2502.15163v1 [cs.CV] 21 Feb 2025

arxXiv

JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

HOpenCls: Training Hyperspectral Image Open-Set
Classifiers in Their Living Environments

Hengwei Zhao, Xinyu Wang, Zhuo Zheng, Jingtao Li, Yanfei Zhong

Abstract—Hyperspectral image (HSI) open-set classification is
critical for HSI classification models deployed in real-world envi-
ronments, where classifiers must simultaneously classify known
classes and reject unknown classes. Recent methods utilize auxil-
iary unknown classes data to improve classification performance.
However, the auxiliary unknown classes data is strongly assumed
to be completely separable from known classes and requires
labor-intensive annotation. To address this limitation, this paper
proposes a novel framework, HOpenCls, to leverage the unlabeled
wild data—that is the mixture of known and unknown classes.
Such wild data is abundant and can be collected freely during
deploying classifiers in their living environments. The key insight
is reformulating the open-set HSI classification with unlabeled
wild data as a positive-unlabeled (PU) learning problem. Specif-
ically, the multi-label strategy is introduced to bridge the PU
learning and open-set HSI classification, and then the proposed
gradient contraction and gradient expansion module to make this
PU learning problem tractable from the observation of abnormal
gradient weights associated with wild data. Extensive experiment
results demonstrate that incorporating wild data has the potential
to significantly enhance open-set HSI classification in complex
real-world scenarios.

Index Terms—Hyperspectral image classification, Open-set
classification, Positive-unlabeled learning.

I. INTRODUCTION

YPERSPECTRAL image (HSI) can record the spectral

characteristics of ground objects [1]]. As a key technol-
ogy of HSI processing, HSI classification is aimed at assigning
a unique category label to each pixel based on the spectral and
spatial characteristics of this pixel [2[|-[5]], which is widely
used in agriculture [6]], forest [7], city [8]], ocean [6] studies
and so on.

The existing HSI classifiers [2], [9]-[11] typically assume
the closed-set setting, where all HSI pixels are presumed
to belong to one of the known classes. However, due to
the practical limitations of field investigations across wide
geographical areas and the high annotation costs associated
with the limited availability of domain experts, it is inevitable
to have outliers in the vast study area [[12]|—[14]. These outliers
do not belong to any known classes and will be referred
as unknown classes hereafter. A classifier based on closed-
set assumption will misclassify the unknown class as one of
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Fig. 1. Comparison of classification results between closed-set based clas-
sifier and open-set based classifier for the University of Pavia dataset. The
dataset originally contains nine known land cover classes, however, significant
misclassifications occur in the unknown classes in closed-set based results. For
instance, these unknown buildings with red roofs are misclassified as Bare S.,
Meadows, and other known materials by closed-set based classifier [2]. Note
that there is a significant overlap in the distribution of spectral curves between
known and unknown classes in HSI datasets, which poses a major problem
to open-set HSI classification.

the known classes. For example, in the University of Pavia
HSI dataset (Fig. [T), objects such as vehicles, buildings with
red roofs, carports, and swimming pools are ignored from the
original annotations [|I2]. These objects are misclassified as
one of predefined known classes.

Open-set classification (Fig. [I), as a critical task for safely
deploying models in real-world scenarios, addresses the above
problem by accurately classifying known class samples and
rejecting unknown class outliers [12], [13]], [[15]. Moreover,
the recent advanced researches have explored training with an
auxiliary unknown classes dataset to regularize the classifiers
to produce lower confidence [[16], [[L17] or higher energies [[18§]]
on these unknown classes samples.

Despite its promise, there are some limitations when open-
set classification meets HSI. First, the limited number of
training samples, combined with significant spectral overlap
between known and unknown classes (see Fig. m) causes
the classifier to overfit on the training samples. Second, the
distribution of the auxiliary unknown classes dataset may not
align well with the distribution of real-world unknown classes,
potentially leading to the misclassification of the test-time
data. Finally, it is labor-intensive to ensure the collected extra
unknown classes dataset does not overlap with the known
classes.

To mitigate these limitations, this paper leverages unlabeled
“in-the-wild” hyperspectral data (referred to as “wild data”),
which can be collected freely during deploying HSI classifiers
in the open real-world environments, and has been largely
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neglected for open-set HSI classification purposes. Such data
is abundant, has a better match to the test-time distribution
than the collected auxiliary unknown classes dataset, and
does not require any annotation workloads. Moreover, the
information about unknown classes stored in the wild data
can be leveraged to promote the rejection of unknown classes
in the case of spectral overlap. While leveraging wild data
naturally suits open-set HSI classification, it also poses a
unique challenge: wild data is not pure and consists of both
known and unknown classes. This challenge originates from
the marginal distribution of wild data, which can be modeled
by the Huber contamination model [19]:

]P)wild = 7T]P>k + (1 - W)Pu, (1)

where P, and P, represent the distributions of known and
unknown classes, respectively. Here, 7 = 71+ - -+m¢, and 7,
refers to the probability (or class prior [20]) of the known class
¢ € [1,C] in Py;4. The known component of wild data acts
as noise, potentially disrupting the training process (further
analysis can be found in Section [ITI).

This paper aims to propose a novel framework—
HOpenCls—to effectively leverage wild data for open-
set HSI classification. Wild data is easily available as it’s
naturally generated during classifier deployment in real-
world environments. This framework can be regarded as
training open-set HSI classifiers in their living environ-
ments.

To handle the lack of “clean” unknown classes datasets,
the insight of this paper is to formulate a positive-unlabeled
(PU) learning problem [20], [21] in the rejection of unknown
classes: learning a binary classifier to classify positive (known)
and negative (unknown) classes only from positive and unla-
beled (wild) data. What’s more, the high intra-class variance
of positive class and the high class prior of positive class
are potential factors that limit the ability of PU learning
methods to address unknown class rejection task. To overcome
these limitations, the multi-label strategy is introduced to the
HOpenCls to decouple the original unknown classes rejection
task into multiple sub-PU learning tasks, where the c-th sub-
PU learning task is responsible for classifying the known
class ¢ against all other classes. Compared to the original
unknown classes rejection task, each sub-PU learning task
exhibits reduced intra-class variance and class prior in the
positive class.

