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Variational Multiple-Instance Learning with
Embedding Correlation Modeling for Hyperspectral

Target Detection
Bo Yang, Changzhe Jiao, Jinjian Wu, and Leida Li

Abstract—Hyperspectral target detection is widely concerned
in geoscience and remote sensing due to the abundant spectral
information in hyperspectral imagery. However, the detection
performance is highly dependent on the high-quality target
signature or pixel-level supervised signals, which are extremely
challenging and costly. In this paper, we propose a variational
multiple-instance neural network with embedding correlation
modeling (termed VMIL-ECM) for weakly supervised hyper-
spectral target detection, which relaxes the rigid target prior
(e.g., target signatures and/or pixel-level annotations) and only
region-level labels are required. VMIL-ECM explicitly models
the location of the targets within the region as a latent variable
under the non-independent and identically distributed (non-I.I.D)
assumption to estimate the underlying ground-truth target loca-
tions. Expectation maximization (EM) algorithm is employed to
iteratively optimize the posterior distribution of latent variables
and learn discriminative spectral features for target detection. To
fully utilize the contextual information within the hyperspectral
region, a permutation-invariant transformer-based structure is
devised to explore the embedding correlation among instances.
Moreover, a dynamic thresholding strategy is adopted to produce
reliable fine-grained supervised signals. Extensive experiments on
three simulated datasets and two real-field datasets are conducted
to verify the effectiveness of VMIL-ECM and state-of-the-art
performance has been achieved over the existing comparison
methods. The code for the VMIL-ECM is publicly available at
https://github.com/BoYangXDU/VMIL-ECM.

Index Terms—Hyperspectral, multiple-instance learning, ex-
pectation maximization, correlation modeling, target detection

I. INTRODUCTION

HYPERSPECTRAL images (HSI) are characterized by
rich spectral information with tens/hundreds of adjacent

spectral channels, which reflects the detailed physical proper-
ties of land-cover materials. In recent years, hyperspectral im-
age processing has garnered growing attention for a variety of
applications, such as spectral unmixing [1, 2], pansharpening
and super-resolution [3], land-use and land-cover classification
[4, 5], and target detection [6, 7].

Hyperspectral target detection can be categorized into two
main types based on whether the desired target signature is
leveraged: traditional target detection and anomaly detection.
Anomaly detection techniques [8–10] aims to find targets that
stand out from the cluttered background without prior knowl-
edge of the target spectral signature. Once the spectral prior
is available, the traditional target detection methods [7, 11]
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Fig. 1. The architectural differences between classic Attention-based MIL
and the proposed VMIL-ECM. (a) Attention-based MIL is under the I.I.D
assumption and produces bypass attention weights to fuse bag-level features
to build a target detector. (b) VMIL-ECM is based on non-I.I.D hypothesis.
It leverages latent variables to explicitly identify the spatial locations of
targets within HSI regions and capture contextual information by correlation
modeling. An EM-style algorithm and a dynanmic thresholding strategy are
designed for iteratively optimizing the proposed framework. And our method
specializes in the instance-level target detection.

can often generate more desirable detection results compared
with anomaly detection. In traditional hyperspectral target
detection, the main consideration is to identify the specific
target pixels from the complex and diverse background with
the help of one or several target spectra. Many hand-crafted
filtering-based [11] and learning-based detectors [12] have
been developed for this task. Although impressive advances
in hyperspectral target detection field have been achieved,
these techniques demonstrate a pronounced sensitivity to the
provided target spectra, as deviations or inaccuracies of pre-
defined target spectrum can lead to unavoidable performance
degradation. However, the existing solutions are difficult to
guarantee a satisfactory target spectrum selection. For exam-
ple, choosing the off-the-shelf signatures in the spectral library
may not take into account the spectral distortion caused by the
environment conditions and sensor noise in the real-filed HSI.

https://github.com/BoYangXDU/VMIL-ECM
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Visual inspection in HSI is limited by sub-pixels. Relying on
global positioning systems (GPS) to locate targets is inevitably
affected by GPS accuracy. Thus, an effective target detector
independent of a specific spectral prior would be of great
interest.

To tackle this problem, previous contributions adopted
multiple-instance learning (MIL) [13] to find a weakly su-
pervised solution for hyperspectral target detection. In MIL’s
configuration, only bag-level labels (e.g., positive or negative)
are needed rather than instance-level labels. Each positive bag
contains at least one target instance, while a negative bag
consists entirely of non-target instances. Such bag-level labels
are conveniently to acquire in practice. A specialist can box
the area containing the target pixels as positive bags by visual
observation or with reference to GPS coordinates, without
considering the specific location of the targets within bags.
The areas without any types of targets can be naturally divided
into negative bags. The bag-level weakly supervised signals
greatly alleviate the difficulties of pixel-by-pixel annotation,
which shows great promise for application.

Hyperspectral target detection techniques under MIL frame-
work can be roughly divided into two families. One branch is
based on the target characterization strategy. These algorithms
are designed for target concept learning [14]. One or a set
of target/background prototypes are adaptively learned from
data bags, instead of specifying a prior. Then, the learned
concept can be directly applied to a variety of conventional
object detectors and produce detection responses. Extended
functions of multiple-instances (eFUMI) [15] introduces the
linear spectral mixture model and learn one target spectrum
and an additional background concept dictionary. However,
eFUMI is a generative model and focuses on recovering
the spectral properties of the target, which pays insufficient
attention to the discriminability of learned concepts. Multiple-
instance adaptive coherent detector (MI-ACE) [16] and its
follow-ups [17, 18] extract the target concept that has a high
detection response with at least one instance from each positive
bag and suppresses responses with all negative instances.
Based on which, some algorithms are proposed for addressing
the problem arising from spectral variability and multiple
target types. For example, multiple-instance hybrid estima-
tor (MI-HE) [19], multiple-instance multiple diverse ACE
(MIMD-ACE) [20], and multi-target multiple-instance ACE
(MTMI-ACE) [21] are designed for estimating a set of target
prototypes which are more effective in real-world applications.
Although the excellent performance of these methods has been
demonstrated, they are still restricted by inadequate feature
representation and data fitting capabilities.

The other branch is the multiple-instance neural network
(MINN) family. With the development of deep learning tech-
niques, significant progress has been made with various ad-
vanced networks. Although the discriminability of the features
can be guaranteed by trainable structure, these algorithms still
suffer from the label ambiguity in bags. Locating target of in-
terest or extracting key information within weakly labeled bags
is critical for building an effective detector. Some pre-defined
permutation-invariant operations [22], e.g., max pooling and
mean pooling, are employed to locate or fuse prime instances.

However, these pooling layers are untrainable and not flexible
for feature aggregation. Towards the above issues, an attention-
based aggregation operator parameterized by neural networks
is proposed to adaptively fuse the information within bags
[23] as shown in Fig. 1(a). Max-attention MINN [24] lever-
ages the instances with the highest attention weights in each
bag to develop a target detector. Nevertheless, it disregards
a significant portion of instances, resulting in performance
limitations. Upon this basis, L1 sparsity-regularized attention
MINN [25] introduces an L1 sparse constraint and shows
good properties in discriminating false positive examples in
positive bags. Those MIL attention-based techniques achieve
great improvements in hyperspectral target detection, but they
have potential limitations in the following two aspects.

1) These approaches built on the assumption that the in-
stances within each bag follow independent identical distribu-
tions (I.I.D). It assumes that each instance is independent of
others, neglecting the spatial relationships and dependencies
that exist between neighboring instances. Actually, data dis-
tributions often exhibit non-I.I.D characteristics in real-world
scenarios [26]. For instance, there is a high probability that
target pixels/sub-pixels exist around a known target. Non-
I.I.D assumption often involve contextual dependencies, which
offers several advantages over I.I.D for target detection tasks.
It enables the model to capture the spatial variations and
spatial dependencies among objects [27], and can leverage
collective information to detect and localize targets even when
they are partially occluded (i.e., subpixel targets). Therefore,
correlation modeling for instances in the bag is benefit for
detector building, which enables the learning system to better
comprehend the associations between the target and its envi-
ronment.

2) A large proportion of MIL attention-based methods train
detectors using bag-level fusion features instead of directly
using instance-level spectral features. These approaches may
overlook subtle variations within individual spectra, thereby
impeding the model’s ability to discern fine-grained spec-
tral patterns and adversely affecting the overall precision of
pixel-by-pixel detection. Several existing variational inference
techniques under MIL (VMIL) offer solutions for instance-
level prediction. For instance, Haußmann et al. [28] intro-
duced the first application of Gaussian Processes (GPs) to
MIL. The proposed variational GP MIL ensures consistency
between instance-level and bag-level predictions by lever-
aging a bag-level likelihood to approximate the intractable
posterior through variational inference theory. The follow-up
MIL Gaussian Process Logistic (MIL-GP-Probit) [29] gives
a more fast mean-field variational inference procedure based
on variable augmentation. Additionally, a Gibbs sampling
scheme was developed to infer the posterior distribution for
any Bayesian model under the MIL framework. CausalMIL
[30] excels at robust instance label prediction by synergisti-
cally integrating MIL with identifiable variational autoencoder
(iVAE) [31]. CausalMIL discovered that the prior distribution
of latent features at the instance level conforms to a non-
factorized exponential family conditioned on the data bags.
The emergence of these methods has sparked our interest in
addressing hyperspectral target detection problems within the
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VMIL framework.
To mitigate above mentioned problems, we propose a

variational multiple-instance neural network with embedding
correlation modeling (termed VMIL-ECM), which is a non-
I.I.D and target prior-free solution for weakly supervised
hyperspectral target detection as shown in Fig. 1(b). VMIL-
ECM explicitly models the location of target occurrence as a
latent variable and iteratively optimizes the variational lower
bound using expectation maximization (EM) approach. By
introducing latent variables, we can establish a relationship
between potential target locations and regional observations,
leading to better model interpretability.

