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ABSTRACT

Hyperspectral video provides material cues that can disambiguate
targets with similar false-color appearance, yet foundation-model
trackers update memory primarily from spatial and appearance evi-
dence. We present HyperDAM, a DAM4S AM3-based hyperspectral
tracker with three principal contributions. First, HOTC2026-Modal
adds human-verified frame-wise modal masks and mask-tight boxes
to all 481 organizer-provided HOTC 2026 videos. Second, a frame-
zero-calibrated HSI gate rejects spectrally inconsistent updates to
the distractor-resolving memory (DRM) without altering the current
prediction. Third, a causal spatiotemporal expander adds outward-
only amodal corrections from frozen SAM features. Static-scene
recovery and empty-mask RTS smoothing address target switches
and full occlusion. Model selection prioritizes cross-domain robust-
ness over leaderboard-specific optimization. The final system ranked
second in HOTC 2026, achieving 68.0093% AUC and 87.7703%
DP@20 in the organizer’s private evaluation.

Index Terms— hyperspectral object tracking, modal segmenta-
tion dataset, spectral identity, amodal bounding box

1. INTRODUCTION

Single-object tracking estimates a target trajectory from an initial
bounding box. Hyperspectral video augments conventional appear-
ance with densely sampled spectral responses, providing evidence
about material identity when color or texture alone is ambiguous. In
camouflaged scenes, a target and its background may have nearly
identical visual appearances while retaining distinct spectral signa-
tures, making spectral evidence essential when appearance is unre-
liable [1]. Existing hyperspectral benchmarks and trackers demon-
strate the value of spectral—spatial modeling [2, 3, 4, 5], while limited
training data and the spectral-band gap continue to favor adaptation
of strong RGB trackers [6].

Promptable segmentation models provide a complementary
path. The Segment Anything family supports transferable seg-
mentation from visual prompts [7, 8], and DAM4SAM improves
tracking robustness by managing distractors in a dedicated mem-
ory [9]. Two gaps remain in the HOTC setting. First, an incorrect
high-confidence mask can still enter memory and contaminate future
predictions. Second, a segmentation mask describes only the visible
part of an occluded target, whereas the required tracking box may
extend beyond the visible support.

Figure 1 previews how the proposed output trajectory handles
the latter gap. The learned expander restores latent extent while the
target is partially visible, and RTS supplies a box only when the
SAM mask is absent.

We address these gaps with HyperDAM, a system that separates
three responsibilities: spectral evidence protects target identity, a
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Fig. 1. HyperDAM through an occlusion on nir-rider6. From
left to right and top to bottom, the target is visible, partially occluded,
fully occluded, and visible again. The amodal expander corrects par-
tial visibility, while empty-mask RTS bridges full occlusion. Green,
blue, and pink denote ground truth, DAM4SAM3, and HyperDAM,
respectively.

learned head estimates latent object extent, and the underlying frozen
tracker owns the base trajectory. Our contributions are:

* A reviewed modal-annotation extension. We augment the
organizer-provided HOTC 2026 competition dataset with bi-
nary visible/modal masks and mask-tight boxes for the 406
training/update videos and the organizer’s 75-video public-
leaderboard set (denoted Public-LB75).

* A hyperspectral memory gate. A sequence-local model
calibrated from the frame-zero target evaluates material con-
sistency at DAM4SAM’s native distractor-resolving memory
(DRM) update boundary. It can reject a requested update but
cannot request one or alter the current-frame output.

¢ An amodal expander for DAM4SAMS3 boxes. A causal six-
frame 3-D head trained from paired modal masks and chal-
lenge boxes predicts nonnegative per-side expansion. The ex-
pansion is transferred as a residual onto the HSI-controlled
trajectory and is never fed back into SAM memory.

Static-scene recovery and empty-mask Rauch-Tung—Striebel
(RTS) smoothing [10] are supporting components rather than pri-



mary contributions.
system completely.

They are included to specify the submitted

2. RELATED WORK

2.1. Hyperspectral object tracking

Hyperspectral tracking has progressed from material descriptors and
correlation filters to learned spectral—spatial representations [2, 3, 1].
Recent methods transfer RGB trackers or pretrained representations
through material-aware fusion and spectral prompts [4, 5]. WHIS-
PERS entries have explored detection-driven SAM2, low-rank adap-
tation, SAM2-based HOT, and motion-aware memory [11, 12, 13,
14]. Our spectral component instead acts as a sequence-local, label-
free decision layer: it does not retrain the tracker and intervenes only
when the native tracker requests a DRM update.