Beyond the mathematical reformulation, a key contribution
of this paper is a novel PU learning method inspired by the
abnormal gradient weights found in wild data. First of all,
when the auxiliary unknown classes dataset is replaced by
the wild data, this paper demonstrates that the adverse effects
impeding the rejection of unknown classes originate from
the larger gradient weights associated with the component
of known classes in the wild data. Therefore, a gradient
contraction (Grad-C) module is designed to reduce the gradient
weights associated with all training wild data, and then, the
gradient weights of wild unknown samples are recovered by
the gradient expansion (Grad-E) module to enhance the fitting
capability of the classifier. Compared to other PU learning

methods [20], [22]-[24], the combination of Grad-C and Grad-
E modules provides the capability to reject unknown classes
in a class prior-free manner. Given the spectral overlap char-
acteristics in HSI, estimating class priors for each known class
is highly challenging [21], and the class prior-free PU learning
method is more suitable for open-set HSI classification.
Extensive experiments have been conducted to evaluate the
proposed HOpenCls. For thorough comparison, two groups of
methods are compared: (1) trained with only P, data, and
(2) trained with both P;, data and an additional dataset. The
experimental results demonstrate that the proposed framework
substantially enhances the classifier’s ability to reject unknown
classes, leading to a marked improvement in open-set HSI
classification performance. Taking the challenging WHU-Hi-
HongHu dataset as an example, HOpenCls boosts the overall
accuracy in open-set classification (Open OA) by 8.20% com-
pared to the strongest baseline, with significantly improving
the metric of unknown classes rejection (F1V) by 38.91%. The
key contributions of this paper can be summarized as follows:

1) This paper proposes a novel framework, HOpenCls, for
open-set HSI classification, designed to effectively lever-
age wild data. To the best of our knowledge, this paper
pioneers the exploration of PU learning for open-set HSI
classification.

2) The multi-PU head is designed to incorporate the multi-
label strategy into HOpenCls, decoupling the original
unknown classes rejection task into multiple sub-PU
learning tasks. As demonstrated in the experimental sec-
tion, the multi-PU strategy is crucial for bridging PU
learning with open-set HSI classification.

3) The Grad-C and Grad-E modules, derived from the
theoretical analysis of abnormal gradient weights, are
proposed for the rejection of unknown classes. The com-
bination of these modules forms a novel class prior-free
PU learning method.

4) Extensive comparisons and ablations are conducted
across: (1) a diverse range of datasets, and (2) varying
assumptions about the relationship between the auxil-
iary dataset distribution and the test-time distribution.
The proposed HOpenCls achieves state-of-the-art per-
formance, demonstrating significant improvements over
existing methods.

II. RELATED WORKS
A. Deep Learning Based HSI Classification

According to the different learning paradigms, deep
learning-based HSI classification approaches can be catego-
rized into patch-based methods and patch-free methods [2].
Patch-based methods focus on modeling local spectral-spatial
information mapping functions:

Py : RS 5R, 2

where a neural network is trained with patches of size Sx.S
extracted from the HSI imagery [25]—[27]. In contrast, patch-
free methods aim to capture global spectral-spatial information
mapping functions:

pr . RHXWXC*)RHXW’ (3)
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where H xW represents the spatial size of the HSI imagery
and C denotes the number of spectral bands [28[]-[30]. Due to
avoiding the utilization of patches, compared with patch-based
methods, the GFLOPs of patch-free methods significantly
decrease, and the inference time of patch-free methods has
significantly improved hundreds of times [2].

Most of the existing HSI classifiers are based on the closed-
set assumption, which is designed to classify known classes.
In contrast, this work focuses on open-set HSI classification,
which extends the capability of closed-set based HSI classifiers
to not only classify known classes but also reject unknown
classes.

B. Open-Set Classification

The objective of open-set classification is to simultane-
ously classify known classes and reject unknown classes [31]].
Compared to closed-set classification, open-set classification is
more challenging due to the incomplete supervision available
for rejecting unknown classes [32]. Therefore, this section
reviews open-set classification methods from the perspective
of unknown classes rejection.

A rich line of method focuses on designing scoring func-
tions for detecting unknown classes, such as the maximum pre-
dicted softmax probability (MSP) [33[], OpenMax [15], ODIN
score [34)], Energy score [18]], Entropy score [16], MaxLogit
score [35[], and KL Matching [35]. Recent researches have
demonstrated that reconstruction loss [[12], [13], [36] and
prototype distance [14]], [37]-[39]] can also serve as metrics
for rejecting unknown classes. However, these methods are
typically trained with known data, and this paper demonstrates
that a more robust open-set classifier can be achieved by
incorporating naturally occurring wild data from the real-world
environments, which can be collected freely.

Another line of research tries to reject unknown classes
by using regularization during training [[16[|-[18], [40], [41].
These methods typically require an auxiliary unknown classes
dataset that is disjoint from Pj. For example, models are
encouraged to produce lower confidence [16], [40] or higher
energy scores [18] for these auxiliary unknown samples.
Similar to this paper, WOODS [17] also tries to leverage wild
data from P,;;; by formulating a constrained optimization
problem. However, the performance of WOODS is limited by
the scarcity of training samples and the significant spectral
overlap in HSIL.

Different from the abovementioned, this work pioneers
the exploration of addressing the open-set HSI classification
problem from the perspective of PU learning. Extensive com-
parisons and ablations demonstrate the clear superiority of the
proposed framework.

C. PU Learning

Early PU learning methods rely on the two-step ap-
proach [42], [43]], which first extracts reliable negative samples
from unlabeled data, and then trains a supervised binary
classifier by these positive and selected negative samples.
However, the performance of these two-step classifiers is
constrained by the reliability of the selected negative samples.

Recent research has shifted towards addressing PU learning
using one-step approaches, such as cost-sensitive learning [44],
[45], label disambiguation [46], and density ratio estima-
tion [47]]. What’s more, the risk estimation-based methods have
proven to be some of the most theoretically and practically
effective [[7)], [20], [22]-[24], [48]]. However, most of these
methods assume that the class prior is known beforehand,
which is actually difficult to estimate due to the spectral
overlap characteristic in HSI [21].

Several researches are striving towards the PU learning
without class prior. The generator in the generative adversarial
network is replaced by a classifier to learn from PU data in
PAN [49]. vPU [50] and T-HOneCls [21] formalize the PU
learning task as the variational problem. P3Mix [51]] proposes
a heuristic mixup approach to select partners for positive
samples from unlabeled data.

In contrast to these methods, this paper focuses on the
challenge of open-set classification. Additionally, in the aspect
of class prior-free PU learning, this paper originates from a
nontrivial perspective: the abnormal gradient weights associ-
ated with wild data.

III. METHODOLOGY
A. Overview

The objective of open-set HSI classification is to clas-
sify known classes while simultaneously rejecting unknown
classes. To achieve this, the proposed HOpenCls is designed
as a multi-task learning framework, as illustrated in Fig. [
The HOpenCls framework is highly flexible and can be
implemented by integrating the proposed PU learning classifier
with an existing multi-class HSI classifier. The PU learning
classifier handles the task of rejecting unknown classes, while
the known class classification task is addressed by the existing
multi-class HSI classifier.