In our approach, E-step approximates the posterior of latent
variables with a permutation-invariant transformer-based struc-
ture. The self-attention mechanism in transformer layer takes
into account the pair-wise correlation between all instance em-
beddings within a bag, directly strengthening the information
passing of spectra and elevating its capability for target iden-
tification. Then the underlying target locations are assigned
by a dynamic thresholding strategy, which contributes to the
accurate identification of true positive targets by adaptively
adjusting the confidence threshold. M-step utilizes the refined
target location information to promote the current target de-
tector. By directly leverages instance-level spectral features
instead of relying on bag-level fusion embeddings to construct
a target detector, our method specializes in the recognition of
instance-level spectral patterns. VMIL-ECM jointly optimize
these two steps and achieve improved detection performance.
Additionally, the use of bag-level labels allows for the easy
acquisition of a large number of training samples. This, in
turn, facilitates the construction of large deep models or pre-
training models specifically for hyperspectral target detection.
To summarize, the innovations and contributions of this paper
are outlined below:

1) We propose a weakly supervised hyperspectral target de-
tection solution (VMIL-ECM), leveraging latent variable
modeling to explicitly identify the spatial locations of
targets within HSI regions. VMIL-ECM is free of a rigid
target prior and only region-level labels are required,
which greatly alleviates the difficulties of pixel-wise
annotation problems and may appeal to more relevant
research.

2) Our method is under the non-I.I.D assumption and more
aligned with real-world scenarios. We devise a stacked
permutation-invariant transformer structure to capture the
contextual information of HSI regions, which enables a
more comprehensive understanding of the spatial rela-
tionships between the target and its surroundings and
produces more reliable target location estimation.

3) VMIL-ECM employs an EM-style algorithm to iteratively
optimize the variational lower bound with theoretical sup-
port. The target location estimation and the detector build-
ing are carried out in E-step and M-step, respectively.
Besides, we design a dynamic thresholding strategy to
refine the supervised signals during the training process.
Extensive experiments compared with the classic and
state-of-the-art techniques on both the simulated and real-
world hyperspectral datasets are provided to validate the

superiority and effectiveness of VMIL-ECM.
The remaining parts of this paper are structured as follows:

In Section II, we deeply review the literature related to MIL
and the structure of transformer, respectively. Section III elab-
orates on the proposed VMIL-ECM and the EM optimization
procedure. Section IV provides the experimental results and
analysis validated on both simulated and real-world data set.
We conclude with a comprehensive summary in Section V.
Appendix A and B provides more details of the derivation.

II. RELATED WORK

A. Multiple-instance learning

Multiple-instance learning (MIL) is a typical weakly super-
vised learning framework with limited labels for the training
data. Instead of receiving data samples with accurate annota-
tions, the learner receives a set of data bags with binary bag-
level labels, e.g., positive or negative. Each bag is composed
of multiple samples. For a positive bag, at least one example
within the bag is the target. The exact number of targets in each
positive bag is unknown. The negative bag is entirely made
up of non-target instances. Therefore, instance-level labels are
not available in the MIL configuration.

MIL was originally defined in [13] for drug molecule
activity prediction. Then a great number of approaches based
on MIL framework have been proposed and yielded promising
performance in many areas, such as image retrieval [32],
pathology diagnosis [33], aerial scene classification [34], and
object tracking [35]. Diverse density (DD) [36] and expecta-
tion maximization DD (EM-DD) [37] are two representative
pioneering works, which aim to estimate a target concept that
intersects all positive bags and does not appear in any negative
bags. MIL via Embedded instance Selection (MILES) [38]
projects the instances into the discriminative feature space
using the selected representative examples, and develops a
support vector machine (SVM) to identify targets. mi-Graph
[27] explicitly treats each instance as a node and map each
bag to an undirected graph. An efficient graph kernel is de-
signed to combine with SVM for classification. Recently, deep
learning has become an attractive option given its powerful
capabilities of feature learning and data fitting. Attention-
DMIL [23] proposed an attention-based MIL aggregation layer
parameterized by networks, which estimates the instance-
level attentions and fuses the individual contribution to the
bag embeddings. Continuation Multiple-Instance Learning (C-
MIL) [39] introduced a continuation optimization method to
alleviate the non-convexity problem in MIL loss function
and shows an impressive object localization performance.
Those methods were mainly under the I.I.D assumption and
did not consider the contextual information and model the
dependencies of instances. However, real-field scenarios are
often diverse and exhibit variations, which inherently exhibit
non-I.I.D properties. Based on this observation, Zhou et al.
[27] emphasized the importance of structure information that
is often neglected by I.I.D. based methods. They proposed
the MIGraph that exploits the relations among instances
by explicitly mapping each bag to an undirected graph.
Multi-instance variational auto-encoder (MIVAE) [40] utilizes
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TABLE I
DEFINITION OF NOTATIONS USED IN VMIL-ECM

Notations Definition
X/x The whole training HSI data / Spectrum of a hyperspectral pixel
d The dimension of a spectrum

d1D The dimension of the spectral feature h
dk The hidden feature dimension in transformer encoder layer
Nt The number of total pixels
B/L The collection of training bags and labels
Bi/Li The i-th bag and the corresponding label
ni The number of pixels within the ith bag
lij The label of j-th pixel in Bi

zij The latent variable of j-th pixel in Bi

zi
[
zi1, · · · , zij , · · · , zini

]
p (z|B) The true posterior distribution of z given bag B
q (z|B) The approximate posterior distribution of z given bag B

θ The learnable parameters of p (z|B) parameterized by networks
ϕ The learnable parameters of q (z|B) parameterized by networks
λ A scale factor for dynamic thresholding, λ ∈ [0, 1]
τ The dynamic threshold, τ ∈ [0, 1]
N The number of transformer encoder layers

E/M The number of E-step and M-step repetitions per EM iteration

generative models to capture the contextual dependencies
and establishes a bridge between group-based disentangled
representation learning and MIL. Afterwards, a transformer
based MIL (TransMIL) [41] is proposed to explore the both
morphological and spatial information among different image
patches, and achieves new state-of-the-art performance for
whole slide image (WSI) classification. TransMIL provides a
clear theoretical proof that the correlation assumption exhibits
lower information entropy, leading to reduced uncertainty and
bring more valuable information for MIL problem. However,
these non-I.I.D approaches are mainly built for bag-level
classification, which cannot directly apply to hyperspectral
target detection tasks. Thus, an effective non-I.I.D approach
for correlation modeling and instance-level target detection is
appealing.

B. Correlation Modeling for Hyperspectral Target Detection

The majority of hyperspectral target detection methods that
rely on the target prior primarily concentrate on individual
spectral representation, disregarding the extraction of regional
contextual information. There is a few noteworthy work that
strives to integrate correlation modeling into the pixel-wise
target detection tasks. Triplet spectralwise transformer-based
target detector (TSTTD) [42] demonstrates the capability to
effectively learn both local features from neighboring bands
and global features with long-range dependencies. LCNN-CD
[43] calculates the correlation distance between the prior target
and HSI, and selectively retains pixels with high correlation to
expand the target sample. However, these correlation learning
methods are currently not applicable to handle the challenges
inherent in weakly supervised learning. HTD-TS3 [44] ad-
dresses the problem of underutilizing spatial information by
incorporating long-range context and enabling spectral-spatial
joint inference under weak supervision. But it still need a target
prior for coarse sample selection and spectral sequence con-
struction and is not suitable for region-level supervised signals.
In this paper, we propose a high-capability hyperspectral target

detector, which can simultaneously address the challenges of
learning from weakly labeled HSIs and correlation modeling
for hyperspectral regions without a rigid target prior (e.g.,
target signatures and/or pixel-level annotations).

III. VARIATIONAL MIL WITH EMBEDDING CORRELATION
MODELING

A. Problem Formulation
The training HSI data is formulated as X =

[x1, · · · ,xNt
] ∈ Rd×Nt , where d represents the dimension

of a spectrum x and Nt is the total number of pixels.
Let B = {B1, · · · ,BK} be the data bags grouped by
X with bag-level labels L = [L1, · · · , LK ]. Li ∈ {0, 1}
denotes whether the bag Bi contains the target. However,
the instance-level labels in positive bags are inaccessible.
Specifically, for a positively labeled bag, there exists at least
one target pixel within the bag but the specific location is not
known. For a negatively labeled bag, all instances within the
bag are non-target. Assuming that the underlying ground-truth
labels of j-th instance in i-th bag is lij , then the relationship
between bag-level label and instance-level label is written as

Li =

{
1, if lij : ∃ lij = 1,
0, if lij : ∀ lij = 0.

(1)

The task is to train an effective hyperspectral target detector
using weakly labeled data bags, which is flexible for instance-
level spectral input.

B. Overview of VMIL-ECM
In the MIL’s configuration, the bag-level label can be

determined by whether the bag contains the target instances or
not (refer to Eq. (1)). However, the instance-level labels are not
available. Therefore, we assign a latent variable zij ∈ {0, 1}
for j-th instance in bag Bi to indicate the target presence
(zij = 1) or absence (zij = 0), and approximate the
distribution of the latent variables z = [zi1, · · · , zij , · · · , zini ]
through variational inference under EM framework. During
this process, an effective target detector can be developed
using the discovered high-confidence target and background
instances.

