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Abstract

Confidence alone is often misleading in hyperspectral im-
age classification, as models tend to mistake high predic-
tive scores for correctness while lacking awareness of un-
certainty. This leads to confirmation bias, especially un-
der sparse annotations or class imbalance, where models
overfit confident errors and fail to generalize. We propose
CABIN (Cognitive-Aware Behavior-Informed learNing), a
semi-supervised framework that addresses this limitation
through a closed-loop learning process of perception, action,
and correction. CABIN first develops perceptual awareness
by estimating epistemic uncertainty, identifying ambiguous
regions where errors are likely to occur. It then acts by adopt-
ing an Uncertainty-Guided Dual Sampling Strategy, select-
ing uncertain samples for exploration while anchoring confi-
dent ones as stable pseudo-labels to reduce bias. To correct
noisy supervision, CABIN introduces a Fine-Grained Dy-
namic Assignment Strategy that categorizes pseudo-labeled
data into reliable, ambiguous, and noisy subsets, applying tai-
lored losses to enhance generalization. Experimental results
show that a wide range of state-of-the-art methods benefit
from the integration of CABIN, with improved labeling ef-
ficiency and performance.

Code — https://github.com/Muzhou-Yang/CABIN

Introduction
Hyperspectral image (HSI) classification enables fine-
grained analysis of land cover and material composition by
capturing rich spectral signatures across hundreds of con-
tiguous bands. Its applications are vital in diverse fields such
as urban planning (Weber et al. 2018; Yuan et al. 2022), mil-
itary reconnaissance (Lampropoulos et al. 2008), and preci-
sion agriculture (Zhang et al. 2016; Sahadevan 2021). Re-
cently, the paradigm of HSI classification has shifted due
to the emergence of deep learning techniques. Advanced
methods propose novel mechanisms such as spectral-spatial
attention factorization (Sun et al. 2022; Hong et al. 2022;
Guo and Liu 2024; Zhao et al. 2024), self-supervised pre-
training (Scheibenreif, Mommert, and Borth 2023; Mo-
hamed et al. 2024), and state-space sequence modeling (He
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(b) Mainstream semi-supervised methods like FixMatch and CG-
Match rely on proxy metrics such as static confidence or past con-
sistency, ignoring the model’s current cognitive state.

Figure 1: Existing methods depend on confidence for both
sampling and pseudo-labeling, yet overlook cognitive gaps,
supporting our core insight that confidence is not enough.

et al. 2024; Wang et al. 2025), achieving improved accuracy
and cross-scene generalization.

Despite these remarkable advances, current methods often
rely on the flawed assumption that confident predictions are
inherently reliable, even when labels are noisy or ambigu-
ous. However, due to the limited spatial resolution inherent
in HSI data, especially in aerial and satellite imaging, this as-
sumption often fails in practice (Bioucas-Dias et al. 2012).
A single pixel may correspond to a mixture of multiple ma-
terials or lie on ambiguous boundaries, introducing seman-
tic confusion that reduces the reliability of supervision. As
a result, even carefully annotated ground truth cannot en-
sure precise or complete information. In such cases, naive
sampling strategies may reinforce confident errors and lead
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to confirmation bias, where models overfit to seemingly cor-
rect annotations that are in fact ambiguous. This undermines
both label efficiency and generalization.

