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Abstract—Hyperspectral anomaly detection (HAD) aims to
identify targets with spectral characteristics distinct from the
background. Reconstruction-based methods are commonly used
and effective in HAD, but they are susceptible to the influence
of anomalous targets during background generation, which can
compromise the purity of the background and reduce detection
performance. To address this issue, we propose the Target-
Attenuation and Mask-Purification Network (TAMP-Net). Our
framework first employs a pre-detection module for initial target
localization, followed by a decaying background replacement
strategy to attenuate the influence of anomalies. Subsequently,
a high-ratio masked autoencoder is employed, applying random
masking to the remaining regions to further purify the back-
ground. Finally, the anomaly map is generated by computing
the residual between the original image and the reconstructed
background. Experiments conducted on multiple hyperspectral
datasets have demonstrated the effectiveness and superiority of
the proposed method. Our source code and datasets are publicly
available at: https://github.com/orglye/TAMP-Net.

Index Terms—Hyperspectral images, Anomaly detection, Mask
autoencoder, Deep learning

I. INTRODUCTION

Hyperspectral images (HSIs) provide spatial context and
per-pixel spectra, enabling precise material discrimination [1]–
[3]. Hyperspectral anomaly detection (HAD) seeks targets
spectrally distinct from background without prior target sig-
natures [4], and is used in agriculture, reconnaissance, envi-
ronmental, and mineral exploration [5], [6].

Traditional approaches include statistics-based methods like
RX [7], which uses Mahalanobis distance. Representation-
based detectors such as collaborative representation [8] and
decomposition-based techniques like low-rank and sparse ma-
trix decomposition [9] to separate background and anomalies.
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In recent years, convolutional neural networks (CNNs) have
demonstrated excellent capabilities in extracting discrimina-
tive spectral-spatial features from HSIs [10]–[12], thereby
improving anomaly detection performance. However, they
remain limited in modeling complex data distributions. To
address this, generative adversarial networks (GANs) have
been introduced for hyperspectral analysis [13], as they can
more effectively model the background data distribution and
achieve more accurate anomaly separation. Current main-
stream methods predominantly rely on reconstruction strate-
gies, typically using autoencoders or GANs under the assump-
tion that backgrounds can be accurately reconstructed while
anomalies cannot [14]–[16]. Nevertheless, these approaches
are susceptible to contamination from anomalous pixels, and
erroneous reconstruction of such pixels during training can
bias background estimation and degrade detection accuracy.
Although reconstruction-based methods such as BS3LNet [17]
mitigate this issue by masking center pixels and predicting
them from the surrounding context, their performance remains
limited when dealing with large anomalous targets. NL2Net
[18] innovatively employs a dual-branch architecture and
pixel-shuffle downsampling strategy to alleviate large-scale
anomaly interference, yet it still faces challenges including
high computational complexity, reliance on manual param-
eter tuning, and limited adaptability to complex scenes or
small/dense anomalies.

To solve the above problem, we propose a unified purifi-
cation network that integrates decaying background replace-
ment with a masked autoencoder, achieving target suppression
and background purification. Initial anomaly localization is
performed using parallel statistical detectors. Subsequently,
a background replacement strategy is applied, which utilizes
spectral angle histogram binning and Chebyshev distance
weighting [19] to achieve smooth pixel substitution. Follow-
ing this, the purified background is then reconstructed using
a masked autoencoder to suppress residual contamination.



Fig. 1. Framework of the proposed TAMP-Net for HAD.

Finally, anomalies are detected by computing the residual
between the original input and the reconstructed image. The
contributions of this work can be summarized as follows:

1) To reduce the interference of the target on the back-
ground, a collaborative framework combining target attenu-
ation replacement with a mask autoencoder is proposed for
gradual background purification.

2) An adaptive background optimization strategy based on
spectral angle and Chebyshev distances is designed, enhancing
the accuracy and smoothness of background reconstruction.

3) We introduce a masking mechanism to dynamically
suppress undetected anomalies, thereby reducing influence
from missed targets and enhancing detection accuracy.

II. METHODOLOGY

The framework of Target-Attenuation and Mask-Purification
Network (TAMP-Net) is shown in in Fig. 1 (a). The pre-
processing generates an anomaly-focused graph, then replaces
the pre-detection target with a locally attenuated background.
Next, a high mask rate encoder reconstructs the clean back-
ground. Finally, the residuals between the original image and
the reconstructed background are used to detect anomalies.