2.2. Foundation models for segmentation and tracking

SAM 2 introduced promptable video segmentation with streaming
memory [7], while SAM 3 unified detection, segmentation, and
tracking from concept and visual prompts [8]. DAM4SAM aug-
ments the video tracker with a distractor-aware memory and an
introspection-based update policy [9]. Our HSI gate tests material
identity at DAM4SAM’s final DRM update boundary.

2.3. Modal and amodal supervision

Modal annotations describe visible pixels, while amodal annotations
represent the complete object extent behind occluders. TAO-Amodal
shows that heavy occlusion remains challenging for modern track-
ers [15]. Our extension adds dense modal masks and mask-tight
boxes to the organizer-provided HOTC 2026 competition videos.
The expander learns the difference between this visible extent and
the challenge-provided target box, while retaining a strict outward-
only correction contract.

3. HOTC 2026 DATASET EXTENSION

HOTC 2026 provides 406 training/update videos and the 75-video
Public-LB75 split with paired hyperspectral observations. The for-
mer have frame-wise amodal target boxes, whereas leaderboard
ground truth is withheld. We extend all 481 videos with human-
verified visible/modal segmentation masks and their mask-tight
boxes, and release these annotations as HOTC2026-Modal. This
annotation layer supplements rather than replaces the organizer-
provided data. Paired with the official hyperspectral and false-color
frames, the masks and boxes can supervise spectral adaptation of
segmentation models, domain adaptation to false-color imagery,
and losses that distinguish modal observations from amodal target
extent. Existing HOT benchmarks are predominantly box-annotated
and remain modest in scale [1]; our extension targets the missing
dense modal supervision rather than introducing a new tracking
split.

DAMA4SAM3 predicts a visible mask and hence a modal box,
while HOTC supervision specifies the object’s amodal extent. Di-
rectly using the latter as a mask or visible-box target conflates ob-
served pixels with hidden extent. Our paired modal masks and boxes
separate these quantities, enabling the amodal expander to learn out-
ward residuals from modal to amodal boxes while SAM3 and the
base tracker remain frozen.

SAM3 first infers and propagates target masks. Annotators visu-
ally inspect its outputs and manually correct erroneous frames or re-
gions; only reviewed masks enter the release. Each modal box is then
computed as the tight axis-aligned box around visible foreground
pixels. An empty mask denotes full occlusion. The release also
records official frame identifiers, available challenge boxes, prove-
nance, and checksums.

The release contains a 406-video primary split and a separate
75-video Public-LB75 annotation-only split. Because official leader-
board ground truth is not released, the latter annotations are not
presented as challenge ground truth and are excluded from fitting,
model selection, and component evaluation.

4. METHOD

The proposed system uses frozen DAM4SAM3 as its base tracker
and augments it with three principal components. First, an HSI-
gated memory mechanism controls whether a requested DRM up-
date is committed, preventing spectrally inconsistent objects from
contaminating the tracker state. Second, an amodal expander en-
larges the native modal box toward the estimated full extent of a par-
tially occluded object. Third, an offline Rauch-Tung—Striebel (RTS)
smoother fills fully occluded frames for which the tracker produces
no valid mask. We additionally exploit the prevalence of fixed-view
cameras in the dataset by classifying each scene as static or dy-
namic. In static scenes, abrupt and spatially asymmetric box growth
is treated as a likely tracking error and triggers static-scene recov-
ery. The HSI gate is the only component that modifies the DRM up-
date policy. Static-scene recovery may reinitialize the base tracker,
whereas amodal expansion and RTS smoothing operate only on the
output trajectory and never feed back into DAM4SAM3 memory.
Figure 2 summarizes the complete inference pipeline.

4.1. DAM4SAMS3 base tracker

Our base tracker adapts the distractor-aware DAM4SAM memory
design [9] to frozen SAM3. It runs in PVS-only mode with detector
inference disabled and is initialized by the official frame-zero box.
SAM3 propagates the target mask and exposes alternative mask hy-
potheses; DAM4SAM3 uses these outputs to manage recent appear-
ance memory and DRM. The tight box of the selected mask is the
native modal trajectory. We use the entire base tracker in frozen
form, with all SAM3 parameters unchanged. We initially explored
LoRA adaptation using the HOTC training data [16], but the limited
size and diversity of the dataset did not yield the expected general-
ization to held-out sequences. We therefore retain the frozen model
and instead introduce the HSI-based memory gate described below.