To address this issue, recent studies have turned to
uncertainty-aware learning. Evidential deep learning (Sen-
soy, Kaplan, and Kandemir 2018; Shen et al. 2023) produces
principled frameworks to estimate uncertainty for down-
stream tasks (Shi et al. 2024; Wentao Bao 2022; Su, Zhang,
and Zhou 2023). Other methods integrate uncertainty as ref-
erence to adjust loss weights or guiding feature suppres-
sion (Yu, Lou, and Chen 2024; Ji et al. 2024), as illustrated
in Fig. 1a. However, uncertainty should serve a more active
role beyond guiding local optimization or passive learning.
Specifically, it should drive learning behavior: identifying
which samples to trust, which regions of the feature space
to explore, and where to focus supervision. Then, we realize
this behavior is naturally suitalbe for semi-supervised learn-
ing by providing a principled basis for sample selection.
Existing semi-supervised methods such as FixMatch (Sohn
et al. 2020) adopt fixed confidence thresholds to generate
pseudo-labels, and CGMatch (Cheng et al. 2025) improves
upon this by incorporating historical label consistency. De-
spite their strengths, these methods still depend on fixed
rules or outdated feedback, making them slow to adapt to
the model’s evolving uncertainty during training, as illus-
trated in Fig. 1b.

Inspired by these insights, we propose Cognitive-Aware
Behavior-Informed learNing (CABIN), a semi-supervised
framework that positions uncertainty as an active driver of
both data selection and behavior correction. CABIN estab-
lishes a closed-loop learning process of perception, action,
and correction, where the model learns to perceive sam-
ple uncertainty, take informed sampling actions, and itera-
tively correct its own supervision. This loop is anchored by
the Uncertainty-Guided Dual Sampling Strategy (UGDSS),
which dynamically balances the exploration of uncertain
feature regions and the reinforcement of confident predic-
tions. It encourages the model to discover complex pat-
terns while maintaining stability through reliable supervi-
sion. To further address the issue of unreliable supervision,
CABIN introduces a novel criterion, the Uncertainty-Gap
metric (UGα), that quantifies the discrepancy between be-
havioral confidence and epistemic evidence. Based on UGα,
we develop the Fine-Grained Dynamic Assignment Strategy
(FDAS), which categorizes pseudo-labeled data into reli-
able, ambiguous, and noisy subsets, applying targeted train-
ing objectives accordingly. This fine-grained supervision en-
hances robustness under class imbalance, sparse labels, and
distribution shifts. Experimental results demonstrate that in-
tegrating CABIN into state-of-the-art methods enables them
to achieve superior performance under semi-supervised set-
tings (using only half of the original training labels) with
virtually no additional computational costs.

Our contributions can be summarized as follows:
• We revisit low-supervision hyperspectral classification

and find that confidence alone cannot reliably guide
learning. To tackle this, we propose CABIN, an
uncertainty-guided framework forming a closed loop of
perception, action, and correction.

• We propose UGDSS, a dual sampling strategy that lever-
ages epistemic uncertainty to balance the exploration
of ambiguous regions and the exploitation of reliable
pseudo-labels.

• We introduce FDAS, a dynamic assignment mechanism
that uses the Uncertainty-Gap metric to correct pseudo-
label noise through fine-grained supervision.

• Experiments confirm that CABIN, as a model-agnostic
and plug-and-play strategy, can significantly improve the
performance of various state-of-the-art methods under
semi-supervised settings, even with as little as 75% of
the original annotations.

Method
Framework Overview
In this section, we revisit the cognitive mechanism of EDL,
and propose a novel framework CABIN which explicitly
models a cognitive loop of perception, action, and correc-
tion to address the core challenge identified in this work:
confidence is not enough for reliable decision making in HSI
classification. The full pipeline is illustrated in Fig. 2.

Given a sample i, let ei = f(xi | Θ) represent the non-
negative evidence vector predicted by the model with param-
eters Θ and features xi. The corresponding Dirichlet distri-
bution is parameterized as αi = ei + 1, with total evidence
Si =

∑K
k=1 αi,k. The estimated class probabilities are com-

puted as the mean of the Dirichlet distribution: p̂i = αi/Si.
The epistemic uncertainty is denoted as ui = K/Si. This
perceived uncertainty then guides the model to act through
our UGDSS module. UGDSS partitions the candidate setDt

based on an adaptive epistemic threshold:

