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Highlights

What are the main findings?

e A hyperspectral video object segmentation dataset comprising hyperspectral videos
and their corresponding false-color RGB videos derived from hyperspectral imaging
(HSI) data is constructed. Frame-by-frame pixel-level annotations are provided for the
visible (VIS), near-infrared (NIR), and red-edge near-infrared (RedNIR) subsets.

e Based on the SAM 2 framework, a spectral-spatial interaction enhancement mecha-
nism is proposed. By integrating hyperspectral information with the spatial-structure
features of the corresponding false-color RGB images, the representation of object
details and target-background differences is enhanced.

e An adaptive correlation memory selection strategy is designed. According to inter-
frame feature correlations, memory information is being dynamically screened and
updated, thereby reducing the accumulation of unreliable information and improving
memory reliability and temporal segmentation stability and target consistency in long
video sequences.

What are the implications of the main findings?

e  The proposed method improves segmentation accuracy, temporal stability, and overall
robustness, and is particularly suitable for hyperspectral video scenarios with chal-
lenges such as occlusion, target deformation, similar-object interference, and complex
backgrounds.

Abstract

Hyperspectral imaging (HSI) is an important imaging modality in the field of optical
remote sensing, capable of simultaneously capturing spatial structures and continuous
spectral responses related to material properties. Therefore, compared with conventional
red-green-blue (RGB) images, it can provide richer representations for understanding
dynamic scenes. However, most existing video object segmentation methods have been
developed for RGB videos, while high-quality hyperspectral video datasets with frame-by-
frame pixel-level annotations remain scarce. To address this gap, this study constructed a
hyperspectral video object segmentation dataset, comprising hyperspectral videos and their
corresponding three-channel false-color RGB videos derived from the same HSI data, with
pixel-level annotations provided for each frame. The dataset contains three spectral subsets:
visible (VIS), near-infrared (NIR), and red-edge near-infrared (RedNIR). Using this dataset,
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we developed SSAM-SAM?2, a hyperspectral video object segmentation network built on
Segment Anything Model 2 (SAM 2). The network includes a spectral-spatial interaction
enhancement (SSIE) module designed to identify informative spectral bands, suppress
interference from redundant and noisy spectral channels, and integrate hyperspectral cues
with the spatial-structure features of the corresponding false-color RGB images. In addition,
the network introduces an Adaptive Correlation Memory Selection (ACMS) module that
regulates memory sampling and selection according to variations in target state and inter-
frame feature correlation. This design reduces the influence of redundant or unreliable
historical information and improves temporal memory reliability under target deformation,
motion variations, and background interference. Extensive experiments show that SSAM-
SAM?2 outperforms the selected comparison methods on the VIS, NIR, and RedNIR subsets
under the evaluated settings. These results demonstrate the value of the proposed dataset
and indicate that spectral-spatial enhancement and temporal adaptive memory mechanisms
contribute to improving hyperspectral video object segmentation performance.

Keywords: video object segmentation; hyperspectral video; SAM 2; memory selection

1. Introduction

Video object segmentation is a fundamental yet highly challenging task in computer
vision. It aims to accurately segment target objects throughout a video sequence while
maintaining temporal consistency. Semi-supervised video object segmentation (SVOS) [1]
predicts the pixel-level masks of target objects in subsequent frames, given their masks in the
first frame of a video. Owing to its well-defined task setting and considerable practical value,
SVOS has become an important research direction in the field of video object segmentation.
As a fundamental technique for video content understanding, image and video object seg-
mentation has been widely applied in medical and healthcare applications [2,3], agricultural
and industrial inspection [4,5], autonomous driving [6], and satellite remote sensing [7,8],
among other fields [9,10]. In recent years, rapid advances in deep learning have led to
substantial progress in feature representation, temporal modeling, and target matching for
video object segmentation, gradually improving the ability of existing methods to handle
complex scenarios involving occlusion, deformation, and background interference [11].
Nevertheless, most existing studies focus on RGB videos, and their performance remains
constrained by the limited range of information available from visible-light imagery.

Hyperspectral imaging is an important modality for optical remote sensing that simul-
taneously captures spatial details and spectral responses across multiple spectral bands. It
has played an important role in meteorological forecasting, precision agriculture, geological
exploration, environmental monitoring, and disaster observation [12,13]. Recent advances
have further extended hyperspectral analysis to fine-grained target understanding. For
example, twin-branch collaborative learning has been employed to capture complementary
spatial and spectral representations for hyperspectral anomaly detection [14]. Advances
in snapshot hyperspectral imaging have extended hyperspectral sensing from static-scene
interpretation to dynamic video analysis. This development provides richer observations
for continuous target perception in ground-based remote sensing, intelligent surveillance,
and traffic monitoring [15,16]. In dynamic scenes, depth—-area estimation has also been
introduced into hyperspectral video tracking to improve target-state estimation and adapta-
tion to substantial scale variation [17]. Compared with RGB images, which contain only
three visible-light channels, hyperspectral images offer substantially higher spectral resolu-
tion and provide rich information about spectral characteristics and material properties.
Such information enables more discriminative representations of objects that appear sim-
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ilar but differ in material composition [16]. Introducing hyperspectral information into
video object segmentation may therefore improve the distinction between targets and their
backgrounds, while enhancing segmentation performance in challenging situations involv-
ing target deformation, partial occlusion, interference from similar objects, and complex
backgrounds [18].

In video object segmentation, the difference between hyperspectral and conventional
visible-light videos extends beyond the number of input channels. Conventional visible-light
videos mainly represent objects through color, texture, and structural cues, which gener-
ally provide clear spatial details and are compatible with segmentation models pretrained
on RGB data. However, these visual cues are sensitive to illumination changes, shadows,
camouflage, and interference from objects with similar colors [15,16,18]. In contrast, hy-
perspectral videos record band-dependent responses over a wider spectral range and can
reveal material-related differences that remain indistinguishable in visible-light images [12].
Such spectral information is particularly valuable when the target and background ex-
hibit similar appearances but different spectral characteristics. Nevertheless, hyperspectral
video segmentation also introduces additional challenges, including high-dimensional and
redundant spectral information, band-dependent noise, reduced effective spatial resolu-
tion caused by snapshot spectral mosaics, and variations in the number and wavelength
ranges of bands across different sensors [15,16]. Therefore, directly applying RGB-oriented
video segmentation models to hyperspectral videos is insufficient. Effective hyperspectral
video segmentation requires the joint consideration of informative-band selection, spectral
redundancy suppression, spatial-detail preservation, and temporal target consistency.

The Segment Anything Model 2 (SAM 2) [19] is a general-purpose visual segmentation
model designed for RGB images and videos. It propagates target information through a
streaming memory mechanism and exhibits strong video processing capabilities. However,
when target tracking and segmentation rely solely on RGB videos, the three visible-light
channels often provide insufficient information for distinguishing the target from its sur-
roundings. This limitation is particularly evident for objects that have similar colors but
different material compositions. In such cases, the limited spectral information contained
in RGB images cannot adequately characterize differences in material properties, and even
well-performing visual tracking and segmentation models may produce suboptimal results
because of the missing spectral cues [15]. Moreover, existing models generally employ
encoding architectures designed for three-channel RGB images and therefore cannot be
directly adapted to the high-dimensional spectral characteristics of hyperspectral data.
Straightforward approaches to incorporating spectral data, such as spectral-band selection,
channel concatenation, or dimensionality reduction, may result in the loss of important
spectral information and prevent the distinctive advantages of hyperspectral data from
being fully exploited. Consequently, extracting informative spectral features while sup-
pressing spectral redundancy, and effectively integrating hyperspectral information with
the spatial details provided by RGB images, constitute a key challenge in hyperspectral
video object segmentation. The effectiveness of coordinating spatial structures with spectral
discrepancies has also been demonstrated in hyperspectral anomaly detection through
dual-stream spectral-spatial fusion [20]. Although anomaly detection differs from video
object segmentation, this observation further supports the explicit joint modeling of spatial
and spectral information in hyperspectral vision tasks.

In addition to multimodal feature representation, effective temporal memory manage-
ment is also critical to the performance of video object segmentation. Most existing video
segmentation models adopt memory storage strategies based on a fixed capacity, fixed
update intervals, or recently processed frames, without adequately assessing the quality
and usefulness of candidate memory frames [21]. In the presence of severe occlusion, rapid

https://doi.org/10.3390/rs18213801


https://doi.org/10.3390/rs18213801

Remote Sens. 2026, 18, 3801

4 of 32

target deformation, or complex background interference, low-quality predictions may be
stored in the memory bank. The resulting errors can then propagate through subsequent
frames, gradually leading to segmentation drift and mask degradation [22]. Hyperspectral
videos involve more complex spectral-spatial-temporal relationships. If useful historical
information cannot be selected dynamically according to the current target state, the noise
introduced by a fixed memory strategy may further undermine segmentation stability [23].
Another limitation is the absence of hyperspectral video object segmentation datasets that
provide both hyperspectral videos and their corresponding RGB representations with
frame-by-frame pixel-level mask annotations. This shortage not only limits the availability
of training samples but also hinders quantitative evaluation and comparison across different
methods [24]. Hyperspectral video object segmentation therefore continues to face several
challenges, including multimodal information fusion, effective temporal memory selection,
and insufficient annotated data.