In practice, we maximize the log-likelihood of the ob-
served bag label L given data bag B, i.e., log p (L|B) =
Eq(z|B)[log p (L|B)], where q (z|B) is the approximate pos-
terior distribution of z given bag B and E is used to denote
expected value. Then log p (L|B) can be decomposed into two
parts, as follows:

log p (L|B) =
∑

zq (z|B) log
p (L, z|B)

q (z|B)

+ KL (q (z|B) ||p (z|B, L)) , (2)

where the second term is a Kullback-Leibler (KL) divergence.
For simplicity, the derivation details are shown in Appendix
A. Considering the non-negativity of KL-divergence, we have
the evidence lower bound (ELBO) of log p (L|B), shown as:

log p (L|B) ≥
∑

zq (z|B) log
p (L, z|B)

q (z|B)

≜ ELBO(B, L). (3)
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Fig. 2. (a) The overall workflow of the proposed VMIL-ECM, containing two branches, E-step flow (solid line) and M-step flow (dotted line), respectively.
(b) The structure of spectral feature extractor f(x;θ1). (c) The structure of stacked transformer for embedding correlation modeling.

The equality holds in Eq. (3) when q (z|B) is equal to the true
posterior distribution p (z|B, L).

We parameterize the q (z|B) using neural networks as
q (z|B;ϕ), where ϕ is the learnable parameters. q (z|B;ϕ)
can be treated as a target location inference model, which
takes the data bag as input and outputs the location of the
target within the bag. Similarly, p (L, z|B) in Eq. (3) can
also be parameterized by neural networks as p (L, z|B;θ) and
fracorized into two parts:

p (L, z|B;θ) = p (z|B;θ) p (L|B, z) , (4)

where p (z|B;θ) is employed as a target detection model with
learnable parameters θ, and p (L|B, z) can be treated as an
aggregator of instance-level predicted results without trainable
parameters. 1

Based on these, we leverage the EM algorithm to iteratively
optimize the target location inference model q (z|B;ϕ) in the
E-step and the target detection model p (z|B;θ) in the M-step
to maximize the log-likelihood log p (L|B) until the model
converges.

C. Target Location Inference (E-step)

According to the EM optimization framework, we optimize
the variational distribution q (z|B;ϕ) to approximate the pos-
terior distribution p (z|B, L;θ) by fixing θ and updating ϕ in
the E-step so that log p (L|B) ≈ ELBO(B, L;θ,ϕ), which is
equivalent to

min
ϕ

KL (q (z|B;ϕ) ||p (z|B, L;θ)) . (5)

1Considering the fact that B and L are conditionally independent given z,
written symbolically as (B ⊥⊥ L | z), we have p (L|B, z) = p (L|z). Then
p (L|z) can be treated as an aggregator of instance-level predicted results
without trainable parameters according to Eq. (1).

Eq. (5) forces that the distribution of q (z|B;ϕ) is close to
p (z|B, L;θ), which implies that the potential location of the
target is positively correlated with the detection confidence of
the target. As for p (z|B, L;θ), it only takes the value of 0 for
the case zj = 1 when the bag-level supervised signals L = 0.
That means that the probability of each instance in negative
bags to be target is 0. However, for standard KL divergence in
Eq. (5), it would lead to log 0 problem in computation. Thus,
inspired by [45, 46], we minimize the reverse KL divergence
objective to bringing these two distributions closer, formulated
as follows

ϕ = argmin
ϕ

KL (p (z|B, L;θ) ||q (z|B;ϕ))

= argmin
ϕ

∑
zp (z|B, L;θ) log

p (z|B, L;θ)

q (z|B;ϕ)

= argmin
ϕ

∑
zp (z|B, L;θ) log p (z|B, L;θ)

−p (z|B, L;θ) log q (z|B;ϕ) . (6)

Since θ is fixed at the E-step, the first term in Eq. (6) is a
constant. Eq. (6) can be equivalently expressed as follows:

ϕ = argmin
ϕ

−
∑

zp (z|B, L;θ) log q (z|B;ϕ) . (7)

In HSI, neighboring spectra often exhibit spatial and spectral
dependencies due to various factors such as illumination vari-
ations, spatial distributions, atmospheric effects, and others.
Thus, we tend to exploit the embedding correlations of bags
to earn more comprehensive instance dependency understand-
ing in the E-step, eventually producing more accurate target
location information for each positive bag. Thus, we argue that
q (z|B;ϕ) in Eq. (7) can be factorized by

q (z|B;ϕ) =
∏
j

q (zj |B;ϕ) , (8)
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where q (zj |B;ϕ) indicates that the target locations are deter-
mined by all instances within the bag, rather than assuming
independence between instances and disregarding the spatial
relationships among neighboring pixels. By considering the
bags of instances, E-step can exploit the contextual cues in
a non-I.I.D manner, such as the relative positions or relation-
ships between targets and their surroundings. This contextual
information can improve the accuracy and reliability of target
localization, especially for partially occluded or highly mixed
materials in HSI.

As for the supervised information p (z|B, L;θ) in Eq. (7),
it can be treated as an intra-bag target detection model with
known bag-level labels during the training process. Unlikely
the target location inference process in Eq. (8), hyperspectral
target detection takes a single spectrum x as input and outputs
the corresponding confidence of whether that spectrum is a
target or not. Therefore, we employ soft supervised signal ẑj
for j-th instance in bag B in practice

ẑj =

{
p (zj |xj ;θ) , if L = 1,

0, otherwise. (9)

where p (zj |xj ;θ) can be interpreted as a target detector
that is designed to accommodate a single spectral input. ẑ
is continuously refined through iterative optimization steps.
According to Eq. (7), (8) and (9), the cross-entropy loss
function in the E-step is given as

LE = −
∑

j ẑj log q (zj |B;ϕ)

+ (1− ẑj) log (1− q (zj |B;ϕ)) . (10)

By minimizing the loss function LE, VMIL-ECM enhances
the capability of target localization, which serves as a funda-
mental step towards training the subsequent target detector.

D. Target Detection Procedure (M-step)

In the M-step, we fix the target location inference model
q (z|B;ϕ) and optimize θ to maximize ELBO(B, L;θ,ϕ) in
Eq. (3) and upgrade the detector p (z|B;θ) as follows

θ = argmax
θ

ELBO (q, z|B;θ,ϕ)

= argmax
θ

∑
zq (z|B;ϕ) log

p (L, z|B;θ)

q (z|B;ϕ)

= argmax
θ

∑
zq (z|B;ϕ) log p (L|B, z)

−KL (q (z|B;ϕ) ||p (z|B;θ)) . (11)

Eq. (11) consists of two parts. The first part of the objective
function is independent of θ. Consequently, Eq. (11) can be
simplified as

θ = argmin
θ

KL (q (z|B;ϕ) ||p (z|B;θ))

= argmin
θ

−
∑

zq (z|B;ϕ) log p (z|B;θ) . (12)

The derivation of the above equation is similar to Eq. (7).
The target location information q (z|B;ϕ) is drawn from the
previous E-step, which may not accurate during the iterative
optimization. To alleviate the problems arising from such risky

supervisory information, we proposed a dynamic thresholding
strategy to refine the supervised information from q (z|B;ϕ)
for the detection model p (z|B;θ). Since each positive bag
contains an unknown number of target pixels and the distribu-
tion of instances in different bags exhibits diversity, generating
pseudo labels from q (z|B;ϕ) through a dynamic thresholding
strategy could be a more appropriate choice for filtering out
potential unreliable supervised information [46, 47], shown as

l̂j =

{
1, if q(zj |B;ϕ) ≥ τ and L = 1,
0, otherwise. (13)

where the dynamic threshold τ ∈ [0, 1] (proof in Appendix B)
determined by the distribution of q (z|B;ϕ) is formulated as

τ = qmin + λ(qmax − qmin). (14)

In the Eq. (14), qmax and qmin are the maximum and
minimum values of q(zj |Bi;ϕ) within bag Bi with bag-level
label Li = 1, respectively. λ ∈ [0, 1] is a scale factor. By
employing this strategy, only the instances in the positive bag
that exceed the dynamic threshold are treated as targets, the
rest of the instances are assigned as background examples.
The dynamic thresholding strategy enables flexible adjustment
of thresholds for individual positive bags. This adjustment
helps the model focus on the most relevant and informative
instances, reduces the influence of noisy or irrelevant samples,
and allows for adaptation to distribution variations among
different positive bags. The binary cross-entropy loss function
LM in the M-step is given as

LM = −
∑

j l̂j log p (zj |xj ;θ)

+ (1− l̂j) log (1− p (zj |xj ;θ)) . (15)

Our approach focuses on optimizing the loss function LM in
the M-step, which in turn tightens the ELBO and strengthens
the detector’s functionality.

E. Network Architecture

In this section, we implement the above-mentioned EM
iteration process using deep neural networks as shown in Fig.
2. For target location inference (E-step), q (z|B;ϕ) can be
implemented by transformer model or its variants (a.k.a.X-
formers) [48] to capture the correlation information between
the instances in a bag and produce target location inference.
In practice, we parameterize q (z|B;ϕ) by N stacked vanilla
transformer encoder layers and two fully connected (FC)
layers in this work:

q (z|B;ϕ) = σ(FC([TransEncoder(FC(B))]×N )), (16)

where σ is a Sigmoid operation to scales the probability
values to (0, 1) range, i.e., σ(z) = 1/(1 + e−z). The detailed
structure of stacked transformer is presented in Fig. 2(c). The
multiheaded self-attention (MSA) mechanism in the stacked
transformer involves multiple dependencies from different
subspaces. Specifically, it concatenates and integrates multiple
self-attention (SA) layers as follows

MSA(Q,K,V) = Concat(SA1,SA2, · · · ,SAh)W
O, (17)
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Algorithm 1 VMIL-ECM algorithm
Input: Hyperspectral training bags B and bag-level labels L.
Output: Parameters ϕ and θ.