Dhc,Dqu = UGDSS(Dt, {ui}i∈Dt
), (1)

where Dhc comprises high uncertain samples for critical
learning, and Dqu includes reliable samples to maintain sta-
bility. To enhance the representation of Dau, UGDSS inte-
grates two internal components: (i) Diverse-Representative
Query Selection (DRQS) refinesDhc via feature-space clus-
tering: Dau = DRQS(Dhc). (ii) Gaussian Feature Pertur-
bation (GFP) generates local variants of selected samples
by injecting uncertainty-scaled noise in the feature space:
D̂aug = GFP(Dau). Given the potential noise in the pseudo-
labeled set Dqu, we introduce Fine-Grained Dynamic As-
signment Strategy (FDAS), which jointly considers softmax
confidence and evidential separation to categorize:

Dre,Dam,Dno = FDAS(Dqu), (2)

where Dre contains reliable pseudo-labels, Dam includes
ambiguous ones, and Dno is discarded.

The final training objective integrates all confident su-
pervision sources. For labeled and highly reliable pseudo-
labeled samples, we adopt the EDL loss:

L(i)
EDL =

K∑
j=1

yi,j (log(Si)− log(αi,j)) , (3)

where yi ∈ {0, 1}K is the one-hot supervision vector.
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Figure 2: An overview of the proposed CABIN framework, designed to address the challenge that “confidence is not enough”
for HSI classification. CABIN establishes a closed-loop process of perception, action and correction: the model first perceives
sample uncertainty using EDL, then acts by selecting key samples via UDGSS, and finally corrects cognitive-behavioral gaps by
dynamically assessing pseudo-label reliability with FDAS. This process enables more robust learning under limited supervision.

For ambiguous pseudo-labeled samples, we apply the
noise-robust Generalized Cross Entropy (GCE) loss (Zhang
and Sabuncu 2018):

L(i)
GCE =

1− (p̂i,y)
q

q
,

p̂i,y =
αi,y

Si
,

(4)

where y is the pseudo-label index for sample i, and the hy-
perparameter q ∈ (0, 1] is set to 0.7 following (Zhang and
Sabuncu 2018).

The total training objective is:

L = LEDL(DL ∪ D̂aug) + λrLEDL(Dre) + λaLGCE(Dam), (5)

where λr and λa are balancing weights, both set to 0.3.

Uncertainty-Guided Dual-Sampling Strategy
Building upon EDL, we propose UGDSS (in Fig. 3) which
partitions the candidate set Dt into two subsets for targeted
exploration and exploitation. Since EDL-based uncertainty
estimation is particularly sensitive to disturbances, which
may lead to a misleading sampling process especially un-
der sparse data conditions, we adopt a test-time augmenta-
tion method (Nalepa, Myller, and Kawulok 2020), generat-
ing K spectral-spatial variants of each xi through k-th ran-
dom transforms Tk, and averaging their EDL outputs:

ûi =
1

K

K∑
k=1

u(Tk(xi)). (6)

Adaptive Thresholding. The estimated uncertainty val-
ues {ûi}Ni=1 exhibit a heterogeneous distribution, reflecting
epistemic diversity across the feature space. However, us-
ing a static cutoff (e.g., fixed percentile) may introduce mis-
aligned partitions due to the early-stage model’s prediction
noise and instability.

To this end, we introduce a histogram-based adaptive
thresholding strategy within the UGDSS module. Specifi-
cally, we sort ûi in ascending order to form a histogram den-
sity distribution h[n] with N bins. The adaptive threshold
Tu ∈ R is set as the first local minimum satisfying:

Tu = min
{
h[n]

∣∣∆h[n] < δ, ∆2h[n] < 0
}
, (7)

where ∆h[n] = h[n+1] − h[n] and ∆2h[n] = ∆h[n+1] −
∆h[n] denote the first- and second-order discrete differ-
ences. The tolerance δ avoids unstable extrema.

