [7] and
biochemical profiling [2, 4] provide complementary biologi-
cal information; their future integration with optical measure-
ments could support richer genotype–phenotype analysis and
breeding-oriented sample selection.

RGB integrates spectra into three broadband responses,
whereas HSI preserves a densely sampled wavelength axis.
Selecting a compact subset from this axis requires balancing
discriminative relevance with spectral complementarity. Each
retained wavelength is both a classifier input and a candidate
measurement for a multispectral sensor. Band selection should
therefore preserve information useful for recognition across
the selected wavelengths.

Task-driven sensing couples measurement design with in-
ference through coded illumination for reflectance-based [8]
and fluorescence-based classification [9], as well as learned
spectral filters [10]. Spectral–spatial CNNs [11], transform-
ers [12], and state-space models [13] model spectral and spatial
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Fig. 2. PBGate framework. Training-derived wavelength
priors initialize and regularize a spectral gate jointly optimized
with MambaHSI. Pruning retains the prior-selected K bands
for continued recognition training. The external selectors
supply fixed priors.

context; DINOv3 [14] provides self-supervised dense RGB
representations. We use MambaHSI [15] for spectral compar-
isons and DINOv3 as a pretrained RGB baseline. BandGate
learns task-dependent wavelength recalibration, whose full-
band and hard-pruned variants probe the distinction between
continuous weighting and discrete selection: high-gain wave-
lengths may share information or depend on neighboring
bands.

Existing selectors encode complementary spectral struc-
ture: BS-Net learns reconstruction-preserving band at-
tention [16], NNCV uses a supervised nearest-neighbor
proxy [17], and OCF identifies representative wavelengths
through clustering [18]. Gumbel-Softmax [19] supports dif-
ferentiable categorical learning, while Gumbel-Top-K [20]
samples without replacement. These approaches provide struc-
tured wavelength candidates or task-driven discrete selection.
PBGate uses selector-derived priors to guide full-spectrum
gate–recognizer learning before continuing training on the
prior-selected K bands.

We introduce PBGate, a prior-guided BandGate that
integrates training-derived selector priors with joint gate–
recognizer optimization. Prior initialization sets the wave-
length gains, and prior-aware sparsity reduces the penalty on
prior bands during pre-pruning training. Warm-up anchoring
constrains early gain updates and is then released. Pruning
retains the prior-selected K bands for continued MambaHSI
training, adapting the learned representation to the compact
input.

Our main contributions are threefold. First, we establish a
grain-disjoint hyperspectral benchmark connecting OsGAD-
related rice diversity with fine-grained optical phenotyping.
Second, we introduce PBGate, a training framework that uses
band-selection priors to guide full-spectrum gate–recognizer
learning and subsequent adaptation to the prior-selected bands.
Third, we characterize the relationship between full-band re-
calibration and compact-band recognition, demonstrating the
highest grain-level accuracy among the evaluated compact
methods at both three- and five-band budgets.

2. METHOD

PBGate combines a prior-guided spectral front end with
MambaHSI [15] (Fig. 2). Let X ∈ RH×W×B be a cali-
brated hyperspectral image or patch, xi ∈ RB the spec-
trum at foreground pixel i, and y ∈ {1, . . . , C} the grain
label. A compact representation retains the wavelength
indices SK ⊂ {1, . . . , B}, with |SK | = K, yielding
XSK

∈ RH×W×K .

2.1. Task-Driven Spectral Recalibration

A global BandGate learns a wavelength-dependent gain before
the backbone:

gb = gmaxσ(ab/τ), x̃i,b = gbxi,b, (1)

where ab is a learnable logit, τ is the temperature, and gmax

bounds the gain. Full-band training minimizes

Lsoft = Lcls

(︁
f(X̃), y

)︁
+

λg

B

B∑︂
b=1

gb. (2)

The gate and classifier f are optimized jointly, allowing spec-
tral recalibration to follow the recognition objective. Soft
BandGate retains all B measurements. Its hard-pruned coun-
terpart retains Sgate

K = TopKb(gb) and continues training on
that subset, providing a direct comparison between full-band
gains and compact-band utility.