To address these challenges, we construct a hyperspectral video object segmentation
dataset comprising hyperspectral videos and corresponding HSI-derived false-color RGB
videos with pixel-level mask annotations for every frame. The dataset provides a basis
for training, testing, and evaluating methods developed for this task. Building upon SAM
2, we further propose SSAM-SAM?2, a hyperspectral video object segmentation network
that integrates spectral-spatial interaction enhancement with adaptive correlation memory
selection. Specifically, we design a Spectral-Spatial Interaction Enhancement (SSIE) module
that adaptively selects informative spectral channels, suppresses spectral redundancy, and
extracts discriminative hyperspectral features. Through spectral-spatial interaction, the
module jointly enhances the spectral information of HSI and the spatial features extracted
from the corresponding false-color RGB images. We also introduce an Adaptive Correlation
Memory Selection (ACMS) mechanism, which dynamically evaluates and selects candidate
temporal memories according to the correlation between current target features and histori-
cal memory features. By retaining highly reliable target information, ACMS reduces the
interference caused by ineffective memories and the accumulation of erroneous predictions,
thereby improving segmentation accuracy, temporal stability, and robustness in complex
scenes. The main contributions of this work are summarized as follows:

1. A hyperspectral video object segmentation (HVOS) dataset is constructed, consisting
of hyperspectral videos and their corresponding HSI-derived false-color RGB videos
with frame-by-frame pixel-level mask annotations. The dataset alleviates the shortage
of temporally annotated pixel-level data for this task and provides support for model
training, quantitative evaluation, and method comparison.

2. We propose an SSIE module that adaptively selects informative spectral channels,
suppresses spectral redundancy, and extracts discriminative spectral features. By
enabling interactive fusion and joint enhancement of HSI spectral information and
false-color RGB spatial information, the module allows the network to exploit the
spectral discriminability of hyperspectral data more effectively, leading to improved
target representation and recognition.

3. ACMS mechanism is introduced to improve the fixed-rule memory management
strategy used in SAM 2. It dynamically selects reliable temporal memories based on
correlations between target features, reducing error accumulation and segmentation
drift caused by low-quality memories. This design enhances the model’s robustness to
complex background interference, target occlusion, and dynamic appearance changes.

4. We conduct systematic experiments on HVOS and compare SSAM-SAM?2 with main-
stream RGB-based video object segmentation models. The results demonstrate the
effectiveness and performance advantages of the proposed method for hyperspectral
video object segmentation.
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2. Related Work
2.1. Recent Advances in Hyperspectral Image Processing

Attention mechanisms are increasingly used in hyperspectral image processing to
emphasize informative spectral bands and spatial regions while suppressing redundant or
noisy responses. Kang et al. developed a spectral-spatial double-branch attention network
that separately refines spectral and spatial features before integrating them for hyperspec-
tral image classification [25]. To improve the modeling of local dependencies, Arshad
et al. introduced a spectral-spatial neighborhood attention Transformer with a channel-
wise shift strategy [26]. More recently, Lu et al. combined convolutional and Transformer
branches with spectral-spatial attention to aggregate complementary local and global rep-
resentations [27]. Wang et al. further incorporated contextual multi-head self-attention
into a spectral-spatial convolutional Transformer, enhancing the interaction between lo-
cal contextual features and long-range dependencies [28]. These studies demonstrate
that attention-based modeling can improve the selection and interaction of discriminative
spectral-spatial information. However, most of these methods focus on static hyperspectral
image classification and do not explicitly address temporal target consistency, memory
reliability, or frame-by-frame pixel-level segmentation in hyperspectral videos. Recent
hyperspectral video tracking studies have progressively shifted from directly adapting
RGB trackers toward explicit spectral-spatial-temporal modeling. SpectralTrack combines
spectral-spatial feature fusion with temporal memory enhancement to exploit both mate-
rial information and historical target states [29]. SASU-Net introduces spectral adaptive
aggregation weighting and scale updating to improve tracking robustness under spectral
interference and target-scale variation [30]. In addition, recent unified tracking frameworks
jointly model spectral, spatial, and temporal conditions to strengthen target representation
across challenging video sequences [31]. These developments demonstrate that effective
hyperspectral video analysis requires not only informative spectral representations but also
adaptive modeling of temporal and target-state variations.

Hyperspectral anomaly detection has likewise evolved toward more structured model-
ing of spectral differences, background distributions, and spectral-spatial dependencies.
SDENet employs variational mapping and Transformer-based representation learning to
amplify subtle spectral discrepancies between anomalies and complex backgrounds [32].
DFBSNet explores complementary information through dual frequency-domain branches
and an adaptive fusion-and-selection mechanism [33]. In noisy hyperspectral observations,
JointNet jointly optimizes image denoising and anomaly detection to reduce the loss of
weak anomaly information during noise suppression [34]. S3CRAD instead combines
superpixel-guided background inpainting with spectral-spatial constrained representa-
tion to improve background reconstruction and anomaly discrimination [35]. Collectively,
these studies show that recent hyperspectral anomaly detection increasingly relies on the
coordinated exploitation of spectral differences, spatial context, frequency information, and
background structure.

2.2. Semi-Supervised Video Object Segmentation

Depending on how target information is carried through a video sequence, existing
semi-supervised VOS methods can broadly be grouped into three categories: online fine-
tuning, temporal mask propagation, and feature matching.

Early studies on semi-supervised VOS mainly relied on online fine-tuning. OSVOS [1]
pioneered the one-shot semi-supervised VOS framework, in which a pretrained segmen-
tation network is fine-tuned at inference time using the target mask provided in the first
frame. In this way, the network is adapted to the specific target appearing in the test video.
OnAVOS [36] extended this idea by introducing an iterative online adaptation scheme,
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allowing the model to be continually updated with information from subsequent frames
and thus better accommodate changes in target appearance. Although online fine-tuning
usually produces an accurate representation of the target, it requires several rounds of
gradient-based optimization during testing. The associated computational cost limits its ap-
plicability to long videos and real-time scenarios. Another drawback is that the model may
become overly dependent on the target appearance observed in the first frame. Target drift
can therefore still occur when the object undergoes deformation, occlusion, or substantial
scale variation.

Temporal mask propagation and feature matching have since become the two major
directions in VOS research beyond online fine-tuning [37]. Mask propagation methods
exploit spatial and temporal continuity between neighboring frames. A target mask or other
target-related information from the preceding frame is propagated to the current frame and
subsequently refined by a segmentation network. MaskTrack [38] takes the mask predicted
in the previous frame together with the current image as input to estimate the current-frame
mask. RGMP [39] uses a gated propagation mechanism to improve information transfer
between the reference frame and the current frame. With the growing use of Transform-
ers, AOT [40] models temporal associations among multiple objects and maintains more
consistent segmentation in complex scenes. DeAOT [41] further separates target-agnostic
visual features from target-specific identity information, making feature propagation more
effective. While such methods are generally efficient at inference, their reliance on local
temporal continuity remains a limitation. Under severe occlusion, rapid target motion, or
abrupt scene changes, errors introduced during propagation may accumulate across frames
and eventually cause localization failure.

Feature-matching methods follow a different strategy. They encode target features
extracted from the first frame and selected historical frames into reference representations,
which are then matched against the current frame at either the pixel or object level to
locate the target region [42]. The incorporation of memory mechanisms has considerably
improved the ability of these methods to capture long-term temporal dependencies [21]. A
spatiotemporal feature memory bank allows the current frame to be matched with multiple
historical observations, reducing the dependence on step-by-step propagation between
adjacent frames. This approach offers greater stability in long videos and in cases where the
target is occluded or undergoes appearance changes [43]. Research along this line has also
provided an important basis for the memory architecture adopted by video segmentation
models such as SAM 2 [19].

Drawing on advances in feature matching and memory-based modeling, this study
investigates their application to hyperspectral video object segmentation, with particular
emphasis on improving temporal segmentation under complex scene conditions.

2.3. Memory-Based Video Object Segmentation

Memory-based video object segmentation methods have become a major focus of
semi-supervised VOS research in recent years, largely because of their ability to model
long-term temporal dependencies, recover targets after occlusion, and generalize across
different scenes. The Space-Time Memory Network (STM) [42] was the first to system-
atically introduce an external memory mechanism into semi-supervised VOS. It encodes
image-mask features from the first and historical frames into a memory bank and retrieves
target information through dense spatiotemporal matching, substantially improving the
use of long-term reference information. STCN [43] further refined feature representation
and matching. Its more effective memory reading and propagation mechanisms strengthen
the distinction between the target and background while reducing the adverse effects of
redundant historical features on segmentation. Designed for long videos, XMem [21]
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employs a hierarchical memory architecture that jointly manages sensory, working, and
long-term memories. This architecture preserves representative historical information
while controlling storage overhead, thereby alleviating feature interference and reduced
inference efficiency in very long sequences. Building on XMem, XMem++ [44] improves
the construction and use of long-term memory. More representative reference informa-
tion is incorporated to strengthen target representation and improve target retrieval under
challenging conditions such as severe occlusion and rapid motion. Cutie [45] instead em-
phasizes the joint modeling of object-level representations and pixel-level features. It uses
object queries to improve the separation of foreground targets from distracting background
regions, reducing the influence of background noise on memory matching and target pre-
diction while maintaining a favorable balance between accuracy and efficiency. RDE [46]
introduces a recurrent dynamic embedding mechanism that continuously updates target
embeddings according to inter-frame dynamics. The resulting representation adapts to
changes in target appearance, scale, and state, partly mitigating the limited temporal adapt-
ability and accumulated drift associated with fixed embeddings. JointFormer [47] combines
the global association modeling capability of Transformers with joint spatiotemporal feature
fusion. By modeling spatial details together with global temporal relationships, it accounts
for both frame-level local segmentation accuracy and video-level temporal consistency,
yielding strong overall performance in complex dynamic scenes.

Despite these advances, most existing memory management methods update historical
information according to fixed temporal intervals, predefined memory capacities, or general
feature similarity. They rarely assess the reliability of candidate memories specifically under
complex scene conditions. When low-quality prediction features are repeatedly written
to the memory bank, erroneous information may propagate to subsequent frames and
eventually cause segmentation drift. To address this limitation, we introduce an Adaptive
Correlation Memory Selection strategy into the memory-based framework. It is intended to
improve the reliability of historical memories and the temporal stability of predictions in
hyperspectral video object segmentation.