This adaptive threshold Tu is then used to divide
the current candidate set Dt into two subsets: Dhc =
{i ∈ Dt | ûi ≥ Tu} , Dqu = Dt \ Dhc. This enables
UGDSS to adaptively partition samples based on current un-
certainty distribution, facilitating the robust selection of both
uncertain and reliable samples.

Diverse-Representative Query Selection. To further re-
fine the high-uncertainty candidate set Dhc obtained via
UGDSS, we propose DRQS strategy to eliminate sample re-
dundancy and enhance selection diversity.

Specifically, for each candidate sample i ∈ Dhc, we
extract its semantic embedding f̄i from the final feature
layer of the model Φ, which captures high-level discrimina-
tive information prior to classification. We then perform K-
means++ (Arthur and Vassilvitskii 2007) clustering over the
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Figure 3: Schematic of the UGDSS module, which leverages epistemic uncertainty to orchestrate a dual-path selection strategy
balancing exploration and exploitation. The exploration path combines DRQS and GFP to actively probe the model’s knowledge
gaps, whereas the exploitation path selects confident samples for reliable pseudo-labeling.

embedding set {f̄i} and partition it into M clusters, where
M is the predefined query budget. From each cluster, the
sample closest to the centroid is selected to form the final
query set Dau:

Dau =
M⋃
k=1

{
arg min

i∈Dhc

∥∥f̄i − Ck

∥∥
2

}
, (8)

where Ck denotes the centroid of the k-th cluster, and ∥ · ∥2
represents the Euclidean distance.

Uncertainty-Guided Gaussian Feature Perturbation.
To enhance the model’s robustness in highly uncertain re-
gions, we introduce an uncertainty-guided Gaussian pertur-
bation module that promotes feature-level exploration. The
core idea is to make the perturbation strength proportional to
the model’s uncertainty. For each sample i ∈ Dau, we first
compute its perturbation scale λi by linearly mapping the
normalized epistemic uncertainty ûi ∈ [0, 1] to a predefined
range [λmin, λmax]:

λi = λmin + (λmax − λmin) · ûi. (9)

This ensures that higher uncertainty yields stronger per-
turbations. We then generate a perturbed feature representa-
tion by injecting Gaussian noise scaled by λi. The noise is
sampled from a weighted mixture of local and global statis-
tics over Dau. To maintain spectral fidelity and prevent un-
realistic distortions, all perturbed values are clamped to their
original dynamic range. This feature-space augmentation
strategy, inspired by methods like Manifold Mixup (Verma
et al. 2019) and CutMix (Yun et al. 2019), encourages the
model to learn more invariant features. The resulting aug-
mented set, denoted as D̂aug , is then used for retraining.

Fine-Grained Dynamic Assignment Strategy
Existing methods like CGMatch (Cheng et al. 2025) iden-
tify ambiguous samples by tracking historical pseudo-label
distributions using the Count-Gap metric. However, this
method incurs delayed responses, high computational cost,
and poorly reflects the model’s current confidence. To
address these limitations, we propose a cognitive-driven
pseudo-label selection framework named FDAS. By jointly

leveraging the behavioral confidence and internal evidential
cues, FDAS enables a dynamic separation of the pseudo-
labeled set Dpu.

Specifically, behavioral confidence is denoted as the max-
imum classification probability ci = max(p̂i), where p̂i

denotes the predicted class distribution for sample i ∈
Dpu. To capture the model’s discriminative certainty from
a cognitive perspective, we introduce the Uncertainty-Gap
(UGα) based on EDL. Given the evidence vector αi =
(αi1, . . . , αiK) for a K-class sample xi, we apply an Expo-
nential Moving Average (EMA) to obtain a smoothed vector
ᾱi, thereby mitigating fluctuations from single-batch esti-
mations:

ᾱi ← m · ᾱi + (1−m) ·αi, (10)
where m ∈ [0, 1) is the momentum coefficient. The UG
is then computed using this smoothed evidence: UGα

i =
maxk(ᾱik) − second maxk(ᾱik), which quantifies the evi-
dential margin between the most and second-most supported
classes.