A. Pre-detection Module

The Pre-detection Module aims to quickly identify abnormal
targets and replace their spectra with typical background
spectra, thereby initially purifying the background area and
providing a relatively clean input for subsequent reconstruc-
tion.

In the pre-detection module, we adopt a parallel-path
scheme to rapidly locate multi-scale anomalies by combining

two sliding-window detectors: a Sliding-Window RX (SW-
RX) and a Sliding-Window Z-Score (SW-ZS). For SW-RX,
the RX score is computed per pixel within a local window.
For SW-ZS, each spectral band is locally Z-normalized and
bandwise scores are aggregated to form a comprehensive Z-
score map. The two score maps are first normalized and fused
at the score level. Subsequently, binarization is performed,
where pixels with scores exceeding a predefined threshold
are converted to the foreground (anomaly candidates) to
generate initial candidate regions. To reduce the impact of
initial anomaly localization errors on subsequent process-
ing,we use geometric constraints to suppress false positives
and ensure that most potential anomalies are retained. Con-
nected components are extracted, and the aspect ratios of their
minimum bounding rectangles are computed. Regions with
max(wh , hw )>3 are considered elongated background structures
(e.g., roads or bridges) and subsequently removed. These steps
refine the residual artifacts to generate a purified preliminary
detection result.

B. Target-Attenuation Replacement Module

To effectively suppress contaminated anomalous pixels and
ensure smooth spectral transitions, we propose a Target-
Attenuation Replacement Module (TARM) as the first purifi-
cation stage in the TAMP-Net, as shown in Fig. 1 (b).

For each pixel identified as an anomaly, a local window
of size 7×7 is constructed around it. Taking the spectrum of
the central pixel as the reference, the spectral angle distances
(SAD) [20], [21] between the center and its neighboring pixels
are calculated. These SAD values are then statistically grouped



Fig. 2. Detection maps of different methods on Salinas dataset. (a) Pseudocolor image. (b) Ground truth. (c) RX. (d) CRD. (e) LRASR. (f) LSDM-Mog (g)
BS3LNet. (h) STAD. (i) NL2Net. (j) Ours.

into a fixed set of 10 equidistant histogram bins over the range
[0, π]. The bin with the highest frequency is identified as
representing the “typical background” range of SAD values.
The spectra of all the neighboring pixels within this interval
are averaged to obtain a representative background spectrum
vector Ibg, which is used to directly replace the spectrum
of the central abnormal pixel. To achieve smooth spectral
fusion and reduce possible residual anomalies, an attenuation
fusion strategy was adopted to process pixels in adjacent
suspicious pixels that were not marked as abnormal and whose
SAD values were lower than the threshold. Each pixel in
the neighborhood is assigned a decaying weight based on its
Chebyshev distance d from the central pixel. The attenuation
substitution process is:

Inew = αd · Ibg + (1− αd) · I (1)

where, I represents the original spectrum. This weight deter-
mines the fusion ratio between the pixel’s original spectrum
and the typical background spectrum. Consequently, pixels in
the central region exhibit more dominant background charac-
teristics, while those farther from the center retain more of
their original features.

C. Mask-Purification Module

Although the initial anomaly replacement has effectively ad-
dressed most salient anomalies, some regions may still contain
residual or undetected anomalies. To further enhance the purity
and consistency of background representation, the proposed
method introduces a Mask-Purification Module (MPM), as
shown in Fig. 1 (c), which employs a mask-guided background
reconstruction mechanism.

This mechanism utilizes a vision Transformer-based
[22]masked autoencoder that takes the preliminarily purified
background image as input. By applying a high masking ratio
(up to 90%) to the unreplaced regions, the model relies on

only 10% of the reserved image patches to achieve image
reconstruction via an encoder–decoder architecture. The model
is optimized by minimizing the mean squared error between
the reconstructed image and the initial background image Xnew.
This approach compels the model to learn to infer global
background structures from limited contextual information,
significantly enhancing its capability for background model-
ing. Meanwhile, the high masking ratio effectively removes
potential anomalous targets, thereby suppressing interference
from anomalous signals. Finally, the purified reconstructed
background is compared with the original input image via
subtraction to produce a residual map that highlights the
anomalous targets.