2.4. Segment Anything Model 2

Building on the progress made by memory-based VOS methods, general-purpose
visual segmentation models have further advanced video object segmentation toward uni-
fied frameworks and large-scale pretraining. Among them, the SAM 2 [19] combines
general-purpose visual segmentation with a memory mechanism. It achieves high segmen-
tation accuracy, temporal consistency, and zero-shot generalization in open-world scenarios,
providing the foundation for our investigation of hyperspectral video object segmentation.

Benefiting from its general segmentation and temporal tracking capabilities, SAM 2
has been extended to a variety of application scenarios. YOLO-SAM2 [48] incorporates a
YOLOVS detector to generate segmentation prompts automatically, thereby reducing the
need for manual interaction. SurgSAM?2 [49] optimizes temporal modeling and inference
efficiency for surgical videos to meet the stability and real-time requirements of medical
applications. Det-SAM2 [50] improves automation and computational efficiency in long-
video processing through automatic object prompt generation and optimized resource
management. SAM2Long [51] employs multi-path inference and result selection to alleviate
error accumulation over long sequences. DAM4SAM [22] introduces a distractor-aware
memory design and an introspective update strategy to address ambiguities in target
association caused by visually similar distractors in complex dynamic scenes.

With the development of hyperspectral video technology, SAM 2 has also begun to be
applied to hyperspectral video analysis. HyperSAM [52] is built upon SAM 2 and stores
historical target information in a memory bank. It selects historical frames relevant to the
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current target state through correlation measurement, strengthening target association
across frames. DeSAM2 [53] likewise develops a hyperspectral object tracking framework
based on SAM 2. By introducing a detection-based self-prompting mechanism, it continually
supplies the model with prior information about the target location and improves tracking
continuity in dynamic environments. These studies provide preliminary evidence that SAM
2 can be applied to hyperspectral video tasks and also indicate the potential of integrating
general-purpose segmentation models with hyperspectral information.

Despite substantial progress in semi-supervised VOS, most existing methods have
been developed for RGB videos. Their feature extraction, target embedding, and mem-
ory matching processes rely primarily on visual cues from the three RGB channels, with
limited consideration of the multiband structure and spectral-spatial coupling inherent
in hyperspectral videos. Existing hyperspectral extensions of SAM 2 still exhibit insuffi-
cient spectral-spatial interaction, inadequate identification of informative spectral bands,
and limited use of spectral features. Consequently, they cannot fully exploit the ability of
hyperspectral data to distinguish targets with similar appearances but different material
properties. Moreover, memory management in SAM 2 is mainly governed by fixed rules
and does not adequately assess the relevance of historical memories to the current target
state. Low-quality memory entries may therefore continue to interfere with subsequent
predictions. To address these limitations, we develop SSAM-SAM?2 for hyperspectral video
object segmentation using SAM 2 as the base framework. The proposed model is intended
to make more effective use of the spectral-spatial information in hyperspectral videos while
improving the reliability of memory management and the stability of segmentation in
complex temporal scenarios.

3. Methods

The overall architecture and data flow of the proposed SSAM-SAM2 network are
illustrated in Figure 1. For each video frame, SSIE jointly processes the hyperspectral image
and the corresponding three-channel false-color RGB image derived from it. SSIE selects
informative spectral bands, refines the complementary information contained in the residual
bands, and interacts the resulting spectral features with the spatial details of the false-color
RGB image. The resulting three-channel spectral-spatial representation is subsequently
fed into the SAM 2 framework. The Image Encoder extracts the current-frame features,
which are integrated with reliable historical target information from the Memory Bank
through Memory Attention. The Mask Decoder then predicts the target mask for the current
frame. The predicted mask and the associated frame features are further used by ACMS
to filter candidate memories, characterize the current target state, and adaptively control
temporal memory selection and updating. The selected historical features are written into
the Memory Bank and serve as temporal references for the subsequent frames. In this
framework, SSIE enhances the spectral-spatial representation of the current frame, ACMS
regulates the temporal information retained for future inference, and the basic SAM 2
architecture performs image encoding, memory interaction, and mask decoding. Section 3.1
briefly reviews the basic SAM 2 architecture, while Sections 3.2 and 3.3 describe SSIE and
ACMS, respectively.
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Figure 1. Overall architecture and data flow of SSAM-SAM2. For each frame, the hyperspectral image
and its corresponding three-channel false-color RGB image are jointly processed by SSIE to generate a
fused spectral-spatial representation compatible with SAM 2. The fused representation is encoded
and combined with the historical information selected by ACMS through Memory Attention, after
which the Mask Decoder predicts the current target mask. The predicted mask and frame features
are subsequently used by ACMS for target-state characterization, candidate-memory selection, and
Memory Bank updating, thereby supporting the segmentation of subsequent frames.

3.1. SAM 2 Preliminaries

The Image Encoder of SAM 2 employs Hiera [54] as its backbone to encode the input
image. Hiera simplifies the conventional multiscale Vision Transformer architecture by
removing redundant structures and certain specialized components, resulting in a more
compact and efficient network. During pretraining, Hiera learns general visual represen-
tations using a Masked Autoencoder (MAE). Without relying on an elaborate multiscale
design, it can effectively capture both shallow texture patterns and high-level semantic
information. The resulting image embeddings support subsequent temporal modeling and
mask prediction across the video sequence.

Memory Attention integrates the current-frame features produced by the Image En-
coder with historical temporal information stored in the Memory Bank. The module is
composed of multiple stacked Transformer layers. Self-attention is first applied to the
current-frame features to model pixel-level relationships within the frame. Cross-attention
then enables contextual interaction between the current-frame features and the spatial
features and target semantics retained from historical frames. Through this process, the
representation of the current frame can draw on previously observed target information,
improving the model’s ability to accommodate changes in target appearance.

Mask Decoder uses multiple self-attention and cross-attention layers to decode and
fuse features of different dimensions. It produces several candidate segmentation masks,
the corresponding predicted mask-IoU confidence scores, and an object-presence score
for the current frame. Following a predefined candidate-selection rule, the mask with the
highest confidence is taken as the final segmentation result for that frame.

Memory Bank stores and updates historical information using a First-In-First-Out
(FIFO) queue. Its storage policy distinguishes between the initialization frame and recently
processed frames. The supervised target features extracted from the initialization frame
are retained permanently and serve as a global prior for subsequent segmentation. In
parallel, target-tracking memory features from the six most recent frames are stored dy-
namically. Temporal positional encodings are assigned to these recent frames to indicate
their chronological order. However, the original SAM 2 adopts a fixed-window memory
update strategy and does not explicitly assess the quality of historical memories. During
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continuous tracking, low-confidence or even erroneous target features may be written to
the Memory Bank and subsequently used for feature matching. The resulting errors can
accumulate from frame to frame, reducing segmentation accuracy and tracking stability in
complex scenes.

3.2. Spectral-Spatial Interaction Enhancement Module

The original SAM 2 accepts only three-channel visual inputs and is not designed to
process high-dimensional hyperspectral data directly. It therefore cannot fully exploit
target-specific spectral differences, particularly when the target and background have
similar spatial appearances but different spectral responses. To bridge this modality gap,
we develop a Spectral-Spatial Interaction Enhancement (SSIE) module that transforms
the hyperspectral data and the corresponding HSI-derived false-color RGB image into a
three-channel spectral-spatial representation compatible with SAM 2.

SSIE draws on two groups of existing components: BandsGate and Band Embed-
ding from HyperTrack [55], and Spectral Attention (SA) and Image-level Fusion (IF)
from HyA-T [56]. We do not regard these individual operators as new contributions. In-
stead, the proposed modification lies in reorganizing them into a hierarchical band-routing,
residual-compensation, and multi-branch fusion architecture specifically for SAM 2-based
hyperspectral video object segmentation.

More specifically, BandsGate first ranks the aligned hyperspectral bands according to
their learned importance. The highest-ranked bands are routed to a core spectral branch,
whereas the remaining valid bands are retained in a separate residual-compensation branch.
Unlike HyA-T, which directly performs attention and fusion using all hyperspectral bands,
SSIE applies SA and IF only to the selected core bands. By restricting the interaction to
the selected core bands, SSIE reduces interference from redundant or noise-dominated
bands during fusion with the spatial features extracted from the false-color RGB image.
Meanwhile, the residual bands are processed by Band Embedding to recover complementary
spectral cues that may not receive high selection weights but can still contribute to target
discrimination. The outputs of the core spectral-spatial interaction branch and the residual-
compensation branch are subsequently combined with the false-color RGB spatial branch
through learnable weighted fusion rather than direct channel concatenation. The resulting
three-channel representation preserves the input compatibility of the pretrained SAM 2
Image Encoder. During training, SSIE and the SAM 2 backbone are optimized jointly using
the segmentation objective, allowing the band-importance estimation, spectral refinement,
residual compensation, and branch-fusion weights to adapt to the downstream segmentation
task. Therefore, SSIE is not a sequential concatenation of existing components; it is a task-
oriented reorganization that coordinates selective spectral enhancement, complementary
information preservation, and modality adaptation within a unified front-end module.

The detailed structure of BandsGate is presented in Figure 2b. Its primary purpose is
to select hyperspectral bands that provide strong target discrimination. Unlike conventional
methods based on fixed band selection, BandsGate learns a target-saliency weight for
each band adaptively through convolutional feature extraction and nonlinear mapping.
The HVOS dataset contains three types of hyperspectral data with different numbers of
bands: NIR with 25 bands, VIS with 16 bands, and RedNIR with 15 bands. To provide a
consistent input dimensionality, we follow the band-alignment strategy proposed in our
previous work [55]. Specifically, VIS and RedNIR data are zero-padded along the spectral
dimension to 25 bands, allowing the three types of hyperspectral data to be processed in a
standardized form.
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Figure 2. Architecture of the SSIE module: (a) Overall architecture; (b) BandsGate module; and
(¢) Band Embedding module. BandsGate routes the highest-ranked bands to the core spectral-spatial
interaction branch, while Band Embedding transforms the remaining valid bands into residual-
compensation features. The core interaction features, residual-compensation features, and false-color
RGB spatial features are combined through learnable weighted fusion to generate the three-channel
representation supplied to SAM 2.