1: for EM iteration t = 1, . . . , T do
2: ▶ Target Location Inference
3: for E-step e = 1, . . . , E do
4: Calculate the instance-level detection confidence

p (z|x;θ) according to Eq. (20).
5: Calculate ẑ according to Eq. (9).
6: Calculate q (z|B;ϕ) according to Eq. (16).
7: Update ϕ by minimizing LE in Eq. (10).
8: end for
9: ▶ Target Detection Procedure

10: for M-step m = 1, . . . ,M do
11: if t ≤ W then
12: /∗ Warm-up Stage ∗/
13: Calculate the warm-up pseudo labels l̂ us-

ing the bag-level supervised signals accord-
ing to Eq. (21).

14: Calculate p (z|x;θ) according to Eq. (20).
15: Update θ according to Eq. (15).
16: else
17: Calculate the target location information

q (z|B;ϕ) according to Eq. (16).
18: Calculate the supervised pseudo labels l̂

through dynamic thresholding according to
Eq. (13).

19: Calculate p (z|x;θ) according to Eq. (20).
20: Update θ minimizing LM in Eq. (15).
21: end if
22: end for
23: end for

where h is the number of heads and WO is learnable trans-
formation parameters. SA in Eq. (17) can be formulated as
follows

SA(Q,K,V) = softmax(
QK⊤
√
dk

)V, (18)

where dk denotes the feature dimension. Q = SWq , K =
SWk, and V = SWv denote the key, query, and value
respectively, in which Wq , Wk, and Wv represent three
learnable weight matrices. S is the feature sequence.

Except for the embedding correlation modeling ability,
the transformer encoder has another good property for MIL
target detection. That is, the transformer layer is symmetric
(permutation invariant), which is well matched to the MIL
setting. In MIL’s configuration, the output of the model should
not change under any permutation of instances in the input bag
[23]. On the contrary, other sequence models, e.g., Long Short-
Term Memory (LSTM) and Gated Recurrent Units (GRUs) are
sensitive to the instance order, which are not appropriate for
correlation modeling within the hyperspectral region here.

For target detection procedure (M-step), we build a trainable
detector p (z|B;θ) with a spectral feature extractor and a
binary classifier. The spectral feature extractor f(x;θ1) is
composed of three blocks and a FC layer, shown in Fig.
2(b). Each block is made up of a 1D-CNN layer with 1 × 3

kernal size, a parametric rectified linear unit (PReLU), and
a max-pooling operation with 1 × 2 kernal size in sequence.
Then a FC layer is adopted to map the deep spectral features
to a fixed dimension. In our implementation, this dimension
d1D is empirically set to 500. The spectral features h can be
expressed as

h = f(x;θ1)

= FC([MaxPool(PReLU(Conv(x)))]×3). (19)

The detection model f(h;θ2) is constructed by cascading
a FC layer with a sigmoid activation function to classify the
target and background pixels, shown as

p (z|x;θ) = σ(FC(f(x;θ1);θ2)), (20)

where θ = {θ1,θ2}.
In summary, the proposed VMIL-ECM method for solving

weakly supervised hyperspectral target detection problem can
be summarized in Algorithm 1. During the training process,
the E-step and the M-step are conducted sequentially in each
iteration. E or M times back-propagation are performed at the
E-step and the M-step respectively to optimize the objectives.
In practice, a warm-up approach is set up in the first W M-
step training epochs. Specifically, we propagate the bag-level
labels to all instances as training labels to pre-train the target
detector. For a bag Bi, the instance-level labels at warm-up
stage could be

l̂j =

{
1, if L = 1,
0, otherwise. (21)

After the warm-stage, supervisory information comes from
dynamic thresholding strategy, which is more reliable. The
dynamic threshold strategy can be easily implemented at each
M-step. Firstly, we obtain q (z|B;ϕ) from the previous E-
step. For each positive bag, we compute the maximum (qmax)
and minimum (qmin) values of q(zj |Bi;ϕ), and then choose
an appropriate scale factor λ for calculating the dynamic
threshold according to Eq. (14). Based on this threshold, the
pseudo labels can be computed using Eq. (13). For each
negative bag, the pseudo labels are all set to 0 because negative
bags do not contain any target instances. From Eq. (13) and
Eq. (14), it can be observed that the implementation of the
dynamic threshold strategy involves the network parameters ϕ
and a hyperparameter λ. The parameters ϕ can be optimized
during each E-step of the EM iterative optimization process
by minimizing loss function LE. As for the selection of
the hyperparameter λ, we conducted a sensitivity test on
one simulated dataset and two real-field datasets to identify
a proper parameter range that ensures stable and favorable
performance in Section IV-E.

F. Convergence Analysis

The convergence of VMIL-ECM can be guaranteed by
the variational EM process. At t-th iteration, we find ϕ(t+1)

that satisfies log p(L|B,θ(t)) ≈ ELBO(B, L;θ(t),ϕ(t+1))
at the E-step. Then we fix ϕ(t+1) at the M-step and op-
timize to get θ(t+1) so that ELBO(B, L;θ(t),ϕ(t+1)) ≤
ELBO(B, L;θ(t+1),ϕ(t+1)). According to Eq. (3), we further
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have log p(L|B;θ(t+1)) ≥ ELBO(B, L;θ(t+1),ϕ(t+1)). In
summary, this convergence property can be formulated as
follows

log p(L|B,θ(t)) ≈ ELBO(B, L;θ(t),ϕ(t+1))

≤ ELBO(B, L;θ(t+1),ϕ(t+1))

≤ log p(L|B;θ(t+1)). (22)

That is, the log-likelihood increases as the number of
iterations increases, which ensures that the proposed network
can converge to a local maximum.

IV. EXPERIMENTS

To certify the effectiveness and leading performance of
proposed VMIL-ECM, extensive comparative experiments in
comparison with the classic and the state-of-the-art weakly su-
pervised techniques on simulated dataset and real-field dataset
are conducted in this section.

A. Experimental Settings

We compare our VMIL-ECM with 15 weakly supervised
techniques and traditional target detectors. Specifically, 7
target characterization based methods (EM-DD [37], MILES
[38], MI-ACE [16], MI-SMF [16], MI-HE [19], MIMD-ACE
[20], and MIMD-SMF [20]), 4 MINN approaches (Attention-
DMIL [23], Max-attention MINN [24], CS-attention MINN
[34], and L1-attention MINN [25]), and 4 traditional hyper-
spectral target detectors (Adaptive Coherent Detector (ACE)
[49], Spectral Matched Filter (SMF) [50], Hybrid Structured
Detector (HSD) [51], Global Overcomplete Dictionary-based
Sparse and Nonnegative Collaborative Representation (GOD-
SNCR) detector [52]) are considered as comparison algo-
rithms.

VMIL-ECM is implemented using the PyTorch develop-
ment library. During training, the size of each mini-batch is
128, λ in dynamic thresholding is set to 0.2 for simulated
datasets and 0.4 for real-field datasets. For the transformer,
the number of transformer encoder layers N is 2, and the
number of heads is 8. The input feature dimension is 256 for
the simulated dataset, 64 for the MUUFL Gulfport dataset, and
256 for the Avon dataset. The dimension of the feedforward

Fig. 3. Six selected endmember from ASTER spectral library. Red Slate is
specified as the target of interest, and the other 5 spectra serve as background
endmembers.

network is 64, and the activation function for the intermediate
layer is ReLU. The Adam optimizer is with learning rate
lr = 1 × 10−3 for simulated datasets and lr = 5 × 10−4

for real-field datasets, the warm-up epoch number W is set to
500 and the total training epoch number T is 2000. E = 5 and
M = 5 at each iteration for EM optimization. All experiments
of VMIL-ECM are performed with a NVIDIA GeForce RTX
3090 GPU. The receiver operating characteristic (ROC) curves
are applied for performance evaluation, where the x-axis
and the y-axis represent false positive rate (FPR) and true
positive rate (TPR), respectively. The area under the curve
(AUC) is used to provide a quantitative analysis. Besides, the
target-background separation map is presented for statistical
separability analysis.

B. Experiments on Simulated Dataset

1) Simulated Dataset Description: The simulated hyper-
spectral dataset is generated using six selected spectra from
ASTER spectral library [53], shown in Fig. 3. The Red Slate
spectrum is specified as the target of interest for the detection
task. The remaining five candidate spectra in Fig. 3 serve
as background endmembers for generating mixed background
pixels and sub-pixel targets. We sample the abundances of
endmembers from a Dirichlet distribution, satisfying the non-
negative and sum-to-one constraints. Then the linear mixture
model (LMM) is applied for sample generation. The signal-to-
noise ratio of simulated spectra is set to 30 dB. There are 1000
bags for each set, in which 300 positive bags and 700 negative
bags. For each positive bag, there are five target subpixels.
We generate three simulated datasets which the mean target
proportions p̄t are 0.1, 0.2, and 0.3, respectively. The details
of the generation algorithm and the code implementation 2 can
be found in [15].
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Fig. 4. (a) The ROC curves for simulated dataset with p̄t = 0.3. VMIL-ECM
is shown as a solid red line. (b) Statistical separability analysis on simulated
dataset with mean target proportions p̄t = 0.3.

2) Target Detection Performance Evaluation: The experi-
mental results are summarized in Tab. II. It is evident that
VMIL-ECM achieves the best performance in all three datasets
with varying mean target proportions, demonstrating its pow-
erful ability for hyperspectral target detection. The traditional
concept target detectors ACE, SMF, HSD, and GODSNCR
with prior target signatures achieves competitive AUC val-
ues compared with target characterization based methods,
which reflects that target characterization based methods could

2https://github.com/GatorSense/Hyperspectral Data Simulation

https://github.com/GatorSense/Hyperspectral_Data_Simulation
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TABLE II
AREA UNDER THE ROC CURVES (AUCS) FOR SIMULATED DATASET
WITH DIFFERENT MEAN TARGET PROPORTIONS p̄t FROM 0.1 TO 0.3.

BEST RESULT IN BOLD, SECOND BEST RESULTS UNDERLINED.