2.2. Train-Only Spectral Priors

External selectors provide a prior set PKp
⊆ {1, . . . , B} of

Kp ≤ K distinct band indices and its mask pb = 1[b ∈
PKp ]. We use BS-Net [16], NNCV [17], and OCF [18] to
obtain reconstruction-based, supervised-proxy, and clustering-
based priors, respectively. All prior-generation operations,
including normalization, PCA, graph construction, nearest-
neighbor scoring, reconstruction, and clustering, use training
grains exclusively.

2.3. Prior-Guided BandGate

PBGate incorporates the prior into initialization, regularization,
and pruning. For 0 < glo < ghi < gmax, the initial gains and
logits are

g0b = pbghi + (1− pb)glo,

a0b = τ logit(g0b/gmax).
(3)

This initialization emphasizes prior-supported wavelengths
while retaining learnable responses across the spectrum. The
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Fig. 3. Hyperspectral acquisition setup (left) and rice examples
(right). Brown rice appears above polished rice. Grains are im-
aged on a low-reflectance black background with randomized
orientations.

pre-pruning objective combines classification with prior-aware
sparsity and warm-up anchoring:

LPBGate = Lcls

(︁
f(X̃), y

)︁
+

λg

B

B∑︂
b=1

ωbgb

+
λa(t)

B

B∑︂
b=1

(gb − g0b )
2,

(4)

where ωb = rpb + (1 − pb) and 0 < r < 1. The smaller
penalty favors prior bands as task-dependent gains evolve. The
anchor follows

λa(t) =

{︄
λa, t ≤ Twarm,

0, t > Twarm,
(5)

so that the anchor constrains early gain updates, while classifi-
cation and prior-aware sparsity remain active after warm-up
until pruning.

Prior-guided K-band pruning retains exactly K distinct
wavelength indices. In prior-only selection, Kp = K and
SK = PK . In prior-fill selection, all prior bands are retained
and the remaining K−Kp indices are selected by their learned
gains:

SK = PKp ∪ TopK−Kp

b/∈PKp

(gb).

Here Topq returns the indices of the q largest gains over the
indicated candidate set, with Top0 = ∅. Thus, when Kp = K,
prior-fill also retains the entire prior set. The learned variant
ranks all bands by gate scores alone. After pruning, the subset
is fixed and MambaHSI continues training on XSK

.
For grain g, the probabilities of its sampled patches Pg are

aggregated as

pg =
1

|Pg|
∑︂
p∈Pg

softmax
(︁
f(Xg,p)

)︁
,

ŷg = argmax
c

pg,c.

(6)

Each patch uses the channels retained by its sensing configura-
tion. All compact methods share the MambaHSI architecture
and this grain-level aggregation rule.

3. EXPERIMENTS

3.1. Dataset and Acquisition Protocol

The benchmark comprises 296 grains from five OsGAD-
related rice lines in brown and polished states, yielding ten
classes. The lines are wild-type Nipponbare (Ni), OsGAD1∆C
#5, OsGAD3∆C #8, OsGAD4 CaMBD truncation #14–1, and
a #5×#8-derived hybrid #78. Each class contains 30 grains
except the brown hybrid class, which contains 26.

Hyperspectral images are acquired with an NH1H camera
under artificial sunlight illumination (Fig. 3). The experiments
use B = 51 bands spanning 450–700 nm at 5 nm intervals.
Grain orientations are randomized on a low-reflectance black
background, and each segmented grain forms one object for
splitting and evaluation. Dark and white references yield the
calibrated apparent reflectance

Rapp(λ) =
I(λ)− Idark(λ)

Iwhite(λ)− Idark(λ)
. (7)

This signal captures the combined effects of surface reflec-
tion, subsurface scattering, pose, and shading in curved grains,
providing a common radiometric basis for all sensing configu-
rations.

The training/validation/test counts are 15/5/10 for each
30-grain class and 15/5/6 for the 26-grain brown hybrid class,
giving 150 training, 50 validation, and 96 test grains in to-
tal. The same grain-disjoint partitions are used throughout, so
every patch from a given grain belongs to a single partition.
RGB inputs are synthesized by integrating the calibrated cubes
with Canon EOS 5D Mark II spectral sensitivities [21] under
a constant-illuminant assumption. This linear broadband pro-
jection shares grains, masks, calibration, and partitions with
the hyperspectral inputs, enabling a controlled comparison of
spectral measurements.