More specifically, BandsGate consists of two depthwise convolution (DW) layers,
global average pooling (GAP), and a multilayer perceptron (MLP). Two depthwise con-
volutions with kernel sizes of 7 x 7 and 3 x 3 are first applied to extract spatial features
independently from each spectral band. This operation enlarges the spatial receptive field
while preventing premature feature mixing across bands. GAP is then used to aggregate
the feature map of each band over the spatial dimensions, producing a corresponding
global statistical representation. Finally, these representations are passed through the MLP
for nonlinear mapping to generate a saliency score for each band. This process can be
formulated as follows:

§ = MLP(GAP(DW;,3(DWy,;(D)))) (1)

where | € R?*HW denotes the hyperspectral input after zero-padding and band alignment,
and S € R denotes the saliency scores assigned to the individual spectral bands. The
bands are ranked in descending order according to their saliency scores, and the ten highest-
scoring bands are selected to form the core discriminative spectral branch, denoted by
Loore € RI>HXW The effectiveness of selecting the top ten bands has been experimentally
validated in [55]. In addition to these core bands, the remaining bands I, € RS=*W are
retained to form a residual spectral compensation branch. This branch is intended to recover
complementary discriminative information from bands with relatively weak responses.
After excluding the zero-padded channels, the numbers of residual valid bands C,,, are 15,

6, and 5 for the NIR, VIS, and RedNIR data, respectively.
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The residual bands retained by BandsGate are processed independently by the Band
Embedding module for feature embedding and dimensional transformation. Its detailed
structure is presented in Figure 2c. The module comprises three pointwise convolution
(PW) layers and one depthwise convolution (DW) layer and can be expressed as:

Iextra = PW(PW(PW(DW?)XS (Ires)))) (2)

where [, represents the residual-band features retained after BandsGate selection, and
Loira € R¥H*W represents the three-channel spectral compensation features produced by
Band Embedding. The module further extracts and aggregates informative content from the
residual bands, forming an independent spectral compensation branch. This branch comple-
ments the core discriminative spectral branch by preserving fine-grained spectral cues that
may otherwise be overlooked. Through further exploitation of the potentially discriminative
information carried by the residual bands, Band Embedding improves the utilization of
hyperspectral data and strengthens the model’s sensitivity to subtle spectral differences.
The SA and IF modules are employed to enable interaction and fusion between spectral
and spatial information, as illustrated in Figure 2a. The SA module follows the low-rank
projection attention architecture proposed in [56] and emphasizes informative spectral
channels through adaptive weight assignment. In contrast to the original method, which
directly takes all hyperspectral bands as input, our implementation feeds only the core-band
features selected by BandsGate into the SA module. This modification directs the model
toward spectral information with greater discriminative value. The computation is defined
as follows:
Vs = Flatten (I ) (3)

VSA = Wup (ReLU ( Wdown ( VHS) ) ) (4)

where Vg € RI”HW denotes the flattened vector of the core hyperspectral bands;
Waowns Wyp denote the down-projection and up-projection operations in the SA module,
and Vg, represents the refined spectral features produced by attention-based enhancement.
These refined features are subsequently fed into the IF module, where they interact with the
spatial features of the corresponding false-color RGB image through a parameter-free fusion
operation. In this manner, material-discriminative information from the hyperspectral data
is incorporated into the spatial texture representation of the corresponding false-color RGB
image. The fusion process is defined as follows:

Vrae = Flatten(Irgb) (5)
Vg = Softmax(Vrgp % V3, ) x Vg (6)
I = Reshape(Vg) (7)

where I;; € R¥>*H¥W denotes the three-channel spectral-spatial feature obtained through
interaction between the core spectral bands and the false-color RGB features. This rep-
resentation retains both spectral discriminability and fine-grained spatial structure. To
integrate the complementary features produced by the different branches, we further design
a learnable weighted fusion strategy. It aggregates the spatial details from the false-color
RGB branch, the spectral-spatial features produced by the IF module, and the compensation
features generated by Band Embedding. The fusion operation is formulated as:

Ifinal = Irgb + Wy - Iif + W, - Iextra (8)

where [;,,; € R¥HW denotes the final three-channel representation, and w;, w, are learn-
able parameters used to balance the contributions of the false-color RGB spatial branch, the
core spectral-spatial interaction branch, and the residual spectral-compensation branch.
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The three branch outputs are combined by weighted summation rather than direct channel
concatenation. These fusion parameters, together with the band-selection and feature-
transformation components of SSIE, are optimized jointly with the SAM 2 backbone under
the downstream segmentation objective. Consequently, the final representation is learned
according to its contribution to target segmentation rather than being produced by a fixed
combination of independently processed features. Accordingly, the quality of the repre-
sentation delivered to SAM 2 does not depend exclusively on the core bands selected by
BandsGate. If the selected core bands provide incomplete or locally unreliable cues, the
residual-compensation branch retains information from all remaining valid bands, while
the direct HSI-derived false-color RGB branch supplies stable target-boundary, texture,
and spatial-structure information. The learnable weighted fusion further balances these
complementary sources under the downstream segmentation objective, thereby reducing
the sensitivity of the final representation to imperfect core-band selection.

Overall, the contribution of SSIE lies in the coordinated processing strategy rather
than in the individual inherited operators. It first separates the hyperspectral bands into
core and residual groups, performs attention-based spectral-spatial interaction only on the
more informative core bands, and preserves complementary information from the residual
bands through an independent compensation path. The two spectral branches are then
adaptively balanced with the spatial representation of the HSI-derived false-color RGB
image to produce a three-channel input for SAM 2. This hierarchical design reduces the
interference of redundant bands without completely discarding weaker spectral responses
and enables the resulting representation to be optimized jointly with the downstream
segmentation network.

3.3. Adaptive Correlation Memory Selection Module

To clarify the relationship between ACMS and existing memory mechanisms, we
distinguish its inherited foundations from the target-state-driven components introduced in
this work. ACMS retains the memory organization of the Distractor-Aware Memory (DAM)
framework in DAM4SAM [22] and adopts the inter-frame correlation measurement used in
HyperSAM [52]. On top of these foundations, we introduce candidate-memory prefiltering,
target-state statistics, adaptive sampling-stride control, and a dynamic correlation-selection
window. Therefore, the contribution of ACMS lies not in redefining the basic memory
branches or correlation operator, but in coordinating them through an adaptive selection
strategy according to the current target state.

Inherited foundations. From DAM4SAM, ACMS retains the division of temporal mem-
ory into Recent Appearance Memory (RAM) and Distractor-Resolving Memory (DRM).
DRM stores robust correction references, including the initialization frame and dynamically
identified distractor frames, which provide a stable global target prior and help prevent
tracking drift. DRM does not use temporal positional encoding and is updated only when
the target is present, the required update interval has elapsed, and the tracking state is
considered reliable. The key distractor frames are identified according to the disagreement
among multiple mask hypotheses. RAM is responsible for short-term appearance modeling
and retains the buffering mechanism, temporal positional encoding, and valid-target update
constraint of the original framework. However, the original RAM is updated uniformly at a
fixed interval of five frames and replaces memories primarily according to temporal order,
without explicitly considering target scale or the degree of inter-frame variation.

ACMS also adopts the target-centered feature aggregation and depthwise grouped
convolution-based correlation measurement from HyperSAM. This measurement estimates
the similarity between historical and current target features and provides the correlation
scores required for ranking candidate memories. Nevertheless, the inherited correlation
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operator itself does not determine when correlation-based selection should be activated or
how densely historical frames should be sampled under different target states.

Proposed adaptive components. On the basis of the inherited memory organization
and correlation measurement, we introduce a target-state-driven memory selection strat-
egy. Candidate frames with empty masks, frames already stored in DRM for distractor
correction, and invalid frames without visual features are first excluded. The remaining
valid historical masks are then used to calculate the mean target-pixel proportion and the
coefficient of scale variation, which characterize the target scale and the degree of tem-
poral deformation, respectively. Based on these statistics, two piecewise functions adapt
the memory-sampling stride and correlation-selection window to the current target state.
Within the dynamically determined correlation window, the inherited correlation scores are
used to rank candidate frames, whereas outside this window, historical frames are sampled
using the target-state-dependent stride. A temporally adjacent frame is additionally retained
to preserve short-term continuity. In this way, ACMS converts the fixed memory update
and correlation-selection process into an adaptive mechanism governed by target scale and
temporal variation.

It should be clarified that ACMS is not a hyperspectral-specific operator in terms of its
basic computation. It does not directly process spectral bands or wavelength-dependent
responses, and its target-state statistics and inter-frame correlation logic can, in principle,
be applied to other visual modalities. In the proposed framework, its HSI-VOS orientation
arises at the system-integration level: ACMS operates on temporal features extracted by SAM
2 from the SSIE-enhanced spectral-spatial representation, and its target-state thresholds
are determined according to the statistics of the HVOS training data. Therefore, the spectral
information affects ACMS indirectly through the feature representation and correlation
distribution, rather than through an explicitly spectral memory operator.

