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Hyperspectral open-set recognition guided by frequency domain knowledge

Ma Shuai, He Jinrong

School of Mathematics and Computer Science ,Yan‘an University , Yan’ an, 716000, China

Abstract: Objective Hyperspectral image (HSI) classification is an important task in remote sensing image interpretation
because HSI data contain continuous spectral responses that are useful for fine-grained land-cover recognition. Existing
deep learning methods, especially convolutional neural networks (CNNs) , have achieved high classification accuracy
under the closed-set assumption. However, this assumption requires that all test classes have been observed during train-
ing, which is often inconsistent with real remote sensing applications. In large-scale and dynamic scenes, a trained model
may encounter undefined or newly emerging land-cover categories. Conventional closed-set classifiers usually force such
unknown samples into one of the known classes and may produce overconfident predictions. In addition, HSI data are
affected by illumination variation, atmospheric scattering, sensor noise, and mixed pixels, resulting in the phenomena of
same material with different spectra and different materials with similar spectra. These factors make hyperspectral open-set

recognition (OSR) more challenging than ordinary closed-sel classification. To address these problems, this paper pro-

W4 B :2026-05-07; £ [2] B #3: 2026-06-30

BEWA : FK A KRR RE A S5 :62366053) s L RFHH0 AR SR ATHH I BT H (0 A 45 - YS)2026018)

Supported by: National Natural Science Foundation of China (Grant No. 62366053) ; Yan’ an University Graduate Practice Innovation Program
(Grant No. YSJ2026018)

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

poses a frequency knowledge-guided contrastive learning method, called FKCL, for hyperspectral open-set recognition.
The main purpose is to improve the rejection ability for unknown land-cover classes while maintaining reliable classification
performance for known classes. Method The proposed FKCL framework integrates data-driven spatial-spectral representa-
tion learning with frequency-domain physical prior knowledge. The whole network consists of two collaborative branches:.
The first branch is a spatial-spectral feature extraction branch based on a 3D-2D hybrid convolutional neural network. It
uses 3D convolution to capture local spectral correlations and then uses 2D convolution to extract spatial contextual informa-
tion from hyperspectral image patches. The extracted high-level representation is projected into a compact feature space,
where class-wise metric learning is performed. The second branch is a frequency-domain physical attribute extraction
branch. Instead of using the average spectrum of the whole patch, this branch uses the central pixel spectrum because the
category label of a hyperspectral patch usually corresponds to the central pixel. The central spectral sequence is trans-
formed into the frequency domain by real fast Fourier transform (RFFT), and its magnitude spectrum is used to describe
the frequency fluctuation pattern of the ground object. This design preserves the correspondence between the original spec-
tral reflectance curve and its physical frequency representation, and avoids the interference caused by heterogeneous neigh-
boring pixels. To obtain stable class-level frequency representations, an exponential moving average (EMA) mechanism is
introduced to update the frequency prototype of each known class during training. The EMA update reduces prototype fluc-
tuation caused by small-batch sampling and gradually accumulates the stable frequency pattern of each known category.
For feature-space discrimination, the class anchor clustering (CAC) loss is adopted. The anchor loss pulls samples toward
their corresponding class anchors, whereas the tuplet loss pushes samples away from non-corresponding anchors, thereby
improving intra-class compactness and inter-class separability. During inference, FKCL uses a dual-distance decision strat-
egy. The semantic feature distance and the frequency-domain prototype distance are fused by a frequency weight selected
on the validation set, and the open-set rejection threshold is also determined on the validation set. The test set is used-only
for final evaluation, so no test information is involved in threshold selection. Result Experiments were conducted on three
public HSI benchmark datasets, namely WHU-Hi-LongKou, Pavia University, and Salinas. A class-holdout protocol was
adopted to construct pseudo-unknown classes. In this protocol, selected categories are completely removed from training
and appear only during validation and testing for unknown rejection evaluation. For WHU-Hi-LongKou, the Mixed weed
class was held out as the pseudo-unknown class. For Pavia University, the Shadows class was held out. For Salinas,
Stubble, Lettuce_romaine 6wk, Lettuce_romaine_7wk, Vinyard_untrained, and Vinyard_vertical_trellis were treated as
pseudo-unknown classes. The proposed FKCL method was compared with six representative closed-set and open-set meth-
ods, including DBDA, SSFTT, CACL, SSMTL, HyperCASR, and SS-MTr. The evaluation metrics included overall accu-
racy (OA), average accuracy (AA), Kappa coefficient, area under the receiver operating characteristic curve (AUROC) ,
and unknown class accuracy. Experimental results show that FKCL achieves a better balance between known-class classifi-
cation and unknown-class rejection. On WHU-Hi-LongKou, FKCL achieved an OA of 92. 38%, an AA of 92. 58%, and a
Kappa coefficient of 90. 08%, while its unknown class accuracy reached 25. 20%, which was higher than most deep closed-
set comparison models. On Pavia University, FKCL achieved an OA of 92. 02%, an AA of 89. 13%, a Kappa coefficient of
89. 48%, an AUROC of 99. 96%, and an unknown class accuracy of 100. 00%, indicating that the frequency-guided dual-
distance strategy can effectively identify the held-out Shadows class. On Salinas, the proposed method maintained high
classification performance for known classes, but the rejection of pseudo-unknown samples remained more difficult because
several unknown classes had very high spectral similarity to known classes. This result indicates that the open-set difficulty
is closely related to the physical and spectral separability between known and unknown categories. The ablation analysis
further shows that the frequency-domain branch, frequency prototype learning, and dual-distance decision mechanism con-
tribute to the improvement of open-set detection performance. In particular, removing the frequency prototype EMA weak-
ens unknown rejection, demonstrating that stable frequency prototypes are important for modeling class-level physical attri-
butes. Conclusion The proposed FKCL method introduces frequency-domain knowledge into hyperspectral open-set recog-
nition and constructs a collaborative framework that combines deep spatial-spectral features with physical spectral priors.
Compared with single-branch data-driven models, FKCL uses RFFT-based frequency representations and EMA-updated