3.2. Training Protocol, Baselines, and Metrics

We compare synthesized RGB, full-band MambaHSI, soft
BandGate, hard-pruned BandGate, BS-Net (Conv/FC), NNCV,
OCF (NC-OC-IE/MVPCA/TRC), Gumbel selection, and
PBGate. We additionally evaluate pretrained DINOv3 ViT-
B/16 with local linear RGB classification [14], and straight-
through exact-K Gumbel selection [19, 20] with MambaHSI.
Full-band and soft-gated models retain all 51 measurements;
compact models use K ∈ {3, 5} bands. The MambaHSI ref-
erence, two-stage, and BandGate configurations use 13× 13
foreground-centered patches, with 200 sampled patches per
training grain and 400 per evaluation grain. MambaHSI is
trained for 100 epochs using Adam, a learning rate of 10−3,
and batch size 64. Hard-pruned BandGate warms up for 50
epochs, retains the Top-K gains, and continues training with
the classification objective. PBGate uses the same downstream
training budget and the operations in Sec. 2.3. We evaluate two
pre-specified configurations: NNCV priors with prior-only



Table 1. Hyperspectral rice recognition on shared grain-disjoint partitions. DINOv3 uses local linear RGB classification; all
other configurations use MambaHSI. Pixel OA excludes background pixels. Bold denotes the best value within each group.
Method / variant Input Grain OA Grain AA κ Macro-F1 Patch OA Pixel OA

Full-spectrum and RGB references
Full HSI 51 0.8958 0.9000 0.8843 0.8894 0.7845 0.8589
Soft BandGate 51 0.9688 0.9633 0.9652 0.9673 0.8136 0.8809
RGB MambaHSI 3 ch. 0.7083 0.7000 0.6750 0.7016 0.5207 0.6762
RGB DINOv3 ViT-B/16 [14] 3 ch. 0.5938 0.5967 0.5483 0.5594 0.4298 0.5554

Five-band configurations (K = 5)
Naive hard BandGate 5 0.7083 0.7000 0.6750 0.6956 0.5418 0.6903
BS-Net–Conv [16] 5 0.6979 0.6967 0.6636 0.6829 0.5772 0.7174
BS-Net–FC [16] 5 0.7604 0.7700 0.7336 0.7484 0.6414 0.7464
NNCV [17] 5 0.8333 0.8400 0.8146 0.8382 0.6939 0.7933
OCF–NC-OC-IE [18] 5 0.7917 0.7867 0.7680 0.7866 0.6084 0.7498
OCF–MVPCA [18] 5 0.8750 0.8733 0.8608 0.8760 0.7252 0.8196
OCF–TRC [18] 5 0.8229 0.8300 0.8030 0.8285 0.6683 0.7895
Gumbel Top-K [19, 20] 5 0.5000 0.4867 0.4427 0.4709 0.4160 0.5978
PBGate (ours) 5 0.8958 0.9000 0.8841 0.8995 0.7100 0.8199

Three-band configurations (K = 3)
Naive hard BandGate 3 0.7604 0.7700 0.7336 0.7479 0.5596 0.6820
BS-Net–Conv [16] 3 0.5208 0.5333 0.4680 0.5058 0.3921 0.5819
BS-Net–FC [16] 3 0.7812 0.7900 0.7569 0.7634 0.6390 0.6990
NNCV [17] 3 0.8125 0.8200 0.7914 0.8058 0.6610 0.7595
OCF–NC-OC-IE [18] 3 0.6458 0.6400 0.6060 0.6288 0.3996 0.5725
OCF–MVPCA [18] 3 0.7708 0.7733 0.7449 0.7671 0.5864 0.7272
OCF–TRC [18] 3 0.6979 0.7033 0.6643 0.6905 0.5183 0.6839
Gumbel Top-K [19, 20] 3 0.7708 0.7800 0.7452 0.7644 0.5851 0.7174
PBGate (ours) 3 0.8229 0.8300 0.8030 0.8239 0.6708 0.7730

selection at Kp = K = 3, and OCF-MVPCA priors with
prior-fill selection at Kp = K = 5. Both retain SK = PK ;
the five-band prior-fill configuration has K − Kp = 0 and
therefore preserves the complete prior subset. Learned gains
shape pre-pruning optimization in both settings.