As illustrated in Figure 3, at intervals of h,,, frames, the model examines the target
states in the preceding /,,, valid historical frames. A temporal sequence of target sizes is
{n1,ny,...,m,_} then constructed to calculate the mean target-pixel proportion mr and the
coefficient of scale variation cv. These statistics are computed as follows:

1 hmax
R, 9)
max j=1
1 hmax
0, = \J ) (n;=7)° (10)
max j—]
n
mr= e (11)
Uﬂ
0= (12)

where #; denotes the number of valid foreground pixels in the target mask of the i-th
frame, obtained from the foreground region of the predicted mask. The symbol ., is the
length of the temporal statistics window and determines the number of valid historical
frames used for each target-state estimate. The term 7 denotes the mean number of target
pixels within this window, while ¢,, is the population standard deviation of the target-pixel
counts and characterizes the absolute magnitude of target-size fluctuations. The symbols H
and W denote the height and width of the video image features, respectively. The mean
target-pixel proportion, denoted by mr, describes the overall image scale of the target. The
dimensionless coefficient of scale variation, denoted by cv, measures the relative temporal
fluctuation in target size and reduces the influence of differences in absolute target size.
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Figure 3. Architecture of the ACMS module. The memory organization inherited from DAM4SAM and
the inter-frame correlation measurement adopted from HyperSAM provide the memory-storage and
similarity-estimation foundations. Candidate-memory prefiltering, target-state statistics, adaptive
sampling-stride control, and the dynamic correlation-selection window constitute the proposed
components of ACMS. Solid arrows denote feature-processing and correlation-ranking flows, green
dashed arrows denote memory sampling, selection, and update paths, and orange dotted arrows
denote state-dependent control paths for the sampling stride and correlation window.

Unlike memory update strategies governed by fixed parameters, we define discrete
piecewise control functions based on these two statistics. The functions switch the sampling
stride and correlation-selection window adaptively according to the current target state:

Rgs, mr<mr S, cv<cv_H

Rgy, mr<mr_S, cv>cu_H

Ryg, mr_ S <mr <mr_M, cv < cvo_H

R(mr,cv) = ’ (13)
Ryy, mr S<mr <mr_M, cv>cv_H

Rps, mr>mr_M, cv <cv_H

Ry vy, mr>mr_ M, cv>cvo_ H

Gss, mr<mr_S, co<cu_H

Ggy, mr<mr_S, cv=>cuv_H

Gy, mr S<mr<mr_M, cv<cu_H

G(mr,cv) = MS (14)
Gpmy, mr_S<mr<mr_M, cv>cu_H

Grs, mr>mr_M, cv<cu_H

GLy, mr>mr_M, co>cu_H

where the subscripts S, M, L correspond to the small, medium, and large-target scale cat-
egories, respectively, whereas S, V indicate the Stable and Volatile states. The term mr_S
denotes the scale threshold separating small and medium targets, and mr_M denotes the
threshold separating medium and large targets. The term cv_H is the threshold used to
distinguish different levels of target deformation fluctuation. The output R of the function
R(mr,cv) is used as the dynamic sampling stride rank_stride (r,). It replaces the origi-
nal fixed sampling interval of five frames and adapts the sparsity of memory updates
to the current target state. The output G of G(mr,cv) serves as the dynamic window
threshold max_gap (g,,), which limits the effective temporal range for correlation-based
selection. When target-state statistics are not computed, both functions use their default
parameter settings.
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The two target-scale thresholds, mr_S and mr_M, are determined from a statistical
analysis of the target-scale distribution in the dataset. The results show that the mean
target-pixel proportions are concentrated primarily between 1% and 10%. We therefore
set the two thresholds to 0.02 and 0.10, respectively, to better reflect the distribution of
target scales in the hyperspectral video scenes considered in this work. The setting of
cv_H hg,,, and the specific outputs R and G of R(mr, cv) and G(mr,cv) under different
combinations of scale and fluctuation states will be systematically investigated through
controlled parameter experiments.

The proposed mechanism adaptively generates two core dynamic parameters according
to the observed target state. For a small target undergoing substantial variation, a shorter
sampling stride and a larger correlation window are used to increase the sampling density
and capture transient appearance changes. By contrast, a larger sampling stride and a more
restrictive correlation window are adopted for a large target with stable motion, reducing
the update frequency and avoiding redundant memories. Compared with a fixed-parameter
update strategy, this design is better able to accommodate the varying target conditions
encountered in complex scenes.

The procedure for target-centered feature extraction and inter-frame correlation scoring
is illustrated in Figure 3 and can be formulated as follows:

¢y, = AvgPool(¢(x;) N M), i€ [t—t,t—1] (15)
¢z, = P(2) (16)
f(@:, ¢x,) = Conv(¢.,, ¢, group = C) (17)

where t denotes the temporal position of the current search frame, and ¢ represents the
image feature encoder. The encoded feature of the current frame is denoted by ¢, € RV
and serves as the input to the subsequent convolution operation. The term M € R>H*W
denotes the downsampled and spatially aligned target-centered binary mask generated
from the bounding box of the predicted mask. It is used to suppress irrelevant background
features and retain features within the target region. The symbol f, represents the temporal
span over which historical candidate frames are selected. The target-centered feature of
a historical candidate frame, denoted by ¢, € RO is obtained through mask-based
cropping followed by mean pooling. During correlation computation, this feature is used as
a channel-wise convolution kernel. Equation (17) performs inter-frame feature correlation
matching through depthwise grouped convolution. The number of groups is set equal to the
number of feature channels group = C. Each channel is therefore matched independently,
preventing feature mixing across channels. The convolution produces a similarity score map
over the spatial grid ) C H x W. The peak response in the score map is taken as the final
correlation score between the corresponding historical frame and the current frame. This
score measures how closely the historical target appearance matches the current target state.
The proposed ACMS module first uses the output G of the piecewise function G (mr, cv),
i.e., g,,, as the threshold for determining the correlation-analysis window. If the temporal
distance g between the current frame and the most recent DRM anchor frame does not
exceed g,,, the target is considered to remain within the window in which correlation
analysis is required. The anchor frame provides a fixed temporal reference throughout this
window. Even if another frame is added to DRM before the window ends, the original
DRM frame remains the anchor. This prevents accumulated errors that could otherwise
arise from recursively replacing the temporal reference during correlation computation.
Within the correlation-analysis window, the module no longer uses conventional
sampling with a fixed temporal stride. Instead, it computes correlation scores between
the current-frame features and the candidate memory frames, ranks the candidates in
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descending order, and selects the 7 — 1 — npg,, highest-scoring frames. One memory slot
is additionally reserved for a temporally adjacent reference frame to preserve continuity
in the short-term temporal context. The npg,, denotes the number of frames currently
stored in DRM. The temporal selection span for historical candidate frames involved in
correlation computation is set to 35 frames, providing sufficient temporal information while
limiting the computational overhead. Once the target moves beyond this window and is no
longer subject to the constraint imposed by the stable DRM anchor, the model reverts to
interval-based temporal sampling. Candidate frames are then sampled using the dynamic
stride R produced by the function R(mr, cv), i.e., r;. A temporally adjacent reference frame
is also retained at this stage to maintain short-term continuity, resulting in a final selection of
7 —1 — npry candidate frames. Temporal positional encodings are assigned to the selected
high-quality temporal memory frames. These frames are subsequently concatenated with
the distractor-correction memories in DRM to form the final Memory Bank.

Overall, the RAM/DRM organization inherited from DAM4SAM and the correlation
measurement adopted from HyperSAM provide the storage and feature-matching foun-
dations of ACMS. The proposed contribution consists of candidate-memory prefiltering,
target-scale and deformation statistics, adaptive control of the sampling stride and corre-
lation window, and state-dependent switching between correlation-based selection and
dynamic-stride sampling. Their integration enables memory samples to be selected ac-
cording to the current target requirements, reducing redundant updates and limiting the
propagation of unreliable historical information.

4. Experiments

This section describes the experimental setup, dataset construction, implementation
details, and evaluation metrics. To evaluate the performance and effectiveness of SSAM-
SAM2, we compare it with a range of video object segmentation methods. Ablation studies
are further conducted to examine the contribution of each proposed module, while con-
trolled parameter experiments are used to assess how different threshold combinations
affect segmentation performance.

4.1. Datasets

Existing video object segmentation datasets, including DAVIS [57], YouTube-VOS [58],
and MOSE [59], consist primarily of conventional RGB video frames and their correspond-
ing segmentation masks. They do not provide detailed spectral information about the targets
and are therefore insufficient for spectral-spatial feature discrimination and model evalua-
tion in hyperspectral scenarios. To evaluate the proposed spectral-spatial enhancement and
temporally adaptive memory mechanisms for hyperspectral video object segmentation, we
construct a hyperspectral video object segmentation dataset containing paired HSI and HSI-
derived false-color RGB representations, termed HVOS, based on the Hyperspectral Object
Tracking (HOT) dataset [60]. HVOS covers three representative hyperspectral settings and
provides the data required for investigating hyperspectral video object segmentation.

The HOT dataset was acquired using three XIMEA snapshot hyperspectral cameras cov-
ering the visible (VIS), near-infrared (NIR), and red-edge near-infrared (RedNIR) spectral
ranges. Although the official HOT dataset description does not specify the exact commercial
model of each camera, XIMEA xiSpec configurations matching the three spectral settings
employ 4 x 4 VIS, 5 x 5 NIR, and 4 x 4 RedNIR snapshot spectral-filter mosaics, respec-
tively [61]. These configurations are based on a 2.2-megapixel ams/CMOSIS CMV2000
CMOS detector with a native detector resolution of 2048 x 1088 pixels, a pixel size of 5.5 pm,
a global shutter, and 10-bit digitization. Here, the native detector resolution refers to the res-
olution of the raw spectral mosaic rather than the effective spatial resolution of each spectral
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band after mosaic reconstruction. Each HSI frame is reconstructed as a three-dimensional
data cube consisting of two spatial dimensions and one spectral dimension. Accordingly,
each spatial location contains spectral responses across multiple bands, enabling the data
to characterize both spatial appearance and material-related spectral properties. For each
HSI frame, the corresponding three-channel false-color image was generated from the
same hyperspectral data using CIE color-matching functions; throughout this paper, these
derived false-color images are referred to as false-color RGB images.

After calibration, the VIS, NIR, and RedNIR data contain 16, 25, and 15 spectral bands,
respectively. The wavelength range is 460-620 nm for VIS, 625-975 nm for NIR, and 595-860
nm for RedNIR, collectively covering typical imaging wavelengths from the visible to the
near-infrared spectrum. All videos were captured at a frame rate of 25 FPS.