S = ∥X − XS∥ (2)

III. EXPERIMENT RESULTS

A. Datasets

Three publicly available hyperspectral datasets were em-
ployed in this experiment: The Salinas dataset [23] is acquired
by the AVIRIS-II sensor, retaining 204 valid bands after ex-
cluding 20 disturbed bands, with a spatial resolution of 3.3 m.
Its anomalous targets correspond to man-made structures. The
Urban dataset [24] is captured by the Hyperspectral Digital
Image Acquisition Experiment (HYDICE) sensor, which has
a spatial dimension of 80×100 pixels, a spatial resolution of 1
m, and 175 spectral bands in total. Its anomalous targets are
small-scale urban facilities (e.g., vehicles, temporary installa-
tions). The Gulfport subset of the ABU (Airport-Beach-Urban)
dataset [25] is obtained by the NASA AVIRIS sensor, which
focuses on the airport and its surrounding areas, where the
anomalous targets are aircraft with various scales.

B. Comparison Algorithms and Evaluation Metrics

1) Comparison Algorithms: To comprehensively evaluate
the performance of the proposed method, we selected a variety



Fig. 3. Detection maps of different methods on HYDICE dataset. (a) Pseudocolor image. (b) Ground truth. (c) RX. (d) CRD. (e) LRASR. (f) LSDM-Mog
(g) BS3LNet. (h) STAD. (i) NL2Net. (j) Ours.

Fig. 4. Detection maps of different methods on Gulfport dataset. (a) Pseudocolor image. (b) Ground truth. (c) RX. (d) CRD. (e) LRASR. (f) LSDM-Mog
(g) BS3LNet. (h) STAD. (i) NL2Net. (j) Ours.

of representative hyperspectral anomaly detection algorithms
for comparison. These algorithms cover different detection
principles and techniques, as follows: the classic RX [7]
algorithm based on statistics, two representation-based meth-
ods CRD [8] and LSDM-MoG [26], the decomposition-based
method LRASR [9], and the deep learning-based methods
including BS3LNet [17], the newly proposed STAD [27]
method, and the novel nonlocal and local feature-coupled self-
supervised network (NL2Net) [18].

2) Evaluation Metrics: To assess the performance of repre-
sentative comparative detectors, we adopted two commonly
used metrics: the Receiver Operating Characteristic (ROC)
[28] curve and the Area Under the ROC Curve (AUC). The
ROC curve captures the trade-off between recall and false
positive rate; the AUC serves as a quantitative measure of
overall performance. A high-performing detector typically
exhibits an ROC curve close to the top-left corner with an

AUC near 1.0.
To further clarify performance differences between compet-

ing methods, we adjusted the ROC coordinate system to a
logarithmic scale. In HAD, state of the art algorithms often
yield near 1.0 AUC values, which compress curve differences
in the critical low false alarm rate region under linear scal-
ing and hinder intuitive discrimination of model superiority.
Thus, logarithmic coordinates were used to magnify subtle
performance gaps in this key region, enabling more accurate
and discriminative comparison of each algorithm’s detection
capability.

C. Experimental Setup

TAMP-Net is implemented in PyTorch and optimized with
AdamW for 6000 epochs using an initial learning rate of
1 × 10−4, a cosine annealing schedule, and a batch size of
1. In preprocessing, both the SW-RX module and the SW-



Fig. 5. ROC curves obtained by different methods for three datasets, where the horizontal axis is on a logarithmic scale. (a) Salinas dataset. (b) HYDICE
dataset. (c) Gulfport dataset.

ZS module employ a 30×30 sliding window. The step size of
the SW-RX module is 10, and the binary threshold is 20. In
the TARM, we apply a 7×7 neighborhood, SAD threshold =
0.1, and decay factor α = 0.9. MPM is a mask autoencoder
with a 12-layer Transformer encoder and a 4-layer decoder
(embedding 192, 3 heads).

D. Experimental Results and Analysis
Figs. 2 3 4 present the colorized results of HAD achieved

by 8 methods on the three considered datasets, where the first
one in each figure is the pseudocolor hyperspectral image,
the second one represents the ground truth of the detected
anomalous targets, and the rest illustrate the result maps
generated by different detectors.

Overall, TAMP-Net effectively suppresses anomalous back-
ground clutter while enhancing the contrast of anomalous
objects, achieving the best AUC among all competing meth-
ods. On the Salinas dataset, RX and LSDM-Mog suffer from
texture-induced false alarms, whereas CRD and BS3LNet tend
to over-suppress and consequently miss targets. Statistical
methods like GRX and LRASR struggle with complex tex-
ture scenes due to their reliance on predefined probability
distribution assumptions, while deep learning methods such
as BS3LNet and Auto-AD, despite optimizing background
suppression, lack sufficient response to weak-signal targets.
In contrast, TAMP-Net achieves a more ideal balance between
background suppression and target retention.