Alg. p̄t Avg. AUC0.1 0.2 0.3
EM-DD [37] 0.658 0.742 0.834 0.745
MI-ACE [16] 0.671 0.752 0.839 0.754
MI-SMF [16] 0.672 0.753 0.840 0.755
MILES [38] 0.744 0.775 0.786 0.768
MI-HE [19] 0.707 0.778 0.832 0.772

MIMD-ACE [20] 0.668 0.751 0.837 0.752
MIMD-SMF [20] 0.660 0.737 0.829 0.742

Max-attention MINN [24] 0.751 0.799 0.812 0.787
CS-attention MINN [34] 0.758 0.835 0.847 0.813
L1-attention MINN [25] 0.739 0.827 0.849 0.805

Attention-DMIL [23] 0.737 0.824 0.836 0.799
VMIL-ECM (proposed) 0.813 0.871 0.905 0.863

ACE [49]+Prior Sig. 0.668 0.746 0.835 0.750
SMF [50]+Prior Sig. 0.621 0.710 0.803 0.711
HSD [51]+Prior Sig. 0.664 0.738 0.810 0.737

GODSNCR [52]+Prior Sig. 0.701 0.753 0.814 0.756

effectively learned discriminative target and/or background
spectra from weakly labeled data. While the MINN families
generally outperform than the target characterization based
methods. We guess that since deep models have better feature
representation and data fitting capabilities, which helps in
detecting subpixel targets. Furthermore, it can be found in
Tab. II that the AUC values of proposed method are 6%
higher than the second-best algorithm (CS-attention MINN) in
average across three datasets. This is due to that our method
is able to mine comprehensive semantics from weakly labeled
bags through correlation modeling and iterative reasoning,
eventually yielding more accurate target locations. However,
CS-attention MINN and other methods within the MINN
family disregard the correlation among different spectra and
neglect spatial information between instances. Additionally,
L1-attention MINN employed a fixed threshold to filter out
false alarms within the positive bags. In contrast, the proposed
VMIL-ECM takes into account that the targets may encounter
varying degrees of mixture in different regions and adopts a
dynamic thresholding approach for each individual positive
bag. This enables the utilization of higher-quality samples for
the detector training, resulting in performance gains.

Fig. 4(a) presents the ROC curves of VMIL-ECM and the
comparison algorithms on simulated data with mean target
proportion p̄t = 0.3. We can see that the ROC curve of VMIL-
ECM is clearly higher than any comparison methods, which
also indicates the superiority of the proposed algorithm. In or-
der to conduct a more thorough comparison of the performance
of these algorithms in separating targets from backgrounds, the
target-background separation map [54] 3 is visually presented
in Fig. 4(b). The red and blue boxes represent the statistical
distribution of targets and backgrounds respectively, where the
interval between two boxes represents the separability. The
height of the blue box represents the degree of suppression ap-
plied to the background. We can have the observation that MI-
HE, CS-attention MINN, Attention-DMIL and HSD detector
excel in suppressing the backgrounds, but perform poorly in

3https://github.com/zephyrhours/Box-Plot-or-Statistical-Separability-Analysis-figure/
blob/main/BOX Separability.m

Fig. 5. MUULF Gulfport dataset and the ground-truth target locations.

detecting targets. In contrast, the interval between the red and
blue boxes of the proposed VMIL-ECM is larger than almost
all of the counterparts, while simultaneously maintaining rel-
atively strong background suppression. That’s because VMIL-
ECM trains detectors directly using instance-level spectral
features with the assistance of target location estimation, rather
than using bag-level fusion features or spectral signatures.
This facilitates learning subtle variations within the individual
spectrum and ensures more discriminative target/background
recognition.

TABLE III
TARGET INFORMATION FOR MUUFL GULFPORT DATASET

Target Type Num. of Targets with Different Sizes Total Num.0.5m×0.5m 1m×1m 3m×3m
Brown (BR) 5 5 5 15

Dark Green (DG) 5 5 5 15
Faux Vineyard Green (FVG) 4 4 4 12

Pea Green (PG) 5 5 5 15
All Types 19 19 19 57

C. Experiments on MUUFL Gulfport Hyperspectral Dataset

1) MUUFL Gulfport Hyperspectral Dataset Description:
In order to comprehensively demonstrate the performance of
the proposed algorithm, we evaluate VMIL-ECM on MUUFL
Gulfport Hyperspectral Dataset [55]. This airborne data col-
lection was conducted over the campus of the University of
Southern Mississippi in November 2010. Five hyperspectral
images 4 are collected over the site. For each image, it contains
around 330×340 pixels with spatial resolution 1 m. There are
72 bands ranging from 375 nm to 1050 nm wavelengths at an
around 10 nm spectral sampling interval. Eight noisy bands
(band 1-4 and band 69-72) are removed. Four different colored
cloth panels with different sizes are placed on the campus as
targets of interest as shown in Tab. III. Each type of targets
is with three sizes (0.25 m2, 1 m2, and 9 m2) in area and
has possible occlusion by oak trees, resulting in a challenging
sub-pixel target detection task. Fig. 5 shows the ground-truth
target locations and the pseudo-color image of the scene.

4https://github.com/GatorSense/MUUFLGulfport

https://github.com/zephyrhours/Box-Plot-or-Statistical-Separability-Analysis-figure/blob/main/BOX_Separability.m
https://github.com/zephyrhours/Box-Plot-or-Statistical-Separability-Analysis-figure/blob/main/BOX_Separability.m
https://github.com/GatorSense/MUUFLGulfport
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TABLE IV
NAUCS AT FPR=1× 10−3 OF SINGLE-TYPE TARGET DETECTION FOR VMIL-ECM AND COMPARISON ALGORITHMS ON GULFPORT DATASET. BEST

RESULT IN BOLD, SECOND BEST RESULTS UNDERLINED.

Alg. Target Type Avg. NAUCBrown Dark Green Faux Vineyard Green Pea Green
EM-DD [37] 0.453 0.449 0.207 0.042 0.288
MI-ACE [16] 0.521 0.572 0.397 0.285 0.444
MI-SMF [16] 0.520 0.549 0.481 0.267 0.454
MILES [38] 0.199 0.226 0.275 0.077 0.194
MI-HE [19] 0.510 0.548 0.333 0.302 0.423

MIMD-ACE [20] 0.520 0.495 0.159 0.298 0.368
MIMD-SMF [20] 0.497 0.592 0.420 0.247 0.439

Max-attention MINN [24] 0.580 0.542 0.227 0.302 0.413
CS-attention MINN [34] 0.498 0.546 0.326 0.317 0.422
L1-attention MINN [25] 0.617 0.642 0.437 0.355 0.512

Attention-DMIL [23] 0.440 0.576 0.347 0.283 0.412
VMIL-ECM (proposed) 0.586 0.691 0.528 0.391 0.549

ACE [49]+Prior Sig. 0.572 0.598 0.243 0.266 0.420
SMF [50]+Prior Sig. 0.481 0.495 0.222 0.266 0.366
HSD [51]+Prior Sig. 0.441 0.483 0.248 0.182 0.339

GODSNCR [52]+Prior Sig. 0.438 0.440 0.234 0.181 0.323
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Fig. 6. The ROC curves at at 1× 10−3 FPR for (a) Brown, (b) Dark Green, (c) Faux Vineyard Green, and (d) Pea Green targets. VMIL-ECM is shown as
a solid red line.
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Fig. 7. Statistical separability analysis on MUUFL Gulfport Hyperspectral Dataset for (a) Brown, (b) Dark Green, (c) Faux Vineyard Green, and (d) Pea
Green targets.

2) Single-type Target Detection Performance Evaluation:
In this experiment, three hyperspectral images, termed as
Flight 1-3, are chose for training. The other two images,
termed as Flight 4 and Flight 5, are served for validation
and testing. We constructed data bags according to the GPS
information. The accuracy of the GPS equipment is around 1-
2 m. For each target, we draw a 5×5 square region around the
GPS coordinates corresponding to the target as a positive bag
to ensure that the target is included in this area. The remaining
area without any types of targets is freely partitioned into
negative bags.

The ROC curves were generated using Bullwinkle algorithm
[56], and the detection performance was evaluated by the

TABLE V
NAUCS AT FPR=1× 10−3 OF MULTIPLE-TYPE TARGET DETECTION FOR
VMIL-ECM AND COMPARISON ALGORITHMS ON GULFPORT DATASET.

BEST RESULT IN BOLD, SECOND BEST RESULTS UNDERLINED.

Alg. NAUC Alg. NAUC
EM-DD [37] 0.256 MIMD-SMF [20] 0.272
MI-ACE [16] 0.282 Max-attention MINN [24] 0.166
MI-SMF [16] 0.226 CS-attention MINN [34] 0.266
MILES [38] 0.162 L1-attention MINN [25] 0.433
MI-HE [19] 0.279 Attention-DMIL [23] 0.315

MIMD-ACE [20] 0.246 VMIL-ECM (proposed) 0.447

normalized AUC (NAUC 5) at 1 × 10−3 FPR [16, 19–21].

5https://github.com/GatorSense/MUUFLGulfport/tree/master/
MUUFLGulfportDataCollection/Bullwinkle

https://github.com/GatorSense/MUUFLGulfport/tree/master/MUUFLGulfportDataCollection/Bullwinkle
https://github.com/GatorSense/MUUFLGulfport/tree/master/MUUFLGulfportDataCollection/Bullwinkle
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Fig. 8. The ROC curves at 1× 10−3 FPR for multiple-type target detection.
VMIL-ECM is shown as a solid red line.