Based on this stable metric, we partition the pseudo-
labeled set Dpu into three disjoint subsets using dynamic
thresholds for confidence (τc) and evidence (τe):

Dre = {xi ∈ Dpu | ci ≥ τc & UGα
i ≥ τe} ,

Dno = {xi ∈ Dpu | ci < τc & UGα
i < τe} ,

Dam = Dpu \ (Dre ∪ Dno),

(11)

where Dre, Dno, and Dam correspond to the reliable, noisy,
and ambiguous sets, respectively. This three-way partition-
ing allows for tailored learning strategies for each subset.
Moreover, both thresholds τc and τe are also dynamically
updated using EMA over their respective batch-wise statis-
tics (i.e., the average confidence and the average uncertainty
gap), allowing the model to adapt to its evolving confidence.

Experiments
Datsets and Evaluation Metrics
We conduct experiments on five widely used hyperspectral
datasets, including Indian Pines, Salinas, Pavia University,
WHU-Hi-HongHu, and WHU-Hi-LongKou (Zhong et al.
2020). These datasets vary in spatial resolution, spectral
range, and scene complexity, covering agricultural, urban,
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CNN-based Transformer-based

Class No. SVM 2DCNN 3DCNN ReS2 CABIN CLOLN CABIN SSFTT CABIN GSC-ViT CABIN

1 19.76 65.63 75.12 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
2 71.60 63.44 70.40 48.63 68.08 64.91 77.95 88.04 85.23 59.08 86.17
3 41.90 60.25 68.43 71.14 76.96 61.01 74.30 80.13 82.28 82.91 76.20
4 79.81 41.11 69.73 99.49 100.00 91.37 100.00 95.94 100.00 100.00 96.45
5 25.35 87.05 77.16 88.26 96.16 90.97 91.87 87.58 93.45 84.88 94.58
6 86.30 97.21 85.70 95.0 98.12 95.65 95.94 96.52 94.93 91.01 99.13
7 34.00 89.47 70.63 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
8 95.12 96.66 90.21 100.00 100.00 100.00 100.00 100.00 100.00 100.00 96.12
9 44.44 32.26 68.20 100 100.00 100.00 100.00 100.00 100.00 100.00 100.00
10 52.75 73.84 75.48 62.98 96.35 90.56 83.05 75.86 92.49 91.20 89.06
11 87.19 84.36 78.57 81.16 81.99 80.79 79.38 85.05 87.00 84.43 78.88
12 42.78 42.89 65.23 83.54 83.73 88.79 66.00 74.14 77.22 80.83 89.69
13 92.39 98.58 90.17 100.00 100.00 100.00 99.39 100 100.00 99.39 100.00
14 96.84 94.02 94.65 98.04 99.92 98.12 95.84 94.37 97.88 95.18 91.10
15 63.40 42.65 64.89 95.38 99.42 96.23 97.69 99.71 97.40 92.49 99.42
16 90.36 92.19 93.07 100.00 100.00 98.11 100.00 100.00 100.00 100.00 96.23

OA(%) 72.51 76.39 78.28 79.70 87.39 83.77 84.69 87.35 90.08 84.64 87.40
+7.69 +0.92 +2.73 +2.76

AA(%) 65.50 72.18 76.94 88.98 93.80 90.34 91.22 93.65 94.20 91.33 93.31
+4.82 +0.88 +0.55 +1.98

κ× 100 68.22 72.85 75.46 76.71 85.68 81.40 82.60 85.48 88.66 82.49 85.60
+8.97 +1.20 +3.18 +3.11

Table 1: Comparison of classification and overall performance on the Indian Pines dataset across different methods. For other
methods, 20 samples per class (320 total) are used, while CABIN uses only 240 samples. CABIN results are highlighted in light
gray. Red font indicates performance degradation, while Green font indicates improvement. The best results for both per-class
accuracy and overall metrics, comparing CABIN and non-CABIN methods, are shown in bold.