Problem Settings: Let X = {X),X,} € R? represent
the input space, where Xj, and &), are the input space of
known classes and unknown classes, respectively. The output
space for the known classes classification task is denoted
by Vi = {1,...,C}, where C is the number of known
classes. Additionally, let ), = {0, 1} indicate the output space
for the unknown classes rejection task, where 1 corresponds
to known classes and O corresponds to unknown classes.
Suppose the known classes training dataset is denoted as
Dy = {(z, v, yi) % Py, where xt € X, yl € W
is the classification label corresponding to the data i of
known classes , y, = 1 € ), indicate that =i belongs to
a known class, ny is the number of known classes training

samples. The wild training dataset is represented as D, ;14 =

; g iid ; .
{@l, 0} ieit N Pyiia, where &), € X, Nuyiiq is the number

of wild training samples.

Let g and f denote the classifiers for known classes classifi-
cation and unknown classes rejection, respectively. To reduce
computational complexity, a global spectral-spatial feature
extractor [2] is shared by ¢ and f. For any test-time data
x € X, the open-set classification result y can be obtained
by:

y=Q(z)®F(x), 4)
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Fig. 2. The proposed HOpenCls framework. This framework can effectively leverage the wild data for open-set HSI classification. This framework includes

multi-PU head, gradient contraction (Grad-C) and gradient expansion (Grad-E)

PU learning algorithm. The PU learning component handles the rejection of

unknown classes, while the classification of known classes is performed using an existing multi-class HSI classifier.

where ® is the pointwise multiplication operator. Q(x) and
F(x) are the classification results of g(x) and f(x), respec-
tively.

Known classes Classification: The goal of classifying known
classes is to develop a classifier ¢, which can be obtained by
minimizing the multi-class classification risk Ry:

(&)

where L, is the loss function for multi-class classification. In
this paper, for generality, cross entropy (CE) loss (L) is used
as L. Eqn. [5] can be estimated using the empirical averages
over the dataset Dy:

Ri(q) = E(zy yp)~p, [Lr(a(zr), yr)]

n
Ri(q) = nikz,cce(q(wz),y@- 6)
i=1

Unknown Classes Rejection: The task of rejecting unknown
classes involves constructing a binary classifier f that can
determine whether a test-time data « belongs to known classes
or not. Ideally, the f is obtained by minimizing the unknown
classes rejection risk R,:

Ru(f) =5 (RL(H) +Ry ()

where R} (f) = E(g,1)or, [Culf (@), 1)] and Ry (f)
E(e,,0)~p, [Lu(f(2w),0)], with £, representing a binary clas-
sification loss function, such as the binary cross entropy
(BCE) loss (Lpee). x4 is the data from unknown classes.
However, Eqn. [7] cannot be directly computed in open-set HSI
classification due to the absence of training data from unknown
classes. Therefore, we focus on designing the multi-PU head,
Grad-C module and Grad-E module to reject unknown classes
trained by known classes and wild data in the following.

)

DN | =

B. Multi-PU Head

The multi-PU head is designed to introduce the multi-label
strategy into the HOpenCls. The detailed structure multi-PU

head is illustrated in the Fig. 2] Based on this design, the
original task of unknown classes rejection is decomposed into
multiple sub-PU learning tasks: The c-th sub-PU learning task
is responsible for classifying the c-th known class against
all other classes. Compared to the original unknown classes
rejection task, each sub-PU learning task exhibits reduced
intra-class variance of positive class, and the class prior of the
c-th sub-PU learning task is 7, ., = 7. < m, more theoretical
analysis about class prior can be found in Theorem [T}

In the c-th sub-PU learning task, the risk is defined as

Ripu(©):
Ru(f9) = 5 (RET () + Ruita™ (£9)) 4 ®)

where R (f9) = Egpyepe [Lu(f(®), 1)), Ruita” (f°) =
E(a,0)~Ppia [Lu(f€(x),0)]. Here, P} represents the margin
distribution of the c-th known class. The function f€¢ is the
binary classifier for the c-th sub-PU learning task.

The Eqn. [§] can be estimated using the empirical averages
over the dataset D;, and the wild dataset D,;;4:

1
)

1 ok 4
(nT Zﬁu(fc(w?), 1)+
k =1

Nwild

Z Lo (f(4),0)),

i=1

1

©))
1

Nawild

where ¢’ is the training sample of known class ¢ from the
Dy, and nj, is the number of training data of known class c.
The overall risk for unknown classes rejection with multi-PU
head can be estimated as follows:
c
Ronpu(f) = D Ripu(£)- (10)
c=1
As illustrated in Fig. 2] a sample = will be classified as

belonging to known classes if any of the sub-PU learning
classifiers identify it as known:

F(x)=FYx)V---VF(x)V---VF(x), (11
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Fig. 3. Comparison of different modules against to wild known data. (a) The
negative impact of unknown classes data replaced by wild data stems from
the larger gradient weights associated with wild known data. (b) The Grad-C
module reduces the gradient weights associated with both wild known and
unknown data. (c) The Grad-E module restores the gradient weights for the
wild unknown data by weighting mechanism.

where F°(x) is the classification result of f¢(x), the symbol
V represents the logical OR operation.

C. Grad-C and Grad-E Modules for PU Learning

The Grad-C and Grad-E modules are designed to reject
unknown classes from the perspective of PU learning. First,
this paper reveals that the negative impact of replacing a pure
unknown dataset by wild data stems from the larger gradient
weights associated with wild data. Then, the Grad-C and Grad-
E modules are designed to mitigate the adverse effects of
these abnormal gradient weights. The comparison of different
modules in the aspect of gradient weights is shown in Fig.
Gradient Analysis: A commonly used choice for £, in binary
classification is the Lpcc:

Loee(f(®), yu) = —yulog(f(2)) = (1 = yu) log(1 — f(=)).

The gradient of the Ly.. with respect to the parameters 6 of
the binary classifier f is given by:

8£bce(f(x)7yu) :( 1 — Yu _ Yu
00 1—flx) f(z)

When the unknown data (x,,, 0) is replaced with wild data
(T wild, 0), a wild known data will be assigned a larger gradient
weight (Eqn. if it is predicted as known classes with high
confidence (f(@wiiq) — 1). The f will overfit all wild known
data as unknown classes, which disrupts the training process
for rejecting unknown classes, as shown in Fig. [3.