The NAUC values are summarized in Tab. IV. We have the
observation that our approach yields the best performance
on three types of targets, leading the second-place method
by 7.63%, 9.77%, and 10.14% on the DG, FVG, and PG
targets, respectively. From an overall perspective, our method
also provided a 7.23% improvement in average performance
over the second-place method (L1-attention MINN) for all
four types of targets. We attribute the main reason for this
enhancement to our unique embedding correlation modeling,
which facilitates the identification of weak targets occluded
by oak trees in the scene. As for target characterization
based methods, MINN family, and traditional concept target
detectors, they are based on I.I.D assumption and have a
disappointing effect on detecting subpixels from diverse and
difficult scenarios. Fig. 6 shows the ROC curves at 1× 10−3

FPR for all four kinds of targets. VMIL-ECM is shown as
a solid red line. It is evident that the ROC curve of our
method is overall higher than the other compared algorithms,
which verifies that VMIL-ECM has the advantage of detecting
targets under the low FPR condition. The corresponding target-
background separation maps are shown in Fig. 7. VMIL-
ECM has demonstrated exceptional background suppression
performance across all four target detection tasks, especially
in Fig. 7(b). Except for the proposed method, the MINN
approaches have also shown promising background suppres-
sion capabilities. This might be because the training data
contains sufficient background samples, which is beneficial for
the neural networks to learn the diverse background spectral
patterns. As for the separability, VMIL-ECM and Attention-
DMIL have an overall better performance across the four
detection tasks.

3) Multiple-type Target Detection Performance Evaluation:
In this configuration, we aggregated four types of targets
together and set up a multiple-type target detection task. Flight
1-3, Flight 4 and Flight 5 are still treated as training set,
validation set and testing set, respectively. For each training
hyperspectral image, we grouped 57 positive bags, including
15 BR, 15 DG, 12 FVG, and 15 PG examples. The rest
background area is separated into negative bags.

Tab. V records the NAUC values and Fig. 8 visualizes the
corresponding ROC curves. The ROC curves of L1-attention
and the proposed VMIL-ECM are significantly higher than

TABLE VI
NAUCS AT FPR=1× 10−3 OF VMIL-ECM AND COMPARISON

ALGORITHMS ON AVON DATASET. TRAIN ON AVON-AM, TEST ON
AVON-PM. BEST RESULT IN BOLD, SECOND BEST UNDERLINED.

Alg. Target Type Avg. NAUCBrown Blue
EM-DD [37] 0.805 0.988 0.897
MI-ACE [16] 0.994 0.995 0.995
MI-SMF [16] 0.994 0.996 0.995
MILES [38] 0.828 0.611 0.720
MI-HE [19] 0.907 0.994 0.951

MIMD-ACE [20] 0.986 0.938 0.962
MIMD-SMF [20] 0.991 0.995 0.993

Max-attention MINN [24] 0.990 0.994 0.992
CS-attention MINN [34] 0.996 0.996 0.996
L1-attention MINN [25] 0.894 0.997 0.946

Attention-DMIL [23] 0.901 0.885 0.878
VMIL-ECM (proposed) 0.998 0.999 0.999

ACE [49]+Prior Sig. 0.996 0.996 0.996
SMF [50]+Prior Sig. 0.996 0.997 0.997
HSD [51]+Prior Sig. 0.901 0.995 0.948

GODSNCR [52]+Prior Sig. 0.996 0.997 0.997

other comparison algorithms. And the NAUC value of VMIL-
ECM is higher than L1-attention with an improvement of
3.23%, proving the superiority of the proposed method. Target
characterization based methods fall short of MINN family and
the proposed VMIL-ECM in multiple-type target detection
tasks because one or a few target spectra struggle to represent
the diverse subtypes of multiple target types. This limited
representation capability makes them less effective to the deep
learning approaches.

(a)

(b)

Fig. 9. (a) The pseudo-color image of Avon-PM hyperspectral dataset, and
(b) two types of targets, where the blue squares and yellow dots denote the
target coordinates of blue fabric panels and brown fabric panels, respectively.

D. Experiments on Avon Hyperspectral Dataset

1) Avon Hyperspectral Dataset Description: To further
investigate the performance of VMIL-ECM, another real-
scenario Avon hyperspectral target detection dataset [57] 6 was
included. Avon data was collected with ProSpecTIR airborne
hyperspectral sensor over a small town called Avon, the south
of Rochester, New York, USA on September 20, 2012. The
spatial resolution is approximate 1 m. There are 360 spectral
bands, which covers the wavelengths ranging from 400 nm

6https://www.rit.edu/cos/share2012/downloadarea.php

https://www.rit.edu/cos/share2012/downloadarea.php
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Fig. 10. Mean AUC/NAUC and standard deviation (STD) of VMIL-ECM as the tuning factor λ increases on (a) simulated dataset with mean target proportions
p̄t = 0.3, (b) MUULF Gulfport dataset, Flight 5, Dark Green targets, and (c) Avon dataset, Avon-PM, Brown targets.

TABLE VII
NAUCS AT FPR=1× 10−3 OF VMIL-ECM AND COMPARISON

ALGORITHMS ON AVON DATASET. TRAIN ON AVON-PM, TEST ON
AVON-AM. BEST RESULT IN BOLD, SECOND BEST UNDERLINED.

Alg. Target Type Avg. NAUCBrown Blue
EM-DD [37] 0.789 0.855 0.822
MI-ACE [16] 0.998 0.993 0.996
MI-SMF [16] 0.996 0.998 0.997
MILES [38] 0.323 0.848 0.586
MI-HE [19] 0.994 0.997 0.996

MIMD-ACE [20] 0.997 0.973 0.985
MIMD-SMF [20] 0.998 0.998 0.998

Max-attention MINN [24] 0.996 0.991 0.994
CS-attention MINN [34] 0.997 0.998 0.998
L1-attention MINN [25] 0.997 0.995 0.996

Attention-DMIL [23] 0.995 0.993 0.994
VMIL-ECM (proposed) 1.0 0.998 0.999

ACE [49]+Prior Sig. 0.998 0.995 0.997
SMF [50]+Prior Sig. 0.998 0.998 0.998
HSD [51]+Prior Sig. 0.995 0.993 0.994

GODSNCR [52]+Prior Sig. 0.998 0.998 0.998

to 2450 nm. In line with the previous contribution by Zhong
et al. [20], two images (Avon-AM and Avon-PM) acquired
in the morning and afternoon of the same day are selected
for a two-fold cross-validation, where in each fold, one image
(Avon-AM or Avon-PM) is used as the training set, and the
other image is used as the testing set.

Fig. 9(a) shows the pseudo-color image of Avon-PM, which
contains 1635 × 302 pixels. Two types of man-made targets
with different colors were placed in the scene. There are 20
blue fabric panels and 12 brown fabric panels, as shown in
Fig. 9(b). The ground-truth locations of targets are identified
with the help of wildfire airborne sensor program (WASP).
WASP is equipped with a KCM-11 visible camera and has
the capability to geo-reference and produce high-resolution
ground imagery of the target area.

2) Target Detection Performance Evaluation: In this exper-
iment, we draw a 5×5 square region around each target as a
positive bag. The remaining area without any types of targets
is partitioned into negative bags. Similar to [16, 20], NAUC
values at 1×10−3 FPR are also provided for performance eval-
uation. Tab. VI and Tab. VII record the cross-validation results
over AVON-AM and AVON-PM images. As can be seen from
these two tables, many methods achieved competitive results
on this dataset, such as CS-attention MINN, MIMD-SMF, MI-
SMF, SMF and GODSNCR detector. Similar with the previous

results, VMIL-ECM still achieved leading performance, which
further validates the effectiveness and generalization of our
algorithm.

E. Effect of Parameter λ

The underlying ground-truth instance-level labels are esti-
mated by q (z|B;ϕ) and the dynamic threshold τ . According
to Eq. (14), the tuning factor λ is the only hyper-parameter
of thresholding. Therefore, we conducted a sensitivity test on
the effects of tuning parameter λ and practical guidelines for
selecting λ. The experiments are carried on one simulated
dataset with mean target proportion p̄t = 0.3 and two real-
field datasets. In this configuration, we fixed the number of
transformer layer N = 2 and changed the λ in the varying
range {0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0}.

Fig. 10 illustrates the trend of detection performance (mean
AUC/NAUC and standard deviation over five runs) provided
by VMIL-ECM as the tuning factor λ increases. The results
demonstrate that the proposed method achieved stable per-
formance when λ ∈ [0.2, 0.6], which we recommend as a
practical range for most applications. Specifically, this range
balances the dynamic threshold τ effectively, preventing noisy
samples from being included as positive instances when λ is
too low, or missing subpixel targets when λ is too high.

In practical use, it is important to avoid setting λ values
too close to 0 or 1. As demonstrated, low λ values (e.g.,
λ < 0.2) result in the dynamic threshold τ tends to qmin,
causing the model to label almost all instances in the positive
bag as targets in the M-step according to Eq. (13). In this
situation, learning from positive bags is an approximate noisy
label learning problem without constraints [58] and may not
provide satisfactory AUC/NAUC values. On the other hand,
high λ values (e.g., λ > 0.6 for MUULF Gulfport dataset
and λ > 0.7 for Avon dataset) cause the threshold τ to
approach qmax, limiting the number of positive instances
recognized and degrading detection performance. Therefore,
we advise selecting λ from the range [0.2, 0.6] to achieve a
stable and satisfactory detection performance. Based on this,
cross-validation can be employed to fine-tune the value of λ,
ensuring optimal performance on specific datasets.

F. Effect of Model Depth N

Apart from the dynamic threshold τ and the learnable pa-
rameters in networks, the depth N of the stacked transformer
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Fig. 11. Mean AUC/NAUC and standard deviation (STD) of VMIL-ECM as model depth N increases on (a) simulated dataset with mean target proportions
p̄t = 0.3, (b) MUULF Gulfport dataset, Flight 5, Dark Green targets, and (c) Avon dataset, Avon-PM, Brown targets.