When constructing HVOS, we retained the original partition assignment of every se-
lected HOT video sequence. The VIS subset contains 55 training sequences and 46 test
sequences; the NIR subset comprises 40 training sequences and 30 test sequences; and the
RedNIR subset includes 15 training sequences and 11 test sequences. The split was per-
formed at the complete video-sequence level, without randomly redistributing individual
frames. All frames from a given sequence were therefore assigned exclusively to either
the training set or the test set, preventing same-sequence frame leakage. No additional
scene-level regrouping was performed beyond the original HOT partition.

Since the original annotations of HOT were intended primarily for object tracking, we
further annotate pixel-level target segmentation masks using the corresponding false-color
RGB images. The relatively clear spatial textures and target boundaries in these false-color
RGB images facilitate the annotation of accurate binary foreground masks. For every frame,
we also record the number of foreground pixels and the corresponding variation in target
scale. These annotations and statistics provide supervision for hyperspectral video object
segmentation and furnish empirical data for the subsequent adaptive parameter-control
mechanism, ablation studies, and parameter sensitivity analysis.

4.2. Experimental Setup
4.2.1. Experimental Settings

The proposed model is implemented primarily using PyTorch 2.5.0 with CUDA 12.4
and trained in a distributed manner on two NVIDIA RTX 4090 GPUs. Some comparison
models are trained on a single GPU. All SAM 2-based methods use sam?2.1_hiera_base_plus
as the base model. During training, the batch size is set to 1 per GPU, and eight frames
are sampled from each video sequence. All input images are cropped to a resolution of
512 x 512, and the maximum number of training epochs is set to 120. AdamW is employed
for optimization. The initial learning rate of the overall network is set to 5.0 x 10-¢, while
that of the Image Encoder backbone is separately set to 3.0 x 107°. A cosine annealing
schedule is adopted, with the final learning rate decaying to one-tenth of its initial value. To
improve training stability and facilitate effective transfer of the pretrained model, layer-wise
learning-rate decay is applied to the Image Encoder backbone with a decay factor of 0.9.
Only the positional encoding parameters retain the global learning rate. Gradient clipping
is also enabled during training, with the maximum gradient norm set to 0.1. Both the
proposed SSIE module and the SAM 2 backbone are trained end to end. By contrast, ACMS
is a training-free memory selection mechanism and introduces no additional learnable
parameters; it is therefore excluded from gradient-based optimization.

https://doi.org/10.3390/rs18213801


https://doi.org/10.3390/rs18213801

Remote Sens. 2026, 18, 3801

19 of 32

4.2.2. Evaluation Metrics

Following the evaluation protocol of DAVIS [57], HVOS use region similarity, measured
by the Jaccard index [, contour accuracy J, and their mean [&F. These metrics are
calculated as follows:

MnNG
J=wmuc (18)
2P.R
== 09
F
J&F = ]—; (20)

where M denotes the segmentation mask predicted by the model, and G denotes the ground-
truth annotation. The symbols P, and R, represent contour precision and contour recall,
respectively. The region similarity metric | measures the pixel-level overlap between
the predicted and ground-truth masks and is a principal measure of region segmentation
accuracy in video object segmentation. A higher [ score indicates a more accurate prediction
of the overall target region. Meanwhile, - focuses on the quality of the target boundary. It is
typically computed by extracting single-pixel contours from the predicted and ground-truth
masks through morphological operations, matching them within an adaptive boundary
tolerance, and combining contour precision and contour recall. This metric reflects the
model’s ability to delineate target contours, fine structures, and edge details. It can therefore
distinguish between segmentation results with similar region overlap but different levels of
boundary accuracy. By combining region overlap and contour accuracy, [&F provides an
overall assessment of model performance on hyperspectral video object segmentation.

4.3. Comparison Experiments and Analysis

To evaluate the effectiveness and generalization capability of SSAM-SAM?2, experiments
are conducted on the VIS, NIR, and RedNIR subsets of HVOS. The proposed method is
trained and tested using hyperspectral video data. For a fair comparison, we select several
representative RGB-based video object segmentation methods developed in recent years,
including STCN [43], RDE [46], DeAOT [41], XMem [21], XMem++ [44], JointFormer [47],
Cutie-B [45], SAM2-B+ [19], and the SAM 2 variants SAM2Long-B+ [51] and DAM4SAM-
B+ [22]. All comparison methods are trained and evaluated separately using the HSI-
derived false-color RGB videos from the corresponding subsets.

(1) Results on HVOS-VIS

The VIS subset contains 46 test video sequences, with each hyperspectral video com-
prising 16 spectral bands. Table 1 compares the proposed method with the RGB-based video
object segmentation methods on HVOS-VIS. SSAM-SAM2 achieves the best performance
across all three evaluation metrics, with J of 75.0%, J< of 85.4%, and J&ji of 80.2%. Com-
pared with the second-best method, DAM4SAM-B+, the proposed method improves the
J, F,and J&J by 2.3,2.2, and 2.2 percentage points, respectively. These results indicate
that the proposed method effectively exploits both spatial texture and spectrally discrim-
inative information in VIS hyperspectral data, improving the accuracy of target-region
segmentation and boundary delineation.

(2) Results on HVOS-NIR

The NIR subset consists of 30 test video sequences, each containing 25 spectral bands.
Table 2 reports the results of the different methods on HVOS-NIR. The proposed method
achieves the highest scores on all three metrics, achieving J, F, and J&F reaching 83.9%,
92.5%, and 88.2%, respectively. Specifically, the proposed method surpasses the second-best
method for the [, SAM2Long-B+, by 2.0 percentage points. For J and [&F, it outperforms
the respective runner-up, DAM4SAM-B+, by 1.1 and 1.6 percentage points. The results
suggest that, under near-infrared imaging conditions, the proposed method can effectively
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exploit multiband spectral information to distinguish the target from the background while
maintaining stable segmentation over time.

Table 1. Comparison of different video object segmentation methods on HVOS-VIS. The best and
second-best results are highlighted in bold and underlined, respectively.

Method Year  J(%)  F(%) J&F (%)  Params(M) GFLOPs
STCN 2021 61.1 752 68.2 54.43 100.0
RDE 2022 45.7 54.8 50.3 64.02 120.9
XMem 2022 68.2 779 73.1 62.19 199.0

DeAOT-L 2022 61.5 73.6 67.5 70.30 135.1

XMem++ 2023 66.4 76.0 71.2 62.19 184.9
Cutie-B 2024 61.1 71.7 66.4 35.02 71.9
SAM2-B+ 2024 70.5 80.5 75.5 80.85 91.8
JointFormer 2025 65.2 73.0 69.1 127.67 468.5
SAM2Long-B+ 2025 71.0 81.0 76.0 80.85 129.1
DAM4SAM-B+ 2005 727 832 78.0 80.85 91.8
Ours 2026 75.0 85.4 80.2 80.86 92.3

Table 2. Comparison of different video object segmentation methods on HVOS-NIR. The best and
second-best results are highlighted in bold and underlined, respectively.

Method Year  J(%)  F(%) J&F(%)  Params(M) GFLOPs
STCN 2021 67.7 82.1 749 54.43 100.0
RDE 2022 73.3 84.1 78.7 64.02 120.9
XMem 2022 79.2 88.1 83.7 62.19 199.0

DeAOT-L 2022 76.6 86.5 81.5 70.30 135.1

XMem++ 2023 79.2 88.0 83.6 62.19 184.9

Cutie-B 2024 74.3 85.4 79.9 35.02 71.9

SAM2-B+ 2024 79.9 88.7 84.3 80.85 91.8
JointFormer 2025 78.2 84.9 81.6 127.67 468.5
SAM2Long-B+ 2025 81.9 90.4 86.1 80.85 129.1
DAM4SAM-B+ 2005 818 91.4 86.6 80.85 91.8
Ours 2026 83.9 92.5 88.2 80.86 92.7

(3) Results on HVOS-RedNIR

The RedNIR subset contains 11 test video sequences, with 15 spectral bands in each
hyperspectral video. Table 3 presents the performance comparison on HVOS-RedNIR.
SSAM-SAM?2 obtains | of 59.2%, F of 67.6%, and [&J of 63.4%, outperforming all com-
parison methods on each metric. Relative to the second-best method, DAM4SAM-B+, the
proposed method yields improvements of 0.7, 0.9, and 0.8 percentage points in the J, F,
and J&F, respectively. HVOS-RedNIR contains fewer test sequences and presents compar-
atively difficult segmentation conditions, including pronounced background interference,
target-scale variation, and differences in spectral response. Nevertheless, SSAM-SAM?2
delivers consistent improvements, further demonstrating its adaptability and robustness
across different hyperspectral imaging ranges.

Overall, the proposed method achieves the best performance on the test sets of HVOS-
VIS, HVOS-NIR, and HVOS-RedNIR. These results demonstrate the general applicability
and effectiveness of the proposed spectral-spatial interaction enhancement mechanism
and adaptive correlation memory selection strategy across different hyperspectral sce-
narios. SSAM-SAM2 makes effective use of the multiband information in hyperspectral
videos, improving the discrimination between targets and complex backgrounds. Its more
reliable temporal memory management also contributes to stable segmentation across
consecutive frames.

https://doi.org/10.3390/rs18213801


https://doi.org/10.3390/rs18213801

Remote Sens. 2026, 18, 3801

21 of 32

Table 3. Comparison of different video object segmentation methods on HVOS-RedNIR. The best
and second-best results are highlighted in bold and underlined, respectively.