Module Indian Pines Salinas

UGDSS FADS OA AA κ OA AA κ
(%) (%) ×100 (%) (%) ×100

× × 87.35 93.65 85.48 96.00 98.27 95.55
✓ × 89.80 93.46 88.30 97.21 98.97 96.89
× ✓ 88.87 93.66 87.27 96.46 98.58 96.06
✓ ✓ 90.08 94.20 88.66 97.51 98.90 97.23

Table 2: Module-wise ablation study of CABIN on Indian
Pines and Salinas datasets under the SSFTT baseline.

and UAV-based remote sensing scenarios. Overall, they pro-
vide a comprehensive benchmark for evaluating robust hy-
perspectral classification methods.

Based on the above datasets, we evaluate the performance
of our method using several standard classification metrics,
including Overall Accuracy (OA), Average Accuracy (AA),
and Cohen’s Kappa Coefficient (Cohen 1960) (κ).

Comparative Experiments
To validate the effectiveness, we integrate CABIN into
four existing state-of-the-art methods, including CNN-based
(ReS2 (Meng et al. 2022), CLOLN (Li et al. 2024))
and Transformer-based (SSFTT (Sun et al. 2022), GSC-
ViT (Zhao et al. 2024)). In addition, three representative
baseline methods are included for comprehensive compar-

ison. Model architectures follow the original implementa-
tions to ensure fair comparison, while training hyperparam-
eters are adjusted to fit our experimental setup.

Overall, CABIN delivers substantial performance gains
across nearly all models and datasets. Especially on In-
dian Pines (Table 1), it improves ReS2’s OA by a remark-
able +7.69% and SSFTT’s κ by +3.18. These superior per-
formances are achieved with 25% fewer labeled samples,
highlighting CABIN’s exceptional sample efficiency. Class-
wise accuracy further reveals that improvements mainly
concentrate on classes where the original models strug-
gle. Similar trends of robustness hold on the other four
datasets (Table 3), e.g., a +2.44% OA boost for CLOLN on
HongHu. Despite some minor trade-offs, e.g., SSFTT’s AA
on PaviaU, the general results confirm CABIN’s ability to
elevate performance and label-efficiency of existing super-
vised HSI classifiers. Results consistently demonstrate that
CABIN is effective, model-agnostic and plug-and-play.

Ablation Study
In this section, we conduct additional experiments to gain
a deeper insights into how CABIN guides model learning
more accurately and efficiently.

Evaluation of Overall Effectiveness. To evaluate the con-
tribution of each module in CABIN, we perform an abla-
tion study by selectively enabling UDGSS and FDAS across
two datasets. As shown in Table 2, UGDSS alone boosts the
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CNN-based Transformer-based

Datasets Metrics SVM 2DCNN 3DCNN ReS2 CABIN CLOLN CABIN SSFTT CABIN GSC-ViT CABIN

Salinas

OA(%) 85.44 86.60 89.70 94.78 95.84 91.27 93.19 96.00 97.51 95.05 96.52
+1.06 +1.92 +1.51 +1.47

AA(%) 90.31 92.89 94.88 98.07 98.32 96.20 96.50 98.27 98.90 98.03 98.21
+0.25 +0.3 +0.63 +0.18

κ× 100 83.85 85.10 84.41 94.21 95.37 90.33 92.44 95.55 97.23 94.50 96.13
+1.16 +2.11 +1.68 +1.63

PaviaU

OA(%) 76.60 77.63 87.52 90.71 93.14 95.55 96.71 91.88 93.75 93.03 94.95
+2.43 +1.16 +1.87 +1.92

AA(%) 83.57 81.62 90.22 92.68 94.08 95.45 96.53 93.77 92.85 94.05 95.77
+1.4 +1.08 -0.92 +1.72

κ× 100 70.39 71.15 84.41 87.88 90.99 94.12 95.64 89.35 91.70 90.76 93.35
+3.11 +1.52 +2.35 +2.59