OLpee(f(®wita),0) 1
00 1- f(mwild)
Grad-C Module: The Grad-C module—Taylor binary cross
entropy (TBCE) loss (Lipee)—is proposed to mitigate the
larger gradient weights problem, which contracts the gradient
weights of all wild data by Taylor series expansion in L.
Simultaneously, the effectiveness of the Ly for rejecting
unknown classes can be theoretically proven.
Given a function t(z), if this function is differentiable to
order o at x = x, this function can be expressed as:

Ve f(x). (12

Vof(@wia).  (13)

t(x) = Z toiia'jo)(x — 20)°,
o=0 '

where t°(xg) is the o-th order derivative of ¢(z) at x = xg.

Let t(f(x)) = —log(1— f(x)) and f(xg) = 0. For Vo > 1,
the ¢(f(x)) can be expressed as:

() =3 T
o=1

Then, the L. is formalized as:

()"

o

pj:

[ftbce(f(w)ayu) = ~Yu IOg(f(w))+(1_yu) ) (14)

o=1

where t € NV is the truncation order of the Taylor series
expansion.

The gradient of Ly, with respect to 8 for a wild sample
(@witd, 0) 1s:

8Ltbce(f($wild)> 0) _ 1 - f(wwild)t )
00 1 — f(Twita) VoS (@uita).

From Eqn[T3] and Eqn[T3] the gradient weight of a wild data
in Lipee is lower than that in Ly, effectively mitigating the
problem of larger gradient weights:

1- f(xwild)t 1
1= f(zwita) 1 — f(@wita)
Let Rp.(f) denote the risk where the unknown data is
replaced by the wild data in R, (f):

Ryn() = 3 (REC) + Roaal ).

where R;zld(f) = E(mwild:O)NPwild [Eu(f(wwlld)’o)] Let f
and f* be the global minimizers of R,,(f) and R,(f),
respectively. The theoretical property of L. is stated in
Theorem [T} which demonstrates the reliability of estimating
the rejection risk using wild data and L. A detailed proof
is provided in Appendix. R

Theorem 1: The R, (f) — Ru(f*) and Rpu (f*) — Rpu(f)
are bounded when L. is used as the loss function:

0 < Ru(f) = Rulf*) < 7Ni,

0< R;Du(f*) - Rpu(f) < TN,
where A, = S 1

o=1o0
order t.

Based on this theoretical analysis, the performance of R,
can be further improved by reducing both N; and 7. A lower
N; can be obtained by decreasing the truncation order t.
Although the 7 is a fixed constant for a given open-set HSI
classification task, the original task can be decoupled into
multiple sub-PU learning tasks via the proposed multi-PU
head, and each sub-task would have a lower class prior.
Grad-E Module: As previously mentioned, the Grad-C mod-
ule reduces the gradient weights associated with both wild
known and unknown samples, which would lead to f underfit-
ting the wild unknown data. To address this issue, as illustrated
in Fig. 3] the Grad-E module is designed to restore the gradient
weights for the wild unknown data by weighting mechanism.

As illustrated in Fig. P} two deep neural networks are
used to contract and expand the gradient weights of wild
data, respectively. In the Grad-E module, the L., is utilized
to restore the gradient weights of wild unknown data with

15)

(16)

a7)

(18)
19)

is a constant releated to the truncation
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the confidence scores output by the network trained with
Grad-C module. Moreover, the performance can be further
enhanced by incorporating the confidence scores produced by
the network trained with Grad-E module into the Lypce.

The weighted binary cross entropy (WBCE) loss (£},
defined as follows:

Liee (f(®),yu) = —yulog(f(®)) = (1 = yu)we log(1 - f(2)),

where w, is the confidence score of data x output by the
network trained with Grad-C module. Similarly, the weighted
Taylor binary cross entropy (WTBCE) loss (L}}.) can be
formulated as:

) is

Lo (F(@), ) =~y log(F(@) + (1 — gy S L

o

o=1
where w, is the confidence of data o output by the network
trained with Grad-E module. The wild unknown samples are
expected to receive higher confidence scores, with a maximum
value of 1. The following describes the way for obtaining
the confidence scores, which involves both confidence score
updates and probability mixing.

In the process of updating confidence scores, both w. and
w, are optimized during model training, with an exponential
moving average applied to stabilize the training. Two strategies
are proposed for updating the confidence scores: continuous
updating (Eqn. and discrete updating (Eqn. 21)):

we = aw, + (1 — a)pe (20)
we = awe + (1 — a@)pe,
we = awe + (1 — a)(pe > 7)

we = awe + (1 — a)l(p. > 1), @D

where [(e) is the indicator function, the initial values of w,
and w, are both 1, and 7 is set to 0.95. More experiments
about 7 are discussed in the experiment section. Experiments
demonstrate that w, is more suitable for discrete updating and
w, 1s better suited for continuous updating.

A straightforward way to compute p. and p,. is by directly
using the probability outputs from f (Pro):

De=1— fc(m)
pe =1— fe(x),

where f.(x) and f.(x) are the binary classifiers trained with
Ly .. and L}, respectively. However, this simplistic approach
ignores the consistency between ¢ and f (with multi-PU
head): data from known classes should exhibit high probability
outputs in both classifiers simultaneously. Therefore, a prob-
ability mixture strategy is proposed to incorporate the ability
of classifying known classes of multi-class classifier into the

multiple unknown rejection classifiers (MixPro):

pe=1—(qz(z)x f())

pe =1—(gc(z)x fo(x)),
where ¢¢(x) is the probability output of the c-th class from
the known classes classifier, f&(x) is the probability output

of the c-th sub-PU task. ¢. and f. share the same feature
extractor, while g. and f, also share the same feature extractor.

(22)

(23)

Moreover, the outputs of the f¢(x) and fS(x) are aligned
using KL divergence in the unknown rejection task, enabling
the two networks to act as mutual teachers [21]).

D. Overall Risk

The risks for the two networks are defined as follows:

7%/c((]cv fC) = 7é’k(qc) + 7§’mlm(fw }&ll;ce)
ﬁe(qev fe) = 7%'k(QE) + 7Azm;vu(fe) ;)Uce)v

where Rypu(®, £ ) and Ry (e, £,) represent that the
loss function £}; .. and £}’ are used in Eqn. [T0} respectively.
The overall risk for the HOpnCls framework can be formu-

lated as follows:

7%/all(Qm fm Ge, fe) = 7éc(Qa fc) +7?/e(Qe7 fe) + Bﬁkl(fm fe)7

where the risk from KL divergence is denoted as 7A€kl( fes fe)
and [ is a hyperparameter.