Method Year  J(%)  F(%) J&F(%)  Params(M) GFLOPs
STCN 2021 43.7 62.1 52.9 5443 100.0
RDE 2022 39.7 489 44.3 64.02 120.9
XMem 2022 50.2 58.4 54.3 62.19 199.0

DeAOT-L 2022 47.4 64.4 55.9 70.30 135.1

XMem++ 2023 50.2 58.5 54.4 62.19 184.9
Cutie-B 2024 459 549 50.4 35.02 71.9
SAM2-B+ 2024 52.8 60.2 56.5 80.85 91.8
JointFormer 2025 49.3 57.3 53.3 127.67 468.5
SAM2Long-B+ 2025 54.2 61.9 58.0 80.85 129.1
DAM4SAM-B+ 2005 585 66.7 62.6 80.85 91.8
Ours 2026 59.2 67.6 63.4 80.86 92.2

Figures 4-7 present qualitative segmentation results for several representative video
sequences. HVOS-VIS-paper (Figure 4) and HVOS-VIS-partylights6 (Figure 5) involve
challenges such as background occlusion, illumination variation, and interference from
visually similar objects. Under these conditions, most comparison methods either fail to
recover the correct target shape or mistakenly segment a distractor, whereas SSAM-SAM2
maintains accurate target segmentation. The HVOS-NIR-pedestrian7 (Figure 6) and HVOS-
RedNIR-rainystreet16 (Figure 7) sequences present additional difficulties, including small
moving targets, target occlusion, and targets moving out of the field of view. Many of
the comparison methods lose the target or switch to an incorrect object because of motion
and occlusion, while SSAM-SAM2 handles these situations more reliably. Compared with
the other methods, SSAM-SAM?2 produces more complete and accurate target masks in
complex scenes involving tiny moving targets, illumination changes, and occlusion, while
preserving target boundaries and temporal consistency more effectively. These qualitative
results further indicate that SSAM-SAM?2 has strong adaptability to diverse hyperspectral
scenes and promising potential for practical hyperspectral video object segmentation.

Frame 0042 Frame 0053 rame Frame 0190 Frame 0200 Frame 0218

GT

DAM4SAM

SAM2Long

SAM2

XMem

el

Figure 4. Qualitative comparison of segmentation results produced by different methods on the
HVOS-VIS-paper sequence.
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Figure 5. Qualitative comparison of segmentation results produced by different methods on the
HVOS-VIS-partylights6 sequence.

Frame 0028 Frame 0112 Frame 0124 Frame 0134 Frame 0145 Frame 0158
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DAM4SAM

SAM2Long
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Figure 6. Qualitative comparison of segmentation results produced by different methods on the
HVOS-NIR-pedestrian7 sequence.
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Figure 7. Qualitative comparison of segmentation results produced by different methods on the
HVOS-RedNIR-rainystreet16 sequence.

4.4. Ablation Study

Ablation studies are conducted on all three subsets by selectively enabling the proposed
components to assess their respective contributions to model performance. The results are
reported in Table 4. The baseline is the original SAM2-B+ model, which obtains [&F of
75.5%, 84.3%, and 56.5% on HVOS-VIS, HVOS-NIR, and HVOS-RedNIR, respectively. The
contribution of each subsequent component is analyzed relative to this baseline.

Table 4. Ablation results on the three HVOS subsets, including J&T (%), Params (M) and GFLOPs.
RGB denotes the HSI-derived false-color RGB input, and DFCB denotes the direct false-color branch.
The best scores are shown in bold.

FJ&F(%) GFLOPs
Type Method Params (M)
VIS NIR RedNIR VIS NIR RedNIR

RGB Baseline 755 843 56.5 80.85 91.8 918 91.8

RGB Baseline + ACMS 770 851 61.1 80.85 91.8 918 91.8

RGB Baseline + DAM 780  86.6 62.6 80.85 91.8 918 91.8
RGB + HSI Baseline + SSIE 781 849 57.7 80.86 923 927 92.2
RGB + HSI Baseline + SSIE + DAM 79.1 837 59.9 80.86 923 927 922
RGB + HSI Baseline + SSIE + ACMS  80.2  88.2 63.4 80.86 923 927 922
w/o DFCB Baseline + SSIE + ACMS ~ 51.0 223 33.9 80.86 923 927 92.2

(1) Effectiveness of SSIE

After integrating SSIE into SAM 2, the J&I scores increase by 2.6, 0.6, and 1.2 percent-
age points on HVOS-VIS, HVOS-NIR, and HVOS-RedNIR, respectively. These results show
that SSIE compensates for the limited spectral modeling capability of the original RGB-
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based video object segmentation model. It extracts discriminative features from multiband
hyperspectral data while incorporating the spatial structure provided by the correspond-
ing false-color RGB images, thereby improving the model’s adaptability across different
hyperspectral settings.

(2) Effectiveness of ACMS

When ACMS is further incorporated into the model equipped with SSIE, the [&F
scores increase by a further 2.1, 3.3, and 5.7 percentage points on HVOS-VIS, HVOS-NIR,
and HVOS-RedNIR, respectively. To examine the effectiveness of ACMS more thoroughly,
we also replace it with the DAM mechanism from DAM4SAM while retaining SSIE. DAM
improves [&F by 1.0 and 2.2 percentage points on HVOS-VIS and HVOS-RedNIR, re-
spectively. On HVOS-NIR, however, DAM does not adequately utilize the hyperspectral
information incorporated into the image features by SSIE. The segmentation performance
of some targets consequently deteriorates, resulting in a 1.2-percentage-point decrease
in [&F.

Compared with DAM, ACMS achieves gains of 1.1, 4.5, and 3.5 percentage points in
J&ji on HVOS-VIS, HVOS-NIR, and HVOS-RedNIR, respectively. To examine whether this
benefit depends exclusively on hyperspectral feature enhancement, we also apply ACMS
to the false-color RGB-only Baseline. In this setting, ACMS improves the scores by 1.5, 0.8,
and 4.6 percentage points, confirming that its target-state and correlation-based memory-
selection logic is modality-agnostic. When ACMS is combined with SSIE, the corresponding
improvements increase to 2.1, 3.3, and 5.7 percentage points. These results indicate that
ACMS remains effective without explicit hyperspectral features, while its integration with
the spectral-spatial representation produced by SSIE leads to larger gains on all three
subsets. Therefore, the benefit of ACMS in the proposed framework should be attributed to
system-level coordination between spectral-spatial representation and target-state-aware
memory management, rather than to a hyperspectral-specific correlation operator.

(3) Complementarity of HSI, SSIE, and ACMS

To investigate the effectiveness and complementarity of hyperspectral data, SSIE, and
ACMS, we additionally evaluate two false-color-RGB-only configurations: false-color RGB
with ACMS and false-color RGB with DAM. Compared with the complete model combining
HSI and false-color RGB inputs, SSIE, and ACMS, the RGB-only model equipped with ACMS
exhibits decreases of 3.2, 3.1, and 2.3 percentage points in [&J on HVOS-VIS, HVOS-NIR,
and HVOS-RedNIR, respectively. Meanwhile, compared with the RGB-only model equipped
with DAM, the RGB-only ACMS configuration records [&F scores that are 1.0, 1.5, and
1.5 percentage points lower on HVOS-VIS, HVOS-NIR, and HVOS-RedNIR, respectively.

These results further show that SSIE extracts discriminative information from HSI
data at the feature level, thereby alleviating feature ambiguity in static scenes. When
combined with SSIE, ACMS performs target-state-aware memory selection on the resulting
spectral-spatial representation and improves temporal memory reliability, helping to reduce
segmentation drift in dynamic hyperspectral scenes. SSIE and ACMS work collaboratively
to form an integrated framework that combines spectral-spatial feature enhancement with
temporally adaptive modeling. The experimental results also demonstrate the advantage
of using full hyperspectral information over relying solely on its three-channel false-color
RGB representation. Fine-grained spectral information provides material-discriminative
cues that are difficult to represent using RGB images and thus forms an important basis for
accurate hyperspectral video object segmentation.

To further investigate whether the complete HSI representation can compensate for the
removal of the directly propagated false-color spatial features, we construct an additional
variant by removing the direct false-color branch I, from the final adaptive fusion. This
variant is denoted as “w/o DFCB”, where DFCB represents the direct false-color branch.
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After its removal, the final SSIE output is generated only from the spectral-spatial interaction
feature I;; and the residual spectral compensation feature I, .,

Ifinal =W Iif +w; - Iextra (21)

This experiment removes only the independently propagated false-color RGB path-
way, not all false-color RGB information, because the IF-based spectral-spatial interaction
retains the false-color features. This design allows us to evaluate whether the HSI-centered
interaction and compensation branches can maintain segmentation performance without
the direct preservation of the false-color RGB spatial representation.

As shown in Table 4, the w/o DFCB variant achieves J&j:(%) scores of 51.0%, 22.3%,
and 33.9% on HVOS-VIS, HVOS-NIR, and HVOS-RedNIR, respectively. Compared with
the complete Baseline+SSIE+ACMS model, the corresponding scores decrease by 29.2,
65.9, and 29.5 percentage points. These substantial reductions show that the spectral-
spatial interaction feature and residual spectral compensation feature cannot independently
preserve the target boundaries, textures, and stable spatial structures required by the
pretrained SAM 2 backbone. Therefore, directly retaining the HSI-derived false-color RGB
spatial representation remains important in the current transfer framework.

(4) Parameter Sensitivity of ACMS

ACMS contains several parameters that may affect segmentation performance. The
parameter cv_H specifies the threshold used to determine the degree of inter-frame target-
feature variation. The parameter ,,, controls both the frequency of target-feature statistics
and the maximum number of valid historical frames included in each statistical estimate.
The output of the function R(mr, cv), denoted as R, determines the sampling interval for
candidate frames outside the non-correlation window, while the output of the function
G(mr,cv), denoted as G, defines the temporal extent of the correlation window.

To evaluate the influence of these parameters and identify an effective configuration,
controlled experiments are conducted on four principal parameters of ACMS. The parame-
ters are examined sequentially in the following order: cv_H, hy,,, R, and G. All parameters
are initialized to their default values. Once the best-performing value of a parameter is
identified, it is fixed for the remaining experiments. The performance obtained with the
resulting parameter configuration is presented in Figure 8. In each panel of Figure 8, the hor-
izontal axis presents the candidate settings of the corresponding ACMS variable, while the
vertical axis reports the mean segmentation score ]&33 (%), with higher values indicating
better segmentation performance.