Longkou

OA(%) 87.81 89.27 91.51 95.99 96.73 96.87 97.89 97.22 98.31 98.09 98.64
+0.74 +1.02 +1.09 +0.55

AA(%) 84.55 86.09 93.44 96.60 95.55 96.90 97.71 96.83 97.23 97.43 97.74
-1.05 +0.81 +0.4 +0.31

κ× 100 84.39 86.23 90.41 94.80 95.74 95.93 97.32 96.37 97.78 97.49 98.22
+0.94 +1.39 +1.41 +0.73

HongHu

OA(%) 77.49 79.23 81.66 87.82 88.32 88.47 90.91 87.68 88.75 91.52 92.01
+0.5 +2.44 +1.07 +0.49

AA(%) 76.87 76.10 78.32 87.34 88.72 87.15 89.98 85.56 89.36 89.96 89.14
+1.38 +2.83 +3.8 -0.82

κ× 100 72.73 74.55 77.42 84.82 86.76 85.03 86.45 84.54 85.95 89.36 89.89
+1.94 +1.42 +1.41 +0.53

Table 3: Comparison of different types of methods on the Pavia University, WHU-Hi-Longkou, and WHU-Hi-HongHu datasets.

OA from 87.35% to 89.80%, while FDAS alone raises it to
88.87% on Indian Pines, which confirms that adding either
module individually can lead to notable gains. Moreover,
when we integrate UGDSS and FDAS, CABIN can achieves
an OA of 90.08% and a κ of 88.66 on Indian Pines, outper-
forming all other variants. The similar trend of robustness
holds on Salinas. These results demonstrate that UGDSS and
FDAS are not only effective individually, but also comple-
mentary components that can be combined to fully realize
the potential of our framework.

Diversification Capability of DRQS. To compare the dif-
ferences between the sampling strategies, we visualize the
corresponding sampling results and overlay them on the un-
certainty map generated by the model. The random sam-
pling strategy (marked by red crosses) may over-select re-
gions where the model has learned well. In contrast, the
purely uncertainty-based method (marked by green circles)
in Fig. 4a) shifts the focus to the critical high-uncertainty
boundary regions. However, due to the strong spatial cor-
relation of the HSI data, this strategy is prone to form
dense and redundant sampling clusters in local regions (as
shown in the enlarged illustration), resulting in diminishing
learning returns. In Fig. 4b, the samples selected by DRQS
(marked by green circles) are more spatially dispersed while
still covering key uncertainty regions, thus capturing richer
and more diverse information. This phenomenon shows that
DRQS effectively reduces spatial redundancy on the basis of
retaining the discriminant regions, thereby achieving a more

diverse sample selection capability.

Efficiency Enhancement under Annotation Constraints.
To evaluate the annotation efficiency of our selection strat-
egy, we conduct an ablation study under different annotation
ratios. For the Indian Pines and Salinas datasets, the baseline
method randomly selects 20 samples from each class (320
in total) for training. Our method first uses 10 samples from
each class (160 in total) for EDL pre-training, and the re-
maining 160 samples constitute the selection pool (i.e., the
row with 100% ratio in the Table 4). According to the re-
sults, our method achieves peak performance with only 50%
of the annotations. This demonstrates the high annotation
efficiency of our strategy. By focusing on informative and
diverse samples, the strategy can capture sufficient training
signals without exhaustive annotations. When we increase
the ratio to 75% or 100%, the performance degrades, sug-
gesting that excessive annotation may introduce redundant
or noisy supervision. These findings confirm the effective-
ness of our strategy in real-world scenarios with limited an-
notation resources.