4.2. HSI gate

DAMA4SAMS3 first decides when to request a DRM update. For each
request, the HSI gate evaluates the proposed update mask M; to-
gether with an expanded surrounding region E; = Dilate(Mz)\ M;.
First, the raw sensor mosaic I;*" is decoded into an aligned HSI

cube X; € RFFXWxB.
X = D). (€Y
Here B is the number of spectral bands: B = 16 for VIS, B = 25

for NIR, and B = 15 for RedNIR. Let po = mediangen, Xo(z)
be the reference spectrum from the frame-zero target mask. For each
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Fig. 2. Overview of the proposed HyperDAM architecture. The HSI gate filters requested DRM updates using raw hyperspectral observations;
DAM4SAM3 supplies modal masks and features for amodal expansion, followed by offline RTS smoothing.

requested DRM update, the component-wise median spectra of the
candidate mask and expanded region are

p’ = median X, (z), pf = median X, (z),
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Here ™ denotes mean centering across spectral bands followed by /2
normalization. The DRM update is accepted only when the candi-
date is similar to the initial target and its similarity exceeds that of
the expanded region:

A?SI :Hé[séw Z Tid N 51]5\/[ - StE 2 Texp:| 3 (3)
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Here U; is DAM4SAM3’s native DRM update request. The thresh-
olds are calibrated from the frame-zero target and its expanded re-
gion. The gate may reject the requested DRM update but cannot
request an update itself; rejection leaves both the current output and
DRM unchanged.

No cross-sequence training or ground-truth annotation is used
by the HSI gate. An unreliable frame-zero reference abstains rather
than rejecting.

Figure 3 shows an example. At ¢t = 124, DAM4SAM3 requests
and performs a DRM update, whereas the HSI gate rejects it because
the candidate mask does not separate sufficiently from its surround-
ings. The current boxes remain unchanged, but the different memory
states produce the later divergence at ¢t = 236-237.

4.3. Amodal expander for SAM

The SAM family predicts the visible segmentation mask of a target,
and its bounding box is therefore the tight envelope of that modal
mask. HOTC instead evaluates the amodal extent, including portions
hidden by occlusion, so a SAM-based tracker requires an explicit
modal-to-amodal adaptation. Motivated by the plug-in expander in
TAO-Amodal [15], we preserve all pretrained SAM3 weights and
attach an external amodal expander head to the detached outputs of
the DAM4SAM3 mask decoder. Only this head is trained to infer
outward box corrections for the hidden extent.

For a SAM mask box B: = (x+, Yy, ws, ht), the expander pre-
dicts nonnegative outward residuals A; = (41, é1, dr, o) in pixel
units. The amodal box is obtained by directly adding these side
residuals:

Amodal(By; A¢) = (@t — 6L, yr — O,

“

wy + 61 4 Or, he + 01 + 08).
Training targets are the outward differences between the frozen SAM
box and the official amodal box. A side is supervised as positive only
when the reviewed modal box indicates genuine occlusion, prevent-
ing expansion when SAM already reaches or overshoots the official
boundary.

The expander is causal and temporal. From the final 32-channel
feature map of the SAM3 mask decoder, it extracts a box-aligned
32 X 24 x 24 crop at each frame and stacks the latest six crops.
Aligned mask logits, the 256-dimensional object query, box geome-
try, and an immutable frame-zero anchor are supplied alongside this
feature history. Six residual 3-D convolutional blocks aggregate the
spatiotemporal information, after which four side heads predict the
left, top, right, and bottom residuals in Eq. (4). Confidence gates set
unsupported side corrections to zero.

The external head has 9.4M parameters and is pretrained on
synthetic MOVi-MC-AC amodal data [17]. All SAM3 parameters
remain frozen. Frames with full occlusion are excluded from ex-
pander training, which therefore targets partial occlusion where a
visible SAM box can be expanded toward the amodal box.

4.4. Full-occlusion handling

The amodal expander moves partially occluded boxes toward the
amodal ground-truth extent, but learning reliable boxes under full
occlusion is difficult because no visible mask remains. We there-
fore handle full occlusion after the full video has been processed.
A frame is marked as a missing observation when the independent
frozen DAM4S AM3 pass emits an empty mask; the released pipeline
does not apply an additional confidence threshold. Rauch-Tung—
Striebel (RTS) smoothing [10] then reconstructs only these missing
boxes from valid observations before and after the gap, leaving all
observed boxes unchanged.
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Fig. 3. Runtime trace of the HSI gate on vis-clamp?2 from the HOTC 2026 dataset. The rows show aligned false-color frames and raw
16-band mosaics. Att = 124, DAM4SAM3 accepts the DRM update, whereas DAM4SAM3+HSI rejects it without changing the current
output. By t = 236-237, the native tracker follows the visually similar distractor while the gated tracker remains on the target. Orange, blue,
and green dashed boxes denote DAM4SAM3, DAM4SAM3+HSI, and ground truth, respectively.