TABLE VIII
COMPARISON OF EXECUTION TIME ON SIMULATED DATASETS

Alg. Train(s) Test(s) Platform
EM-DD [37] 29.650 0.031

MATLAB 2021b
Intel(R) Core(TM)
i9-10940X CPU

MI-ACE [16] 107.993 0.031
MI-SMF [16] 106.447 0.036
MILES [38] 80.332 0.222
MIHE [19] 468.604 2.839

MIMD-ACE [20] 16.276 0.032
MIMD-SMF [20] 16.532 0.034

Max-attention MINN [24] 3.912* 0.185 PyTorch 1.9.0
Python 3.8.10

NVIDIA GeForce
RTX 3090 GPU

CS-attention MINN [34] 4.010* 0.177
L1-attention MINN [25] 3.343* 0.181

Attention-DMIL [23] 3.135* 0.175
VMIL-ECM (proposed) 4.791* 0.193

ACE [49]+Prior Sig. - 0.032 MATLAB 2021b
Intel(R) Core(TM)
i9-10940X CPU

SMF [50]+Prior Sig. - 0.031
HSD [51]+Prior Sig. - 2.910

GODSNCR [52]+Prior Sig. 4.518 18.856
* For the MINN family and the proposed VMIL-ECM, we recorded

the average running time of a complete epoch (including the forward
inference and backpropagation process with bag-level input).

plays a vital role in detection performance. Hence, it is essen-
tial to explore the appropriate parameter range. We assessed
the proposed method on a simulated dataset with a mean target
proportion p̄t = 0.3 and two real-field datasets. For each
dataset, the number of transformer layers N ranged from 1
to 6, with λ fixed at 0.2. Fig. 11 presents the experimental
results (mean AUC/NAUC and standard deviation over five
runs) on three hyperspectral datasets.

As depicted in Fig. 11, the performance of VMIL-ECM
demonstrates stability within the range of 2 ≤ N ≤ 4. How-
ever, increasing N beyond this range introduces additional
parameters to the model, resulting in longer inference times
and a slight decrease/instability in performance. Therefore,
opting for N values of 2 or 3 strikes a balance between model
complexity and computational efficiency.

G. Analysis of Time Cost

To provide a more comprehensive understanding of time
efficiency and computational complexity, the running times
of both the training and testing phases for all methods are
recorded in Table VIII. For target characterization based meth-
ods, it is observed that MI-HE requires more training time as
it involves optimizing a dictionary containing both target and
background concepts based on gradients. MIMD-ACE/SMF
demonstrate higher efficiency compared to MI-ACE/SMF due

to the utilization of a more efficient initialization strategy for
target concepts.

As for the MINN family and the proposed VMIL-ECM, we
recorded the average runnig time of a complete epoch in the
training stage. These methods share a same lightweight feature
extractor f(x;θ1), so the primary difference in computational
complexity among these algorithms lies in the attention cal-
culation or estimation of potential target locations. In the
MINN family, the computational complexity of all attention
operations is O(n · d1D). The slightly longer training time
of the CS-attention MINN compared to other attention-based
methods can be attributed to its additional channel attention
module, which introduces more fully connected layers and, as
a result, increase the computational burden.

Our proposed VMIL-ECM requires more training time
due to two reasons: 1) the correlation modeling module for
reliable target location estimation, which requires adding N
transformer layer, and 2) the EM optimization process, which
involves repeating the E-step E times and the M-step M
times during each iteration. These factors result in increased
computational complexity of (E+M)·N ·(O(n2 ·dk+d2k ·n)).
Compared to the MINN family, although VMIL-ECM intro-
duces higher computational complexity, the actual sequence
length n is only 25, with N = 2 and dk < d1D. Moreover, the
EM algorithm contributes only linear complexity. As a result,
while the training time of VMIL-ECM is higher than that of
the MINN algorithms, it still maintains competitive efficiency.
During the testing/detection phase, all deep detectors can
directly process spectral-level inputs without the need for
additional attention calculation or estimation of potential target
locations. Thus, they exhibit similar time efficiency during the
testing phase.

Regarding the GODSNCR detector, the training phase in-
volves the utilization of the hierarchical DBSCAN algorithm
to construct an overcomplete dictionary for background rep-
resentation, while the detection phase requires the iterative
solving process facilitated by the ADMM algorithm. Both of
these stages inherently demand a relatively greater amount of
computational time.

V. CONCLUSION

In this article, a weakly supervised method, VMIL-ECM, is
proposed for hyperspectral target detection. Unlikely previous
hyperspectral target detection techniques, VMIL-ECM elimi-
nates the requirement for a target prior spectrum and build an



SUBMITTED TO IEEE TRANSACTIONS ON NEURAL NETWORK AND LEARNING SYSTEMS - IN PRESS 14

effective target detector solely with region-level labels. To this
end, we explicitly modeled the location of target occurrence
as a latent variable and developed an EM-style framework
to iteratively optimize the underlying target locations and the
target detector. To fully utilize the contextual information
within the hyperspectral region, a stacked transformer structure
was designed for embedding correlation modeling. Then a
dynamic thresholding strategy was developed for producing
reliable target pseudo labels. Our method is under the non-I.I.D
assumption that is more consistent with real scenarios. Experi-
mental results validate the leading performance of our method
on three simulated datasets and two real-world datasets.

APPENDIX A
DERIVATION OF MAXIMUM LIKELIHOOD ESTIMATION

In this appendix, we provides the derivation details of Eq.
(2). The log-likelihood of the bag label L given data bag B
is shown as follows

log p (L|B) = Eq(z|B)[log p (L|B)]

=
∑

zq (z|B) log p (L|B) . (A.1)

According to the conditioned version of Bayes’ theorem,
we factorize the p (L, z|B) into two parts:

p (L, z|B) = p (L|B) p (z|B, L). (A.2)

After taking the logarithm of Eq. (A.2), we have the
following equation:

log p (L|B) = log p (L, z|B)− log p (z|B, L). (A.3)

Then we substitute the log p (L|B) in Eq. (A.1) with Eq.
(A.3):

log p (L|B)

=
∑

zq (z|B) (log p (L|B) + log q (z|B)− log q (z|B))

=
∑

zq (z|B) log
p (L, z|B)

q (z|B)
−
∑

zq (z|B) log
p (z|B, L)

q (z|B)

=
∑

zq (z|B) log
p (L, z|B)

q (z|B)︸ ︷︷ ︸
ELBO

+KL (q (z|B) ||p (z|B, L))︸ ︷︷ ︸
Kullback-Leibler Divergence

.

(A.4)

That is, we finally decompose log p (L|B) into two parts,
i.e., a ELBO term and a KL divergence, as described in Eq.
(A.4).

APPENDIX B
PROOF OF VALUE RANGE OF τ

This part gives the detailed proof of the value range of τ ,
i.e., τ ∈ [0, 1]. The dynamic threshold in Eq. (14) can be
rewritten as follows:

τ = qmin + λ(qmax − qmin)

= (1− λ)qmin + λqmax, (A.5)

where the probabilities qmin and qmax are in the range of [0, 1].
The scale factor λ ∈ [0, 1] guarantees the non-negativity of
1 − λ. Then we have 0 ≤ (1 − λ)qmin ≤ 1 − λ and 0 ≤
λqmax ≤ λ. Therefore, τ is in the value range [0, 1] by adding
these two inequalities.
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the multiple instance problem with axis-parallel rectangles,”
Artif. Intell., vol. 89, no. 1, pp. 31–71, 1997.

[14] C. Jiao, X. Du, and A. Zare, “Addressing the inevitable im-
precision: Multiple instance learning for hyperspectral image
analysis,” in Hyperspectral Image Anal. Springer, 2020, pp.
141–185.

[15] C. Jiao and A. Zare, “Functions of multiple instances for
learning target signatures,” IEEE Trans. Geosci. Remote Sens.,
vol. 53, no. 8, pp. 4670–4686, 2015.

[16] A. Zare, C. Jiao, and T. Glenn, “Discriminative multiple in-
stance hyperspectral target characterization,” IEEE Trans. Pat-
tern Anal. Mach. Intell., vol. 40, no. 10, pp. 2342–2354, 2018.

[17] C. Jiao, B. Yang, Q. Wang, G. Wang, and J. Wu, “Discrimina-
tive multiple-instance hyperspectral subpixel target characteri-
zation,” IEEE Trans. Geosci. Remote Sens., vol. 60, pp. 1–20,
2022.

[18] C. Jiao, B. Yang, and J. Wu, “Multiple instance constrained
energy minimization for discriminative hyperspectral target
characterization,” in Proc. IEEE Intl. Geosci. Remote Sens.
Symp. (IGARSS), 2021, pp. 3197–3200.

[19] C. Jiao, C. Chen, R. G. McGarvey, S. Bohlman, L. Jiao, and
A. Zare, “Multiple instance hybrid estimator for hyperspectral



SUBMITTED TO IEEE TRANSACTIONS ON NEURAL NETWORK AND LEARNING SYSTEMS - IN PRESS 15

target characterization and sub-pixel target detection,” ISPRS J.
Photogramm. Remote Sens., vol. 146, pp. 235–250, 2018.

[20] P. Zhong, Z. Gong, and J. Shan, “Multiple instance learning for
multiple diverse hyperspectral target characterizations,” IEEE
Trans. Neural Netw. Learn. Syst., vol. 31, no. 1, pp. 246–258,
2020.

[21] S. Meerdink, J. Bocinsky, A. Zare, N. Kroeger, C. McCurley,
D. Shats, and P. Gader, “Multitarget multiple-instance learning
for hyperspectral target detection,” IEEE Trans. Geosci. Remote
Sens., vol. 60, pp. 1–14, 2022.

[22] X. Wang, Y. Yan, P. Tang, X. Bai, and W. Liu, “Revisiting
multiple instance neural networks,” Pattern Recognit., vol. 74,
pp. 15–24, 2018.