frequency prototypes to provide complementary information for distinguishing spectrally similar but physically different
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land-cover categories. The CAC-based metric learning module constructs a compact and separable feature space for known

classes, and the dual-distance decision strategy further improves the ability to reject samples outside the known-class distri-

bution. Under the class-holdout pseudo-unknown evaluation protocol, FKCL reduces the overconfidence problem of con-

ventional deep models and improves the discrimination of unseen categories. Nevertheless, when unknown classes are

extremely similar to known classes in both the original spectral domain and the frequency domain, open-set rejection

remains challenging. Future work will focus on adaptive frequency-weight learning, more realistic open-world remote sens-

ing scenarios, cross-region generalization, dynamic newly emerging categories, and open-set recognition with multimodal

remote sensing data.

Key words: hyperspectral image; open-set recognition; frequency domain guidance; class anchor clustering; spatial-

spectral fusion; dual-branch architecture
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Fig. 3 Schematic diagram of class anchor clustering and metric

mechanism
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A 3 ffi § WHU-Hi-LongKou , Pavia University
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K 4 WHU-Hi-LongKou RN . BRI open-set igNe
g1, %8 9 2K Mixed weed # B4 HBAE N pseudo-unknown,
Fig. 4 Overview of WHU-Hi-LongKou dataset. In the default
open-set protocol, class 9 Mixed weed is held out as pseudo-
unknown ( (a) False-color image; (b) Ground-truth map; (e)

Class legend )
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Unknown
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(a) PRI (b)

Bl'5  Pavia University ZUPEHEHEYE . BRIA open-set PHH,
% 9 25 Shadows #%88 HAE M pseudo-unknown,
Fig. 5 Overview of Pavia University dataset. In the default
open-set protocol, class 9 Shadows is held out as pseudo-
unknown ((a) False-color image; (b) Ground-truth map; (¢)

Class legend )

B 6 Salinas #{#EEMLE ., EXIA open—set tHILH, 58 6,13,
14.15.16 F# B H1E4 pseudo—unknown,
Fig. 6 Overview of Salinas dataset. In the default open—
set protocol, classes 6, 13, 14, 15, and 16 are held out as
pseudo—unknown ( (a) False—color image; (b) Ground-

truth map; (c) Class legend)
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(a) GT (b) DBDA (¢) CACL (d) SSFTT

(e) SS-MTr (f) SSMTL (h) FKCL

(g) Hyper-
CASR

K7 A7 WHU-Hi-LongKou BUHRAE | 432545
Xf e
Fig. 7 Comparison of classification results by different methods
on WHU-Hi-LongKou dataset ((a)GT;(b)DBDA; (¢)CACL;
(d)SSFTT; (e)SS-MTr; (f)SSMTL; (g) HyperCASR 5 (h)FKCL)

(b) DBDA  (¢) CACL (d) SSFIT

(h) FKCL

(e) SS- (f) (g)
MTr SSMTL HyperCASR

K8 AR iLAE Pavia University ZUH54E [ 0902545 %t L

Fig. 8 Comparison of classification results by different methods

on Pavia University dataset ( (a)GT;(b)DBDA; (¢)CACL; (d)
SSFTT; (e)SS-MTr; (f)SSMTL; (g) HyperCASR ; (h)FKCL)
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Table 3 Classification performance comparison of different methods on the WHU-Hi-LongKou dataset