Table 1. Cumulative ablation on Public-LB75.

ID Configuration Public score (AUC)
BO DAM4SAM3 native 0.69039
B1 BO + HSI gate 0.69214
B2 B1 + static-scene recovery 0.69513
B3 B2 + amodal expander 0.69732
B4 B3 + RTS smoothing 0.69768

AUC: 68.0093%

Organizer’s private LB DP@20: 87.7703%

Figure 1 illustrates the complementary roles of the two compo-
nents. The amodal expander recovers the hidden extent while part of
the target remains visible, whereas RTS smoothing supplies the box
when the target is fully occluded and the SAM mask is empty.

4.5. Static/dynamic scene classification

Our analysis found that many HOTC sequences use a fixed camera
and that target switches in such scenes are often accompanied by an
abrupt, spatially asymmetric change in box size. We therefore esti-
mate background motion from sparse trackable points over the initial
ten frames [18], then classify each sequence as static or dynamic.

5. EXPERIMENTS

5.1. Contribution of each component

Table 1 reports a cumulative ablation on the 75-video Public-LB75
split (26,860 frames) using the same frozen DAM4SAM3 check-
point and inference revision. Every ablation row was submitted
to the organizer’s public Kaggle evaluation. The final private-
leaderboard result is included in the same table for reference.

5.2. Benchmark

Table 2 reports all verified results on the same Public-LB75 protocol.
Each method is initialized with the provided first-frame box and pro-
duces one prediction per frame. All models are evaluated in FP32 on
a single NVIDIA L4 GPU. Although HyperDAM was selected with
cross-domain generalization rather than leaderboard optimization as
the primary objective, it achieves the highest AUC among the com-
pared methods and improves upon its DAM4SAM3 base. This re-
sult indicates that the proposed components improve the base tracker
without sacrificing performance on the public evaluation domain.

Public-LB75 ground truth is withheld after the initial box and
Kaggle returns only AUC. We therefore do not import published val-
ues obtained with different sequence sets or metrics into this bench-
mark. Table 2 also gives peak allocated VRAM and parameter count
where available.

5.3. Discussion

The gains in Table 1 reflect complementary roles: the HSI gate pre-
vents visually similar distractors from contaminating memory (Fig-
ure 3), static-scene recovery handles target switches, the amodal ex-
pander handles partial occlusion, and RTS fills full-occlusion gaps.
Their individually modest gains therefore accumulate across distinct
failure modes.

5.4. Limitations

The HSI gate yields only a modest gain because it only rejects re-
quested DRM updates. Future work could initialize an object de-
tector and associate multiple candidate spectral prototypes with the
target by HSI correlation, moving material reasoning from memory
validation to candidate selection.

6. CONCLUSION

We presented HyperDAM, extending frozen DAM4SAM3 with a
frame-zero HSI update gate, outward-only amodal expansion, static-
scene recovery, and empty-mask RTS, together with HOTC2026-



Table 2. Unified benchmark on Public-LB75 (75 videos; 26,860 frames). Public AUC is evaluated on the Kaggle public leaderboard.
Available peak-VRAM measurements use the same NVIDIA L4 GPU. The best AUC value is shown in bold.

Method Public-LB75 AUC 1 Peak VRAM (MiB) | Params (M) | Precision Comment

OSTrack [19] 0.49512 443.24 92.83 FP32 -

SeqTrack [20] 0.54142 1601.95 308.98 FP32 -

HIPTrack [21] 0.57374 557.88 120.41 FP32 -

ODTrack [22] 0.54442 599.99 92.83 FP32 -

SUTrack [23] 0.57169 2205.59 746.61 FP32 -

SAM2 [7] 0.65041 1634.95 224.45 FP32 -

DAM4SAM [9] 0.65464 2177.24 224.45 FP32 SAM2 base algorithm
SAM3 [8] 0.67393 4530.28 827.31 FP32 PVS

DAM4SAM3 [9, 8] 0.69039 4492.51 827.31 FP32 PVS

HyperDAM (Ours) 0.69768 4685.12 836.73 FP32 -

Modal annotations for all 481 HOTC 2026 videos. The system [10] Herbert E. Rauch, et al., “Maximum likelihood estimates of

achieved the best Public-LB75 AUC among the evaluated meth-
ods while cross-domain selection limited leaderboard overfitting.
Its organizer-private scores were 68.0093% AUC and 87.7703%
DP@20, ranking second in HOTC 2026. Future work will explore
detector-assisted spectral association and online trajectory comple-

tion.
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