(24)

IV. EXPERIMENTAL RESULTS

A. Experimental Settings

Datasets: To evaluate the performance of different methods,
four HSI datasets are utilized: the University of Pavia dataset
(Fig.[T) and the WHU-Hi series datasets [6] (Fig.[4): WHU-Hi-
HongHu, WHU-Hi-LongKou, and WHU-Hi-Hanchuan. No-
tably, the WHU-Hi series datasets present significant spectral
overlap [6], making open-set HSI classification particularly
challenging.

In the University of Pavia dataset, the original 9 classes are
treated as known classes, while pixels that differ significantly
from these known classes, such as buildings with notable re-
flective differences, are labeled as unknown classes, following
the settings in [12]. For the WHU-Hi series datasets, certain
crop categories are considered as known classes, while other
categories are labeled as unknown. This aligns with practical
crop mapping scenarios, where the labeling workload is sub-
stantially reduced by focusing on crop categories, minimizing
the need for annotating non-crop classes.

To simulate limited training sample conditions, only 100
samples per class are selected from each dataset for model
training, with an additional 4000 wild samples randomly
drawn from the imagery. Detailed information about the
datasets is provided in Table Il
Compared Methods: Two groups of methods are compared
for thorough comparison: (1) trained with only P, data: Open-
Max [15]], CAC Loss [38], MDL4OW [12], KL Matching [35]],
MSP [33]], Energy [18]] and Entropy [16]; (2) trained with both
P, data and an additional dataset: DS3L [52], WOODS [17],
OE [40] and EOS [41]. Specifically, in addition to wild data,
pure unknown classes data from P, and wild data excluding
unknown classes from P,;;; — P, are used as the auxiliary
data to demonstrate the robustness of HOpenCls with respect
to varying auxiliary data sources. To ensure a fair comparison,
an equal amount of data (4000) from both distributions in the
auxiliary dataset is randomly selected for model training.



JOURNAL OF KTEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

- Small Brassica chinensis
Brassica parachinensis
Film covered lettuce

- Brassica chinensis

- Chinese cabbage
Romaine lettuce

- Tuber mustard

Cotton

WHU-Hi-HongHu

Lactuca sativa :‘ %
- Garlic sprout
- Pakchoi  Cabbage 4 ]
Carrot -Ce]tuce
0 Rape -Whitc radish
Cotton [JllUnknown | [ Sesame [l Broad-leaf soybean [JlIRice
- Background Narrow-leaf soybean - Unknown - Background

WHU-Hi-LongKou

-Background -S!.mwberry
- Soybean - Sorghum

‘WHU-Hi-HanChuan

Cowpea Water spinach
Watermelon - Unknown

Fig. 4. The WHU-Hi series HSI datasets: WHU-Hi-HongHu, WHU-Hi-LongKou, and WHU-Hi-HanChuan.

Moreover, HOpenCls is also compared with recently
proposed PU learning methods (HOneCls [24] and T-
HOneCls [21])) to demonstrate its effectiveness in PU learning
tasks.

Training Details: For patch-free methods, FreeNet is
used as the spectral-spatial feature extractor. In the patch-
based approaches, the encoder of FreeNet is used for the
same purpose, with patch sizes increased to 9 to counteract
the underutilization of spatial information caused by smaller
spatial blocks. The HOpenCls model was trained by 130
epoches (Ir=3x10~%, momentum=0.9, weight_decay=10"%)
with a “CosineAnnealingl R” learning rate policy. The default
values for the weight 5 and the Taylor expansion order o were
set to 1 and 2, respectively.

Metrics: Following standard practice, Overall Accuracy (OA)
is used to evaluate classifier performance. OA with and without
unknown classes is referred to as Open OA and Closed OA,
respectively. To evaluate the model’s ability to reject unknown
classes, the F1 score (F1") and the Area Under the Curve
(AUCY) are also reported. All experiments were repeated 5
times, and the mean and standard deviation values are reported.

B. Main Results

HOpenCls Achieves Superior Performance: HOpenCls
achieves the highest scores across all metrics and datasets.
The results for Open OA, F1", and AUC" are detailed in
Table[M] while the closed OA results are presented in Table [[TI]

Classification maps generated by different methods can be
found in Fig. 5} Fig. [8] Compared to the second-best method,
HOpenCls shows improvements in Open OA of 8.20, 3.46,
4.99, and 3.05 on the WHU-Hi-HongHu, WHU-Hi-LongKou,
WHU-Hi-HanChuan, and University of Pavia, respectively.
Notably, for unknown class rejection tasks, HOpenCls exhibits
significant improvements in F1", with gains of 38.91, 3.66,
3.56, and 20.93 on the same datasets, respectively.

Several observations should be highlighted: (1) A significant
bottleneck in the development of HSI classifiers is the chal-
lenge of rejecting unknown classes. Different classifiers show
substantial variation in their performance on this task, take
the WHU-Hi-HongHu HSI dataset as an example, with some
suffering from under-recognition (e.g., KL Matching, MSP,
Entropy, and DS3L) and others from over-recognition (e.g.,
Energy, WOODS, OE, and EOS). The proposed HOpenCls
effectively balances these issues, achieving a 38.91 and 20.93
improvement in F1" on the WHU-Hi-HongHu and University
of Pavia datasets, respectively. (2) HOpenCls not only excels
at unknown classes rejection but also improves classification
performance on known classes. The task of unknown classes
rejection has the ability to improve the classification perfor-
mance of known classes in the proposed framework, which
exhibits the effectiveness of the multi-task architecture. (3)
The use of additional data can negatively affect classifier
performance. For example, on the WHU-Hi-HongHu dataset,
WOODS underperforms compared to OpenMax and CAC

TABLE I
DETAILED INFORMATION ABOUT DATASETS.