The primary metric is grain-level overall accuracy (Grain
OA), computed from Eq. (6). Grain AA, Cohen’s κ, and
Macro-F1 characterize class-wise recognition, while Patch
OA and foreground-masked Pixel OA provide complementary
spatial measures.

3.3. Spectral Recalibration and Compact Recognition

Table 1 presents the quantitative comparison. Full-band
MambaHSI achieves 0.8958 Grain OA, compared with 0.7083
for RGB MambaHSI and 0.5938 for DINOv3 with local linear
RGB classification. Soft BandGate further raises Grain OA to
0.9688 and Macro-F1 to 0.9673. Full-spectrum wavelength
recalibration therefore improves grain-level recognition within
the same MambaHSI architecture.

The hard-pruned variants attain 0.7083 and 0.7604 Grain
OA at K = 5 and K = 3, respectively. The three-band result
exceeds the five-band result, indicating that the retained wave-
length combination matters alongside the number of bands.

Gumbel selection attains 0.7708 and 0.5000 Grain OA
with three and five bands, respectively. PBGate raises Grain
OA by 5.21 and 39.58 percentage points at the corresponding
band counts.

At K = 5, PBGate obtains 0.8958 Grain OA and 0.8995
Macro-F1, compared with 0.8750 and 0.8760 for OCF-
MVPCA. Its five-band Grain OA equals the value observed
for ungated 51-band MambaHSI. PBGate leads the five-band
comparison in Grain OA, Grain AA, κ, Macro-F1, and Pixel
OA; OCF-MVPCA has the highest Patch OA of 0.7252.

At K = 3, PBGate reaches 0.8229 Grain OA and 0.8239
Macro-F1, compared with 0.8125 and 0.8058 for NNCV. It
attains the highest values for all six metrics among the evalu-
ated three-band methods. Compared with RGB MambaHSI,
it improves Grain OA by 11.46 percentage points while using
the same number of input channels.

3.4. Selected Wavelengths and Spatial Consistency

At K = 5, PBGate retains the OCF-MVPCA subset of 450,
495, 570, 605, and 680 nm, distributing measurements across
the acquired spectral range. At K = 3, PBGate retains the
NNCV subset of 460, 500, and 515 nm, concentrating on a
smaller spectral interval. PBGate improves Grain OA while
retaining the same bands as the corresponding selector. These
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Fig. 4. Dense foreground predictions across ten line–state classes. GAD4 denotes #14–1 and Hybrid #78. DINOv3 uses local
linear RGB classification; Gumbel is evaluated at K = 3 and 5, and the other compact methods use five bands.

matched-subset comparisons associate the improved recogni-
tion with prior-guided representation learning and subsequent
adaptation to the retained bands.

Fig. 4 compares dense predictions across the ten classes, in-
cluding DINOv3 and both Gumbel budgets. Full-band and soft-
gated maps exhibit coherent within-grain regions in the illus-
trated examples. With five bands, PBGate and OCF-MVPCA
attain similar foreground Pixel OA (0.8199 and 0.8196), while
PBGate achieves higher grain-level accuracy. Grain-level pre-
diction aggregates patch probabilities, so the final object deci-
sion is evaluated separately from dense per-pixel agreement.

The three- and five-band subsets provide candidate wave-
length centers for multispectral acquisition. Studying their
response to sensor bandwidth and illumination changes would
clarify how these discrete selections transfer to physical mea-
surements.

4. CONCLUSION

We presented PBGate for compact hyperspectral recognition
of genome-edited GABA-related rice. Training-derived wave-
length priors initialize and regularize spectral gates during
full-spectrum learning, followed by continued MambaHSI
training on the prior-selected K bands. PBGate attains the
highest Grain OA among the evaluated three- and five-band
methods; the five-band result matches the observed Grain OA
of full-band MambaHSI. The matched-subset comparisons
show that prior-guided training can improve recognition with
the same retained wavelengths. Future work will evaluate
multispectral acquisition with realistic sensor bandwidths and
pair optical measurements with molecular and biochemical
assays to study line-associated phenotypes in larger breeding
collections.
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Massa, Daniel Haziza, Luca Wehrstedt, Jianyuan Wang, Tim-
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