Ei=LN CACL DBDA SSFTT SSMTL HyperCASR SS-MTr FKCL
Class 1 95.40+3.66 99.34 0.98 95.87+2.57 74.62+3.98 66.46+37.58 90.92+4.75 98.93+0.49
Class 2 93.49+3.64 79.64+19.76 99.10 0.60 32.31+5.97 70.24+34.64 88.86+2.80 98.20+1.49
Class 3 97.07 1.31 91.51+14.70 96.91+1.73 82.15+4.54 92.10+13.69 72.62+11.42 93.59+1.10
Class 4 71.15+£13.23 83.41+3.80 94.88 1.84 52.37+2.67 82.82+14.35 48.46+18.96 80.86+2.74
Class 5 93.03+13.04 63.34+31.83 79.25+23.34 71.96+3.34 54.51+45.56 7791£11.62 9721 1.26
Class 6 90.14+5.62 95.09+4.43 96.46 3.40 86.50+1.09 85.53+24.55 81.53+15.60 95.07+1.36
Class 7 97.23+£2.27 99.83+0.24 99.89+0.16 94.00+0.68 99.89+0.15 94.98+5.20 99.98 0.01
Class 8 72.87+20.97 82.33+6.89 8549 18.03 33.76+3.11 78.68+36.97 85.24+3.91 76.82+3.43
Unknown 30.40+10.44 10.57+2.85 4.21+1.89 78.58 6.42 0.07+0.14 0.03+0.03 25.20+5.19
OA 85.65+5.82 89.82+1.55 91.02+1.65 71.79+1.86 82.60+14.46 75.44+5.63 92.38 0.85
AA 82.31+4.79 78.34+4.01 83.56+4.92 67.36+1.50 70.03+19.34 71.17+2.42 92.58 0.76
Kappa 81.91+7.04 86.83+1.93 88.15+2.16 65.39+2.13 77.65+18.28 69.79+6.41 90.08 1.07
AUROC 86.39+2.46 90.80+1.91 91.89+2.83 0.00+0.00 79.21+14.86 47.79+5.07 88.95 1.32

T R A A B AT B A

*R4 FREFELE Pavia University 2B E 4> 2 MREXTEE

Table 4 Classification performance comparison of different methods on the Pavia University dataset

Ei= 7 CACL DBDA SSFTT SSMTL HyperCASR SS-MTr FKCL
Class 1 65.69+32.56 67.59+4.35 76.23+17.45 76.58+5.37 74.68+14.31  68.53+6.87 92.72 144
Class 2 64.84+17.93 90.63+8.03 92.81 8.37 91.94+2.80 88.85+8.68 63.86+8.60 92.65+5.64
Class 3 95.95 2.31 75.28+13.36 76.81+£26.17 68.43+5.10 72.73+38.12. 55.95+6.57 91.53+5.07
Class 4 95.68+2.40 96.28+1.01 97.93 1.08 76.05+2.94 89.33+10.12  76.74+11.90 95.54+1.70
Class 5 99.89+0.13 99.77+0.25 99.77+0.35 0.43+0.34 100.00 0.00  99.78+0.40 53.26+4.30
Class 6 78.67+12.53 75.78+13.70 79.31+21.26 80.62+2.58 89.84+17.47  77.42+8.90 93.78 1.28
Class 7 79.11+16.67 82.32+13.45 92.16+4.05 95.23+0.86 73.79+38.81  67.84+14.21 99.83 0.30
Class 8 42.63+28.09 60.51+10.93 80.10+17.95 50.60+3.04 84.72+17.03  58.63+13.36 93.75 2.28
Unknown 41.35+21.91 0.05+0.09 4.13+2.53 4.44+0.89 0.19+0.24 0.89+0.47 100.00 0.00
OA 69.42+7.98 80.39+2.65 85.37+7.56 77.67+2.35 83.58+11.20° 66.10+2.90 92.02 245
AA 73.76+2.81 72.02+1.47 77.69+8.71 60.48+1.87 74.90+£15.12  63.29+3.85 89.13 1.10
Kappa 62.75+8.51 74.26+3.12 80.65+10.20 71.10+2.84 78.78+14.47  57.67+3.36 89.48 3.09
AUROC 81.69+4.82 21.93+6.98 74.60+21.69 0.00+0.00 71.12+18.53  41.76+22.20 99.96 0.04

TE IO A AT e LM

B85 20 K SRR TR RS , AT A 208E 51 i
‘YRR SRR 5 R 22 R,
— A X BE B RS AR RE A B R
T Salinas Z(H5 45 Fl Longkou £ 45 1 HE#f 2R 43 1] 42