WHU-Hi-HongHu ‘WHU-Hi-LongKou ‘WHU-Hi-HanChuan University of Pavia
Index Class Name # Sample | Index Class Name # Sample | Index Class Name # Sample Index Class Name # Sample | Index Class Name # Sample
4 Cotton 164285 14 Lactuca sativa 7356 1 Comn 34511 1 Strawberry 44735 1 Asphalt 6631
6 Rape 44557 15 Celtuce 1002 2 Cotton 8374 2 Cowpea 22753 2 Meadows 18649
7 Chinese 24103 16 Film covered 7262 3 Sesame 3031 3 Soybean 10287 3 Gravel 2099
cabbage lettuce
8 Pakchoi 4054 17 Romaine lettuce 3010 4 B:g;sxjf 63212 4 Sorghum 5353 4 Trees 3064
9 Cabbage 10819 18 Carrot 3217 5 Namowdeal 5 5 Water 1200 5 Metal 1345
soybean spinach sheet
10 n;l;luslzgd 12394 19 White radish 8712 6 Rice 11854 6 Watermelon 4533 6 Bare soil 5029
1 Brassica 11015 20 Garlic sprout 3486 79 Unknown 79409 | 7-16  Unknown 168669 7 Bitumen 1330
parachinensis
12 Brassica 8954 21 Broad bean 1328 8 Brick 3682
chinensis
13 Small_ Brass:lca 22507 1-3, Unknown 49632 9 Shadow 947
chinensis 522
- Unknown 5163
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Fig. 5. Open-set classification maps of WHU-Hi-HongHu dataset.
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TABLE I
MAIN RESULTS. T INDICATES LARGER VALUES ARE BETTER. +z DENOTES THE STANDARD ERROR.

WHU-Hi-HongHu

‘WHU-Hi-LongKou

WHU-Hi-HanChuan University of Pavia

Methods P OpenOAT  FI't AUC't  Open OAT  FI'f  AUC't  Open OAT  FI't AUC't  Open OAT  FIUt AUCH
With known classes data from PPj, only
OpenMax [15] Py 73.84%20 46.88*20 86,6328 88.03%0:0 86.54%00 983003 74,82%27 80.00%20  83.02#21  74.41*10 44,0053  81.3354
CAC Loss [38] Py, 7916100 4671¥20  84.04%25 587210 2045%03  [533+10  224%72 67354108 69.94¥68  8691*l8 5585474 92 .38%27
MDL40OW [12] Py, 84.14%03 20.0857  56.43*07 95.69*0-1 953702 97.80*01 36.42%02 12.51305  4820%02  88.94%03 2532836 61.37205
KL Matching [35] P,  83.07207 39.62%56  77.40%1 59.94%07 1174416 76.93*21 53.24%79  4824*147 77,6452 89.44*16 52 10*110  86.96*84
MSP [33] Py 87.44%07  3100%2 8101101 87.74*1  81.35%93  98.02%06  39.76*00  17.11#23 72,6983 93.07¢10 583785 97,9600
Energy |18 P,y 37.94%33 256127 70.21*9 88.77%24 87.11%24 974509 72 14%15 80.22¢11 752819 83.60%4 56.81*71  96.01*25
Entropy [16] P,y 87.83*08  37.20%5  80.88*100  92.44*42  8940*67 9824206  4224*!13  23.65%31  73.19832 041210 67.83*70 9799206
With known classes data from P, and wild data from P,;;4
DS3L [52] Py, 83.93%07 48.70*2°  80.06*+* 93.86*0-2 92.99%0> 98,6503 72.37*10 7525413 90.80*10  91.21*19  60.22%147  92.24%86
WOODS [17] Py 43034189 32,67¢112 6048*200 7667157 7844127 98.26%13  86.33%43 90.69*27  94.89%23  5987%245  4]49%212  9],94%69
OE [40] Py 3636406 28,6202 9321#09  7825*14  78.15F1 99 12#01 9255806 9458204  9g84*02  80.14*33 524130 97,6603
EOS [41] Pyy  3175%02  2726%01 8925l 52.13%05  61.86*02  99.10*0! 8275410 88.35%06 987602  5837%25 343213 9693207
HOpenCls (ours) P,y 96.03*°4  87.61*12 992202 99.15*01 9903201 99,9900 9754203 98.14*02  99.67:01  97.17¥02  88.76*07 99,7500
TABLE III
CLOSED OA FOR DIFFERENT METHODS. +x DENOTES THE STANDARD ERROR.

With known classes data from Py only With known classes data from Py and wild data from P,;;4

Datasets OpenMax  CAC Loss MDL4OW KL Matching MSP Energy Entropy DS3L WOODS OE EOS HOpenCls (ours)
Ppp v Py Ppp pr Pzrf pr Ppy Ppp pr Pzrf pr

WHU-Hi-HongHu 03.78¥06 94,6430 05.93%0T 93,7806 08.23*0T 9823*0.T  9823*0T 1 9393502 90 98*T6 ~ 96,68*02 96,7903 98.57%02

WHU-Hi-LongKou 96.97*04  96.99%03 98.64*01 96.97404 99.37¢0:1  99.37+01 993701 | 97,1704 94.89%19  94.46*07  9514%!1 99.75400

WHU-Hi-HanChuan | 94.37%04 9542205 96.74%0:3 94,3704 98.50%02  98.50*02  98.50*02 | 950304  9359*20 982802 981707 99.77+0:1

University of Pavia 96.70*%6  98.21*02 98.720:3 96.70*0¢ 99.65*01 99,6501 99.65*01 | 97.85*02  96.31%14 992502 99 27201 99,7101

Loss, both of which do not incorporate additional data. Ad-
ditionally, classifiers like OE and EOS experience significant
degradation due to the influence of known class components
in wild data. This suggests that while wild data is easily ac-
cessible, it introduces greater challenges for algorithm design.
HOpenCls is Robust to the Sources of Auxiliary Dataset:
Three types of extra datasets are used to evaluate the robust-
ness of the proposed HOpenCls concerning the sources of the
extra dataset. Wild data, which is the focus of this paper, can

be obtained from the living environments of the classifiers
with almost no cost, the results are shown in Table Pure
unknown classes data represents the ideal extra data but is
labor-intensive to obtain, originating from the distribution of
P,. Wild data without unknown classes poses the greatest
challenge, providing no information about unknown classes
and coming from the distribution of P4 — P,. The results
of the models trained with pure unknown data or wild data
excluding unknown classes are shown in Table
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Fig. 6. Open-set classification maps of WHU-Hi-LongKou dataset.
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TABLE IV
RESULTS OF CLASSIFIERS WITH EXTRA DATA FROM DIFFERENT DISTRIBUTIONS. T INDICATES LARGER VALUES ARE BETTER. +x DENOTES THE
STANDARD ERROR.