Feature Enhancement Capability of GFP. To further
explore the mechanism of GFP, we conduct more experi-
ments for qualitative and quantitative analysis. In Figure 5,
the qualitative visualization shows the features of enhanced
samples generated around the original samples. The feature
distribution of these enhanced samples does not exceed the
category boundary, further strengthening the feature consis-
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Figure 4: Left: Comparison of sampling strategies. (a) uses only dynamic thresholding, whereas (b) applies DRQS for diverse
and non-redundant selection in feature space. Green circles: selected samples; red crosses: initial labeled samples. Right: Evo-
lution of UG’s ability to discriminate sample difficulty throughout training.

Indian Pines Salinas

Ratio OA AA κ OA AA κ
(%) (%) ×100 (%) (%) ×100

0% 78.92 89.08 75.74 94.76 98.00 95.28
25% 85.81 91.85 83.78 96.62 98.72 96.24
50% 90.08 94.20 88.66 97.51 98.90 97.23
75% 89.01 94.47 88.43 96.85 98.73 96.50

100% 89.15 93.58 87.58 97.11 98.89 96.79

Number OA AA κ OA AA κ
(%) (%) ×100 (%) (%) ×100

1 89.00 93.24 87.32 96.22 98.51 95.80
2 89.45 93.75 87.91 96.96 98.73 96.61
3 89.85 93.61 88.35 97.14 98.68 96.82
4 89.81 94.07 88.35 97.51 98.90 97.23
5 90.22 93.76 88.75 96.84 98.58 96.48
6 90.08 94.20 88.66 96.22 98.44 95.80
7 89.06 93.72 87.48 96.26 98.31 95.84

Table 4: Performance under different annotation ratios and
augmentation numbers.

tency and intra-class compactness between samples of the
same label. Quantitatively, Table 4 shows the impact of dif-
ferent numbers of enhanced samples on model performance.
According to the results, although OA and κ perform better
when the number is set to 5 on the Indian Pines dataset, the
overall balance is better when the number is set to 6. On the
Salinas dataset, the performance peaks when the number is
set to 4. These findings confirm that moderate feature per-
turbation helps improve the robustness of the model, while
too much may introduce noise, resulting in ambiguous deci-
sion boundary and decreased performance. By these experi-
ments, the effectiveness of the GFP module and the impor-
tance of controlling the intensity of feature space perturba-
tion on the enhancement effect can be verified.

Discriminative Power of UGα across Training Epochs.
We track the evolution of UGα’s discriminative capacity
over training in Fig. 4c. Early on, both softmax confidence
and UGα fail to separate samples by difficulty due to imma-
ture representations. As training proceeds, confidence val-

Figure 5: t-SNE projection of the original and augmented
samples in feature space. Each color represents a semantic
class. Light-colored points indicate original samples; dark
points with outlines are selected samples; dark points with-
out outlines are generated samples. Light and dark tones of
the same color correspond to the same class.

ues saturate near 1.0, making them unreliable for identify-
ing ambiguous or noisy cases. In contrast, UGα gradually
sharpens its separation: by Epoch 50, easy samples start
to emerge, and by Epoch 99, a clear boundary forms be-
tween high-UG (reliable) and low-UG (ambiguous/noisy)
instances even under uniformly high confidence. This dy-
namic reveals UG’s growing ability to structure the sample
space meaningfully, enabling reliable group-aware training.

Conclusion
In this paper, we revisit the performance bottleneck in semi-
supervised hyperspectral classification, tracing it to confir-
mation bias induced by over-reliance on confidence and
neglect of uncertainty. From a cognitive-behavioral con-
sistency perspective, we interpret this as a mismatch be-
tween model perception and decision-making. To address
it, we introduce CABIN, a model-agnostic framework that
closes the loop of perception, action, and correction through
uncertainty-guided learning. Experiments show that CABIN
consistently improves generalization and label efficiency
across diverse baselines.
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