On the Gulfport dataset, TAMP-Net demonstrates signif-
icantly superior detection performance compared to other
algorithms, including NL2Net (which fuses local and nonlocal
features via a dual-branch architecture, achieving an AUC of
0.9885 on the Gulfport dataset), exhibiting a clearer distinction
between target and background regions. This improvement
suggests that the TARM and MPM effectively suppress inter-
ference from anomalous targets during background reconstruc-
tion, thereby enhancing the background modeling capability.

Furthermore, the proposed algorithm detects two small aircraft
with greater clarity than traditional methods like GRX and
LRX as well as autoencoder-based models such as RGAE and
GAED, indicating that TAMP-Net possesses strong adaptabil-
ity to multi-scale targets.

TABLE I
COMPARISON OF AUC FOR DIFFERENT ALGORITHMS ON THREE

DATASETS.

Method Salinas HYDICE Gulfport

RX [7] 0.80742 0.98482 0.95260
CRD [8] 0.99542 0.98190 0.94131

LRASR [9] 0.92741 0.97927 0.96247
LSDM-Mog [26] 0.60313 0.97963 0.92554

BS3LNet [17] 0.99669 0.97064 0.94917
STAD [27] 0.92234 0.92523 0.94748

NL2Net [18] 0.98934 0.98471 0.98853

Ours 0.99685 0.98643 0.99320

As reflected in Fig. 5, the logarithmic ROC curves clearly
highlight TAMP-Net’s advantage over competing methods,
especially in the low false alarm rate region, validating its
robustness and practical applicability. Table I and Fig. 5 show
that the proposed TAMP-Net achieves excellent detection
performance across multiple datasets, with high AUC scores
maintained on all datasets, demonstrating strong generalization
capability and stability. On the Gulfport dataset, our method
achieved an AUC of 0.99320, outperforming the second-best
method (0.96247) by approximately 0.03. The superior per-
formance on the Gulfport dataset can be attributed to TAMP-
Net’s ability to effectively mitigate the influence of small-scale
anomalies during background reconstruction. These results
confirm the effectiveness of the entire strategy.

E. Ablation Study
To assess the contribution of each component in the TAMP-

Net, we conducted a series of ablation experiments by progres-



sively adding the TARM and the MPM. It is worth noting that
since pre-detection is to provide abnormal target positions to
TARM, the pre-detection module is also removed when TARM
is not employed.

Table II presents the AUC scores on the Salinas dataset
under different module configurations. As shown, the model
performance is notably improved when either TARM or
MPM is incorporated individually, with the most remarkable
performance boost observed when TARM is added alone.
This underscores the pivotal role of target replacement in
mitigating target interference. Overall, these results provide
strong evidence for the effectiveness and necessity of each
component within the TAMP-Net.

Furthermore, the ablation results also reflect the differenti-
ated value of each module. Introducing TARM alone yields a
significant improvement by further suppressing missed anoma-
lies and enhancing the robustness of background modeling.
Although the performance gain from MPM is relatively modest
compared to TARM, its high masking ratio (up to 90%) can
reduce the inference cost by approximately 80% compared
with the basic autoencoder network without masking. This
efficiency advantage is particularly critical for practical HAD
tasks with large data volumes. Therefore, MPM possesses
significant and non-negligible practical reference value beyond
pure performance enhancement.

TABLE II
ABLATION ON SALINAS DATASET.

TARM MPM AUC

- - 0.92023
-

√
0.94457√

- 0.99624√ √
0.99685

IV. CONCLUSION

To address the impact of anomalous targets on background
reconstruction, we propose TAMP-Net for HAD. TARM is
capable of detecting and suppressing significant anomalies,
thereby minimizing interference to background estimation and
providing a clearer initial background. Subsequently, the MPM
mitigates the adverse impact of missed targets by employing
a masking strategy, thereby further purifying the background.
Qualitative and quantitative results on three datasets confirm
the superiority of the TAMP-Net.

Future research will advance the model’s architecture for
better generalization and scene adaptability, alongside devel-
oping self-adaptive parameter mechanisms to boost detection
accuracy and robustness.
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