‘WHU-Hi-HongHu

'WHU-Hi-LongKou

‘WHU-Hi-HanChuan

University of Pavia

Methods P Open0AT  FI't AUC't  Open OAT  FIUp AUC't  Open OAT  FI't  AUC't  Open OAT  FIU7 AUCH
‘With known classes data from P, and pure unknown classes data from PPy,
DS3L [52] Py 89.08+0-7 71.64%21 96.73*06 94.56%0- 94,0506 99 25%0.1 73.64*21 76,7924 9332206 9550%05  84.92%l4 99 54%0-2
WOODS [17] Py, 7448114 55312110 99ogtld  gp 702 9] 51#3 9986201 86718 9050*2 9500834  89.4739  7472¥90 99 .95%0.1
OE [40] Py 95.23%06  8649%18  99.99t00 988302 9866103 99.99*00 9885202 99,1501 99.94*00 981104 92.50%14  100,00+00
EOS [41] P,y 954503 8828%12 999800  9844%02 981902  100.00®°0  98.63*0!  98.99*01  99.94*00  97.49*07  9036*>7  100.00*"°
HOpenCls (ours) P,y 9695502 98.98:04  100.0000  99.10:02  99.91*00  100.00*00  98.15*03 ~ 9873%02 997301 9934201 99,6900  100.00%0
‘With known classes data from P; and wild data excluding unknown classes from P14 — Pu
DS3L [52] Py, 822677 41,8330 71.59%42 60.37%00 14.46%15  15.24%17 54,8787 50.76%140 818918 9121*13 600787 = 935440
WOODS 17 Py, 31.87%2 1642836 34 81*116 53 61#236  4723¥297  5) 47*268 771455 84.32%33 8745534 44.12%65 2629830 75667
OE pr 36.1606 27'2910.7 71.16%46 65.40%3-2 69A09¢2v0 93.36*2'] 82.68%13 87.80%0:9 92‘02:1 B 78.8628 49_7912.9 95.530:5
EOS P,y 30.83%07  2553%12 5376832 49.96*04 607402 94.06*'% 7307204 82.82%03  91.44*10  5438%26 30903 95722%13
HOpenCls (ours) P,y 927708 715852  9530%15  98.77+02  98.50%02  99.16*03  87.37554 892902 9791206  97,09*04  88.48*!4  99.69*"!
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Some conclusions can be drawn from the results: (1)

HOpenClis demonstrates robustness to the source of extra
data, and the performance of the proposed model does not
significantly decrease compared to other methods when wild
data excluding unknown classes is used as extra data. (2) The
use of pure unknown data significantly enhances performance,
indicating that it is the most effective form of extra data.
However, acquiring unknown data is labor-intensive, and the
collected unknown data is usually difficult to cover all the
unknown classes. (3) Wild data is the potential extra data that
can be almost freely collected, but the wild data propose higher
demands on the algorithm design due to the wild data is the
mixture of known and unknown classes. Due to the influence
of known classes in the wild data, both OE and EOS suffer
from significant performance degradation. (4) The proposed
HOpenCls achieves the best metrics across all datasets when
using wild data excluding unknown classes, suggesting that it
excels at discovering novel classes because this dataset does
not contain any information about unknown classes.
The combination of Grad-C and Grad-E Modules is a
Powerful Classifier for PU Learning: Compared to other
HSI PU learning methods, the combination of Grad-C and
Grad-E modules, referred to as HOpenCls(PU), achieves better
performance in PU learning tasks (Table [V). Due to the
limitations of inaccurate class priors, the performance of
HOneCls significantly decreases. Compared to the class prior-
free method (T-HOneCls), the proposed method gets better
performance, particularly in high class prior scenarios, such
as for Cotton and Broad-leaf soybean.

Furthermore, the performance of other loss function for the

The experimental settings are consistent with those outlined in [21].
2The Cotton class from the WHU-Hi-HongHu dataset.

HOpenCls (ours)

TABLE V
F1 SCORES FOR DIFFERENT PU LEARNING METHODS. +x DENOTES THE
STANDARD ERROR.

Positive class (class prior)

Methodsm CottmE] Broad-leaf soybean Corn Rape Cowpea

(0.3769) (0.2873) 0.1569)  (0.1317)  (0.0617)

HOneCls [24]  99.44*02 88.02*0- 99.6750T  81.81*17 5897436

T-HOneCls [21] ~ 98.15%03 92.64%02 99.70*0-1  97.81¥02 903111

HOpenCIs(PU) ~ 99.33%02 94.98+12 99.72+00 98,4002  90.67+2!
TABLE VI

RESULTS OF DIFFERENT LOSS FUNCTION OF PU LEARNING IN THE
HOPENCLS FRAMEWORK FOR UNKNOWN CLASSES REJECTION. T
INDICATES LARGER VALUES ARE BETTER. +z DENOTES THE STANDARD

ERROR.
r WHU-Hi-HongHu 'WHU-Hi-LongKou University of Pavia
“ Open OAT F1'1 Open OAT F1'1 Open OAT F1'1
Lrar 217 89.53*1T 718021 91.87*1T  90.59*12  9230%00 74,0200
Lw 96.03i0'4 87.61i1'2 99.1510.1 99.0310.1 97.1710.2 88.76i0'7

thee

HSI PU learning task is also analyzed within the HOpenCls
framework, the proposed L:p.. get the best performance
(Table |VI).

C. Ablation Experiments Analysis

Ablation experiments are conducted to evaluate the effec-
tiveness of each module in the proposed HOpenCls. The
results are presented in Table More detailed analysis can
be found in the following:

Multi-PU Head: The comparison between exp.l and exp.2
highlights the significant role of the multi-PU head in the
proposed HOpenCls. For example, on the WHU-Hi-HongHu
dataset, the Open OA, F1", and AUC" scores improved by
27.66, 11.82, and 27.65, respectively. Similar improvements



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

TABLE VII
ABLATION EXPERIMENTS FOR DIFFERENT MODULES. T INDICATES LARGER VALUES ARE BETTER. 2 DENOTES THE STANDARD ERROR.

Ablation Experiments

WHU-Hi-HongHu WHU-Hi-LongKou

Exp. Grad-C Moduld®]  Grad-E Module KL Loss  Multi-PU Head  Open OAT F1'1 AUC"T Close OAT  Open OAT F1'1 AUC"T Close OAT
1 Lpce 29.65%- 26.7450T 6758508 950108 479430159 88*0.T 74 0329 99 48%0T
2 Lpee v 57.31%111 38.56¥76  9523*29  97.8g*02 68.78%1-0 713610 98.59%05 99 60*0-1
3 Libee 35.74%08 2895403 7551#4 9363413 53.66%08  62.64%04 7370439 98.99%05
4 Lipce v 86.00541 664076 97.95807 973406 9] 0608 897608 993903 9944201
5 Libee L _+MixPro v 94.4470% 8390720 992101 9815700 97.28%0C  06.74%07  99.96*0U 9953501
6 Lipee L3 +MixPro v v 94.59%05  83.60*14 992801 983802 97.9p:01  9749%02 999800 99 0.1
7 Ly +MixPro LV +MixPro v v 96.03*04  87.61%12 992202 98,5702 991501 99.03+0-1 99,9900 99 75:0.0

100 — 1 S 100 —— L — e E—— — —
L P T —— o — P
2 L 2
= k= =
o) 90 © 90 © 90
85 85 85
—— Open OA — FI" —— Open OA — FI* —— Open OA — FI*
—— Close OA — AUCY —— Close OA — AUC" —— Close OA — AUCY
301 2 3 4 5 B%D 05 1.0 15 20 8%5 06 07 08 09 1.0
Order of Taylor series B T

(a) Analysis of the order of Taylor series
Fig. 9. Parametric Analysis of the HOpenCls framework.

can also be observed in the comparison between exp.3 and
exp.4.