[23] M. Ilse, J. Tomczak, and M. Welling, “Attention-based deep
multiple instance learning,” in Proc. Int. Conf. Mach. Learn.
(ICML), July 2018, pp. 2127–2136.

[24] X. Wang, X. Chen, S. Gou, C. Chen, Y. Chen, X. Tang,
and C. Jiao, “Hyperspectral target detection via deep multiple
instance self-attention neural network,” in Proc. IEEE Intl.
Geosci. Remote Sens. Symp. (IGARSS). IEEE, 2019, pp. 2284–
2287.

[25] C. Jiao, C. Chen, S. Gou, X. Wang, B. Yang, X. Chen, and
L. Jiao, “L1 sparsity-regularized attention multiple-instance net-
work for hyperspectral target detection,” IEEE Trans. Cybern.,
2021.

[26] Z.-H. Zhou and J.-M. Xu, “On the relation between multi-
instance learning and semi-supervised learning,” in Proc. Int.
Conf. Mach. Learn. (ICML), 2007, pp. 1167–1174.

[27] Z.-H. Zhou, Y.-Y. Sun, and Y.-F. Li, “Multi-instance learning
by treating instances as non-iid samples,” in Proc. Int. Conf.
Mach. Learn. (ICML), 2009, pp. 1249–1256.

[28] M. Haußmann, F. A. Hamprecht, and M. Kandemir, “Variational
bayesian multiple instance learning with gaussian processes,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), 2017,
pp. 6570–6579.

[29] F. Wang and A. Pinar, “The multiple instance learning gaussian
process probit model,” in Proc. Int. Conf. Artif. Intell. Stat.
(AISTATS). PMLR, 2021, pp. 3034–3042.

[30] W. Zhang, X. Zhang, M.-L. Zhang et al., “Multi-instance causal
representation learning for instance label prediction and out-of-
distribution generalization,” Proc. Adv. Neural Inf. Process. Syst.
(NeurIPS), vol. 35, pp. 34 940–34 953, 2022.

[31] I. Khemakhem, D. Kingma, R. Monti, and A. Hyvarinen, “Vari-
ational autoencoders and nonlinear ica: A unifying framework,”
in Proc. Int. Conf. Artif. Intell. Stat. (AISTATS). PMLR, 2020,
pp. 2207–2217.

[32] Y. Zeng, Y. Wang, D. Liao, G. Li, W. Huang, J. Xu, D. Cao,
and H. Man, “Keyword-based diverse image retrieval with
variational multiple instance graph,” IEEE Trans. Neural Netw.
Learn. Syst., 2022.

[33] Z. Han, B. Wei, Y. Hong, T. Li, J. Cong, X. Zhu, H. Wei,
and W. Zhang, “Accurate screening of covid-19 using attention-
based deep 3d multiple instance learning,” IEEE Trans. Med.
Imaging, vol. 39, no. 8, pp. 2584–2594, 2020.

[34] Q. Bi, K. Qin, Z. Li, H. Zhang, K. Xu, and G.-S. Xia, “A
multiple-instance densely-connected convnet for aerial scene
classification,” IEEE Trans. Image Process., vol. 29, pp. 4911–
4926, 2020.

[35] B. Babenko, M.-H. Yang, and S. Belongie, “Robust object
tracking with online multiple instance learning,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 33, no. 8, pp. 1619–1632, 2010.

[36] O. Maron and T. Lozano-Pérez, “A framework for multiple-
instance learning,” Proc. Adv. Neural Inf. Process. Syst.
(NeurIPS), vol. 10, 1997.

[37] Q. Zhang and S. Goldman, “EM-DD: An improved multiple-
instance learning technique,” Proc. Adv. Neural Inf. Process.
Syst. (NeurIPS), vol. 14, 2001.

[38] Y. Chen, J. Bi, and J. Z. Wang, “MILES: Multiple-instance
learning via embedded instance selection,” IEEE Trans. Pattern

Anal. Mach. Intell., vol. 28, no. 12, pp. 1931–1947, 2006.
[39] F. Wan, C. Liu, W. Ke, X. Ji, J. Jiao, and Q. Ye, “C-mil:

Continuation multiple instance learning for weakly supervised
object detection,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit. (CVPR), 2019, pp. 2199–2208.

[40] W. Zhang, “Non-i.i.d. multi-instance learning for predicting
instance and bag labels with variational auto-encoder,” in Proc.
Int. Joint Conf. Artif. Intell. (IJCAI), 2021, pp. 3377–3383.

[41] Z. Shao, H. Bian, Y. Chen, Y. Wang, J. Zhang, X. Ji
et al., “Transmil: Transformer based correlated multiple instance
learning for whole slide image classification,” Proc. Adv. Neural
Inf. Process. Syst. (NeurIPS), vol. 34, pp. 2136–2147, 2021.

[42] J. Jiao, Z. Gong, and P. Zhong, “Triplet spectralwise transformer
network for hyperspectral target detection,” IEEE Trans. Geosci.
Remote Sens., vol. 61, pp. 1–17, 2023.

[43] Y. Dong, X. Dai, Y. Zhang, and B. Du, “A lightweight con-
volutional neural network based on joint correlation distance
constraints and density peak clustering for hyperspectral target
detection,” IEEE Trans. Geosci. Remote Sens., 2023.

[44] H. Qin, W. Xie, Y. Li, and Q. Du, “Htd-ts3: Weakly supervised
hyperspectral target detection based on transformer via spectral-
spatial similarity,” IEEE Trans. Neural Netw. Learn. Syst., 2023.

[45] M. Qu, Y. Bengio, and J. Tang, “Gmnn: Graph markov neural
networks,” in Proc. Int. Conf. Mach. Learn. (ICML). PMLR,
2019, pp. 5241–5250.

[46] R. Yang, W. Dai, C. Li, J. Zou, and H. Xiong, “Tackling over-
smoothing in graph convolutional networks with em-based joint
topology optimization and node classification,” IEEE Trans.
Signal Inf. Process. Netw., vol. 9, pp. 123–139, 2023.

[47] Z. Luo, D. Guillory, B. Shi, W. Ke, F. Wan, T. Darrell, and
H. Xu, “Weakly-supervised action localization with expectation-
maximization multi-instance learning,” in Proc. Eur. Conf. Com-
put. Vis. (ECCV). Springer, 2020, pp. 729–745.

[48] T. Lin, Y. Wang, X. Liu, and X. Qiu, “A survey of transformers,”
AI Open, 2022.

[49] S. Kraut and L. L. Scharf, “The cfar adaptive subspace detector
is a scale-invariant glrt,” IEEE Trans. Signal Process., vol. 47,
no. 9, pp. 2538–2541, 1999.

[50] N. M. Nasrabadi, “Regularized spectral matched filter for target
recognition in hyperspectral imagery,” IEEE Signal Process.
Lett., vol. 15, pp. 317–320, 2008.

[51] J. Broadwater and R. Chellappa, “Hybrid detectors for subpixel
targets,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 29, no. 11,
pp. 1891–1903, 2007.

[52] C. Li, D. Zhu, C. Wu, B. Du, and L. Zhang, “Global over-
complete dictionary-based sparse and nonnegative collaborative
representation for hyperspectral target detection,” IEEE Trans.
Geosci. Remote Sens., 2024.

[53] A. M. Baldridge, S. J. Hook, C. Grove, and G. Rivera, “The
aster spectral library version 2.0,” Remote Sens. of Environ., vol.
113, no. 4, pp. 711–715, 2009.

[54] J. Liu, Z. Hou, W. Li, R. Tao, D. Orlando, and H. Li, “Multipixel
anomaly detection with unknown patterns for hyperspectral
imagery,” IEEE Trans. Neural Netw. Learn. Syst., pp. 1–11,
2021.

[55] P. Gader, A. Zare, R. Close, J. Aitken, and G. Tuell, “Muufl gulf-
port hyperspectral and lidar airborne data set,” Univ. Florida,
Gainesville, FL, USA, Tech. Rep. REP-2013-570, 2013.

[56] T. Glenn, A. Zare, P. Gader, and D. Dranishnikov, “Bullwin-
kle: scoring code for sub-pixel targets (version 1.0)[software],”
2013.

[57] A. Giannandrea, N. Raqueno, D. W. Messinger, J. Faulring, J. P.
Kerekes, J. Van Aardt, K. Canham, S. Hagstrom, E. Ontiveros,
A. Gerace et al., “The share 2012 data campaign,” in Algo-
rithms and Technologies for Multispectral, Hyperspectral, and
Ultraspectral Imagery XIX, vol. 8743. SPIE, 2013, pp. 94–108.

[58] H. Song, M. Kim, D. Park, Y. Shin, and J.-G. Lee, “Learning
from noisy labels with deep neural networks: A survey,” IEEE
Trans. Neural Netw. Learn. Syst., 2022.


	Introduction
	Related Work
	Multiple-instance learning
	Correlation Modeling for Hyperspectral Target Detection

	Variational MIL with Embedding Correlation Modeling
	Problem Formulation
	Overview of VMIL-ECM
	Target Location Inference (E-step)
	Target Detection Procedure (M-step)
	Network Architecture
	Convergence Analysis

	Experiments
	Experimental Settings
	Experiments on Simulated Dataset
	Simulated Dataset Description
	Target Detection Performance Evaluation

	Experiments on MUUFL Gulfport Hyperspectral Dataset
	MUUFL Gulfport Hyperspectral Dataset Description
	Single-type Target Detection Performance Evaluation
	Multiple-type Target Detection Performance Evaluation

	Experiments on Avon Hyperspectral Dataset
	Avon Hyperspectral Dataset Description
	Target Detection Performance Evaluation

	Effect of Parameter 
	Effect of Model Depth N
	Analysis of Time Cost

	Conclusion
	Appendix A: Derivation of Maximum Likelihood Estimation
	Appendix B: Proof of Value Range of 