The categorical labels on the R and G axes represent candidate output ranges of the
two piecewise functions defined in Equations (13) and (14), rather than single scalar
parameter values. Taking R = (3 ~ 6) as an example, its candidate settings are Rg , = 3,
Rss =Ry y =4, Ry s =Ry =5,and Ry 5 = 6. The candidate settings for G = (3 ~ 6)
are defined similarly as Ggy = 6, Gss = Gy y =5, Gy s = Gy = 4, and G, 5 = 3.
The sampling-stride configurations follow the principle that larger targets are sampled
more sparsely, whereas targets with greater fluctuations are sampled more densely. The
correlation-window configurations follow the opposite trend: the window becomes smaller
as the target scale increases and larger as target fluctuations become more pronounced.
These settings allow the sampling frequency and correlation-window range to adapt to
changes in target scale and temporal state, thereby improving memory-selection reliability
under the evaluated video conditions.
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Figure 8. Parameter sensitivity analysis of ACMS on the HVOS-VIS, HVOS-NIR, and HVOS-RedNIR
subsets: (a) inter-frame variation threshold cv_H; (b) statistics interval and maximum history length
hax (€) candidate sampling-stride range defined by R; and (d) candidate correlation-window range
defined by G. The horizontal axes show the candidate settings of the corresponding variables, while
the vertical axes report the J&ji (%). For R and G, a label such as “1~4" denotes the minimum-
to-maximum output range of the corresponding piecewise function across different target states.
The highlighted circles and adjacent values indicate the subset-specific selected settings and their
corresponding scores.

As shown in Figure 8, ACMS is relatively insensitive to cv_H and G, with broadly
consistent performance trends across the three subsets. A value of 0.2 is selected for cv_H
on all three subsets. For G, (2 ~ 5) is selected on HVOS-NIR and HVOS-RedNIR, whereas
(3 ~ 6) is used on HVOS-VIS. Model performance is more sensitive to h,,, and R. For h,,,,
the best-performing value is 20 on HVOS-NIR and HVOS-RedNIR and 10 on HVOS-VIS. For
R, (3 ~ 6) is selected on HVOS-VIS and HVOS-NIR, while (2 ~ 5) is adopted on HVOS-
RedNIR. These results indicate that appropriate settings of the key ACMS parameters can
further improve segmentation performance across different spectral scenarios.

4.5. Discussion

The use of SAM 2 provides SSAM-SAM?2 with generic spatial and temporal representa-
tion priors learned from large-scale image and video data. These pretrained representa-
tions facilitate object-level feature extraction, boundary localization, and temporal target
association, thereby providing a transferable foundation for hyperspectral video object
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segmentation. However, because SAM 2 is originally designed for three-channel visual
inputs, its pretrained representations do not directly model the high-dimensional spectral
responses of hyperspectral imagery. In the proposed framework, SSIE therefore serves as
a modality-adaptation interface between hyperspectral observations and the input space
of SAM 2. It selects informative spectral bands, suppresses redundant or noisy spectral
responses, preserves complementary information from the residual bands, and integrates
these spectral cues with the spatial details of the corresponding false-color RGB images.
Nevertheless, this modality-adaptation process should not be interpreted as exhaustive mod-
eling of the intrinsic characteristics of hyperspectral data. Once the full-band information
has been encoded into the three-channel spectral-spatial representation, the downstream
SAM 2 backbone no longer explicitly preserves the spectral axis or models wavelength-wise
dependencies. Therefore, the improvements obtained by SSIE demonstrate the effective use
of complementary spectral information within the current adaptation framework, rather
than the complete exploitation of all hyperspectral characteristics. In addition, although the
downstream segmentation loss provides optimization feedback to SSIE during end-to-end
training, the current model performs a single feed-forward spectral adaptation during
inference. It does not explicitly re-evaluate or reselect the core bands according to the down-
stream segmentation confidence within each forward pass. The residual-compensation and
direct false-color RGB branches mitigate the influence of incomplete core-band selection,
but they cannot guarantee that the selected bands are optimal under all imaging conditions.

The consistent performance improvements obtained on the VIS, NIR, and RedNIR
subsets indicate that the combination of the pretrained SAM 2 representation and SSIE
can accommodate, to a certain extent, differences in spectral range, band number, image
appearance, and noise distribution within HVOS. These results suggest a degree of cross-
spectral adaptability across the three evaluated hyperspectral settings. Nevertheless, such
cross-spectral consistency should not be interpreted as conclusive evidence of cross-domain
generalization to other remote sensing datasets. The three subsets are derived from the
same HOT benchmark and share related data-construction and evaluation protocols. The
current experiments therefore do not fully account for domain shifts caused by independent
datasets, different sensor systems, acquisition platforms, spatial resolutions, environmental
conditions, or spectral configurations.

The small size of the RedNIR test set, which contains only 11 video sequences, is an-
other limitation. The selected sequences include challenging conditions such as pronounced
background interference, target-scale variation, occlusion, and difficult spectral responses,
making them useful for examining model behavior under demanding RedNIR scenarios.
However, the limited number of sequences may increase the sensitivity of the quantitative
results to the composition of the test set and restrict the statistical representativeness of
the conclusions. Therefore, the results on HVOS-RedNIR should be regarded as support-
ing evidence within the current benchmark rather than as a definitive demonstration of
broad generalization.

Another practical consideration is the model complexity. As reported in Tables 14,
SSAM-SAM?2 contains 80.86 M parameters, which is relatively large compared with some
lightweight video object segmentation models. However, most of these parameters are
inherited from the SAM2-B+ architecture rather than introduced by the proposed modules.
The original SAM2-B+ baseline contains 80.85 M parameters, while SSIE increases the
parameter count by only approximately 0.01 M through its lightweight band-scoring, band-
embedding, spectral-attention, and branch-weighting operations. ACMS is training-free
and introduces no additional learnable parameters. Most of the model parameters therefore
originate from the Hiera-B+ image encoder and the memory-attention and mask-decoding
components of SAM 2, rather than from SSIE or ACMS. In terms of computational complexity,
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SSIE increases the cost from 91.8 GFLOPs for the SAM2-B+ baseline to 92.2-92.7 GFLOPs
across the three subsets. This small variation is associated with the different numbers of
valid spectral bands processed in VIS, NIR, and RedNIR. Although the proposed modules
introduce only limited additional parameters and computations, the overall size of the SAM
2 backbone remains a constraint for deployment on resource-limited platforms. Moreover,
despite introducing no learnable parameters, the online feature-correlation and dynamic
memory-selection operations of ACMS may incur additional runtime and memory-access
overhead that is not fully reflected by the parameter count.

Future work will evaluate the proposed method on independent hyperspectral video
datasets acquired using different sensors, platforms, and environmental conditions. These
experiments will examine whether the pretrained spatial priors of SAM 2 and the modality
adaptation achieved by SSIE can generalize beyond the current HVOS benchmark. In
parallel, lightweight SAM 2 backbones, model pruning, knowledge distillation, and more
efficient memory-selection strategies will be investigated to reduce the computational and
memory requirements while retaining the benefits of pretrained spatial representations
and adaptive temporal modeling. To strengthen the interaction between spectral modeling
and downstream segmentation, future work will also explore multi-level spectral adapters
or spectral prompts inserted into intermediate SAM 2 layers, confidence-aware feedback
for band re-evaluation, and HSI-native video segmentation backbones capable of directly
processing full-band hyperspectral inputs.

5. Conclusions

Hyperspectral videos provide material-related spectral information that is unavailable
in conventional visible-light videos, offering additional discriminative cues for separating
targets from backgrounds with similar spatial appearances. However, applying existing
RGB-based video object segmentation methods to hyperspectral videos remains challenging
because of high-dimensional and redundant spectral information, fixed temporal memory
strategies, and the limited availability of task-specific pixel-level annotations. To address
these issues, this study investigated hyperspectral video object segmentation from the
complementary perspectives of dataset construction, spectral-spatial representation, and
adaptive temporal memory modeling.

We constructed HVOS, a hyperspectral video object segmentation dataset contain-
ing hyperspectral videos, their corresponding HSI-derived false-color RGB videos, and
frame-by-frame pixel-level annotations. According to their spectral coverage and imag-
ing characteristics, the video sequences are organized into three subsets: VIS, NIR, and
RedNIR. HVOS provides a unified basis for training and evaluating video object segmenta-
tion methods under different hyperspectral settings. Based on this dataset, we developed
SSAM-SAM?2 by introducing SSIE and ACMS into the SAM 2 framework. SSIE selects
informative spectral bands, suppresses redundant and noisy responses, preserves com-
plementary information from the residual bands, and integrates these spectral cues with
the spatial structure of the corresponding false-color RGB images. ACMS characterizes
variations in target scale and temporal state and accordingly adjusts the memory-sampling
stride and correlation-selection window, reducing the influence of redundant or unreliable
historical information.

Comparative experiments on the three HVOS subsets show that SSAM-SAM?2 outper-
forms the selected comparison methods under the evaluated settings. The ablation results
further demonstrate that SSIE improves target representation by exploiting spectral-spatial
complementarity, whereas ACMS enhances temporal stability through target-state-aware
memory selection. Their combination produces consistent performance gains across VIS,
NIR, and RedNIR, supporting the effectiveness of combining the pretrained representation
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of SAM 2 with hyperspectral feature adaptation and target-state-aware memory manage-
ment within the current HVOS benchmark.

Nevertheless, the present findings remain confined to the current HVOS benchmark,
particularly the relatively small RedNIR test set. Future work will validate the proposed
framework on independent hyperspectral video datasets and investigate more efficient
memory-selection mechanisms and HSI-native architectures to improve computational
efficiency and full-band spectral modeling.
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