Tt 2 98. 77% F1 92. 38%. X # WA Z 4 %= [a] o iE
A7 U IR FE B8 R i, AF L B — AR 25 ) B o, RS AR
B B A

HE— 25 BRI R % EMA J5 , PaviaU 304 42
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B9 FRSAKREFH AT Salinas FIEE FHH LRI
AREFETE Salinas B E 55 FMEREXTEE

Fig. 9 Table SComparison of classification results by different methods on Salinas dataset ((a)GT; (b)DBDA; (¢) CACL;

(d)SSFTT; (e)SS—MTr; (f)SSMTL; (g) HyperCASR ; (h) FKCL) Classification performance comparison of different meth-

ods on the Salinas dataset

(g)HyperCASR

Table 5 Classification performance comparison of different methods on the Salinas dataset

£5 AFEFHiET Salinas #EE _FH oL EEEXTEE

e[ CACL DBDA SSFTT SSMTL HyperCASR SS-MTr FKCL
Class 1 98.28+1.69 99.99 0.02 99.99 0.02 93.03+1.59 99.85+0.14 78.08+24.35 99.84+0.31
Class 2 80.97+32.25 75.85+36.80 96.36+3.09 91.18+1.10 99.72+0.53 45.82+21.70 99.91 0.08
Class 3 75.82+24.05 85.82+10.26 33.41+24.52 78.33+3.80 99.66 042 42.36+26.34 99.11+1.69
Class 4 93.06+6.29 99.51+0.37 96.41+5.90 79.00+3.67 99.65+0.56 97.54+2.43 100.00 0.00
Class 5 94.31+2.94 96.74 2.80 79.21+38.18 74.48+1.89 96.33+4.41 89.97+3.51 93.57+3.72
Class 6 99.34+0.67 99.68+0.28 98.73+2.44 77.44+2.26 100.00 0.00 58.63+34.12 99.99+0.01
Class 7 96.70+1.23 96.34+1.56 96.59+0.83 77.01+1.01 98.74 1.20  91.41+5.44 98.13+0.96
Class 8 93.66+7.47 98.34+0.89 43.43+33.71 58.58+8.65 98.57+2.17 52.34+41.14  100.00 0.00
Class 9 73.07+34.20 85.05+£16.42 83.74+22.41 20.21+3.35 99.59 045 68.39x18.09 97.74+1.71
Class 10 37.88+37.76 87.42+13.85 94.85+6.57 36.99+7.07 99.27+0.64 95.38+4.99 99.96 0.08
Class 11 61.80+35.07  100.00 0.00 76.98+36.36 89.15+2.56 98.84+2.12 62.61+33.61  100.00 0.00
Unknown 18.17+8.86 1.97+1.10 1.23+1.10 61.78 1.12 0.26+0.26 5.26+1.84 18.39+0.89
0A 68.85+6.89 68.22+2.74 59.52+7.36 68.45+1.44 71.48+0.43 53.11+£9.27 98.77 0.56
AA 76.92+9.62 85.56+3.99 75.08+8.98 69.76+2.00 90.87+0.42 65.65+10.28 98.93 049
Kappa 63.91+8.05 64.27+3.03 54.54+8.09 61.39+1.88 67.74+0.49 45.89+11.16 98.56  0.65
AUROC 48.89+12.96 40.98+7.96 50.85+11.77 0.00+0.00 69.29+9.40 38.83+6.80 78.20 1.64
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Table 6 Hardest pseudo—unknown cases and frequency—domain similarity on three datasets

BEE (LB S ES BREIEE MK FREECE  AC HURARIXMIE
PaviaU Shadows Asphalt 0.9159 0.9513
LongKou Mixed weed Rice 0.9995 0.9993
Salinas Stubble Corn_senesced_green_weeds 0.9942 0.9959
Salinas Lettuce_romaine_6wk Corn_senesced_green_weeds 0.9907 0.9895
Salinas Lettuce_romaine_7wk Grapes_untrained 0.9968 0.9965
Salinas Vinyard_untrained Grapes_untrained 0.9997 0.9997
Salinas Vinyard_vertical_trellis Brocoli_green_weeds_2 0.9924 0.9942

*7 FKCLREIZEZAHIEE FHERMIEER
Table7 Results of the ablation study for the FKCL model

on three datasets

Method PaviaU Salinas LongKou
Eouiy 9202 245 98.77 0.56 92.38 0.85
LR HHBAER 90.01x1.14  76.34+0.67 92.32+0.74

ek =Jedik 57.07+16.73 71.11£1.09 82.60+1.53
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