Grad-C Module: The comparison betweent exp.2 and exp.4
demonstrates that the Grad-C module is an effective solution
for addressing the rejection of unknown classes in HSI.
According to the Theorem m the proposed L;pce achieves
better performance when the probability of the positive class is
lower. Therefore, based on the combined experimental results
of exp.l to exp.4, greater improvements are observed when
combining the multi-PU head with Lypce.

Grad-E Module: Building upon Ly, better open-set HSI
classification results can be achieved by selectively restoring
the gradient for wild unknown data, as demonstrated by the
comparison between exp.4 and exp.5. Additionally, ensuring
consistency between the two networks (exp.4 and exp.6) and
applying the Ly . (exp.6 and exp.7) further improves the
performance of HOpenCls.

Confidence Score Updating: Additional experiments were
conducted to analyze the confidence scores updating strategies
in the Grad-C and Grad-E modules, with results shown in
Table The results demonstrate that discrete updating is
more suited to the Grad-E module, while continuous updating
works better for the Grad-C module. This suggests that less
ambiguous information is more beneficial for the Grad-E
module.

MixPro: Compared to the straightforward approach (Pro),
MixPro leverages the consistency between the known classes
classifier and multiple sub-PU classifiers. This strategy inte-
grates the classification capability of the known classes classi-
fier into the unknown classes rejection task, further enhancing
the performance of the proposed HOpenCls. (Table [IX).

3A single network is employed in exp.1-exp.4.

(b) Analysis of the 3

(c) Analysis of the 7

TABLE VIII
RESULTS OF DIFFERENT CONFIDENCE SCORES UPDATING STRATEGIES. T
INDICATES LARGER VALUES ARE BETTER. £z DENOTES THE STANDARD
ERROR.

WHU-Hi-HongHu WHU-Hi-LongKou

We We

Open OAT F1'1 Open OAT F1'1
Continuous  Continuous ~ 94.43¥05 82 72*15 9703503 96,53%01
Discrete Discrete 94.82%02 81.4611 99.10%02 98.96*03
Discrete Continuous 95.16%03 84.64*1.0 98.23%02 97.83%02
Continuous Discrete 96.03%04 87.61%12 99.15%01 99,0301
TABLE IX

ANALYSIS OF THE MIXPRO. 1 INDICATES LARGER VALUES ARE BETTER.
+x DENOTES THE STANDARD ERROR.

'WHU-Hi-HongHu 'WHU-Hi-LongKou

ProMixPro-— ) o 0AT F1U4 Open OAT F1U7
Pro 95.75%0.3 87.07%14 9903502 98.88%0-2
ProMix 9603704 87.6151:2 99.15%0:1 99.03%0-1
TABLE X

RESULTS OF DIFFERENT NUMBER OF NETWORKS. 7T INDICATES LARGER
VALUES ARE BETTER. £x DENOTES THE STANDARD ERROR.

WHU-Hi-HongHu ‘WHU-Hi-LongKou

Number of Networks

Open OAT F1'1 Open OAT F1'1
Single 94.74*03 8387907 97,66*05  97.15%06
Two 96.03*%4  87.61*12  99,15*0:1 99 3+0 1

Two Networks Cooperative Optimization: In the proposed
HOpenCls, two networks are optimized cooperatively to mit-
igate discrepancies (such as low-probability predictions) be-
tween L} . and L;’_. As shown in Table [X] optimizing a
single network yields worse performance compared to the
proposed HOpenCls.

Parametric Analysis Experiments were conducted to analyze
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the parametric sensitivity of HOpenCls, with the results pre-
sented in Fig. [ Several key observations can be made from
the results: (1) The proposed HOpenCls is robust to variations
in o, 8, and 7; (2) Better unknown classes rejection results
(F1%) are achieved with lower-order Taylor series expansions,
consistent with Theorem [T} (3) Increasing 7 leads to higher
Open OA and F1", suggesting that the Grad-E module benefits
from more accurate unknown classes data.

V. CONCLUSION

This paper proposes a novel open-set HSI classification
framework utilizing wild data. Wild data holds significant
promise due to its abundance, ease of collection, and better
alignment with real-world data distributions. However, the
mixed margin distribution of wild data, comprising both Py
and P,, presents challenges for its effective utilization. To
overcome this challenge, this paper formulates it as a PU
learning problem and specifically proposes a multi-PU head,
Grad-C module, and Grad-E module to make it tractable. The
results demonstrate that wild data can dramatically promote
open-set HSI classification in practice, thereby helping to
expedite the deployment of trustworthy models in complex
real-world scenarios.

APPENDIX
PROOF OF THE THEOREM[T]

Considering that the Lipee(f(wita),0) is bounded:
0 < Lipee(f(Twita),0) < N, (25)

The effectiveness of the Ly for rejecting unknown classes
can be proven as follows.
Proof of Theorem [I} From Eqn. [T} we have

Rpu(f) = (R-;:(f) + R;ild(f))

(RE() + 7R (1) + (1= m)R; (1)
W) + 5 (TRE () — 7RG (£))

where R, (f) = E(z, 0)~p, [Lu(f(x),0)]. Considered that
Lipee(f(Twira),0) is bounded:

Ryl f) < Rulf) + 57R5 ()
< Rulf) + 57N;
- 7RI ()
~ TN
Then we can ontain:
Ro(f) = 37A; < Rulf) < Ryu(£) + 57Ne 26)

The Theorem [T] can be proved as follows:

Ru(f) = Ru(f*) < Rpul(f) = Rpu(f*) + 7Ni < N5

Considered that f* is the global minimizers of the R, (f):
0 < Ru(f) = Ru(f") < 7Ns.

From Eqn. 26 we can obtain:

RulF) — 57Ne < Ryu(f) < Rulf) + 37
Then:

Considered that f is the global minimizers of the Rpu(f):

0< R;Du(f*) - Rpu(f) < 7hNs.
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