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Abstract

Existing satellite video tracking methods often struggle
with generalization, requiring scenario-specific training to
achieve satisfactory performance, and are prone to track
loss in the presence of occlusion. To address these chal-
lenges, we propose SatSAM2, a zero-shot satellite video
tracker built on SAM2, designed to adapt foundation models
to the remote sensing domain. SatSAM2 introduces two core
modules: a Kalman Filter-based Constrained Motion Mod-
ule (KFCMM) to exploit temporal motion cues and suppress
drift, and a Motion-Constrained State Machine (MCSM) to
regulate tracking states based on motion dynamics and reli-
ability. To support large-scale evaluation, we propose Ma-
trixCity Video Object Tracking (MVOT), a synthetic bench-
mark containing 1,500+ sequences and 157K annotated
frames with diverse viewpoints, illumination, and occlusion
conditions. Extensive experiments on two satellite tracking
benchmarks and MVOT show that SatSAM2 outperforms
both traditional and foundation model-based trackers, in-
cluding SAM2 and its variants. Notably, on the OOTB
dataset, SatSAM2 achieves a 5.84% AUC improvement over
state-of-the-art methods. Our code and dataset will be pub-
licly released to encourage further research.

1. Introduction
With the advancement of satellite observation technology
and the increasing resolution of satellite video (SV), large-
scale and continuous ground object detection and tracking
have become feasible [32]. Compared to traditional mov-
ing platforms such as closed-circuit television (CCTV), air-
craft, and unmanned aerial vehicles (UAVs), remote sensing
satellite videos offer spatiotemporal monitoring over vast
areas, making them valuable in applications such as intelli-
gent transportation systems, digital cities, and urban scene
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Figure 1. Illustration of satellite video object tracking (SVOT).
(a) Challenges in satellite-based tracking tasks. (b) Existing
promptable methods either lack motion modeling or fail to account
for the complete tracking pipeline. (c) Our approach integrates a
Kalman-based motion model with a motion-constrained state ma-
chine to enable stable tracking.

understanding [17, 19, 37, 38, 41]. However, despite re-
cent progress in satellite-based scene understanding and ob-
ject recognition [15, 17, 18], satellite videos typically suffer
from low spatial resolution and wide coverage, where tar-
gets appear extremely small and numerous visually similar
objects coexist. Moreover, the presence of atmospheric dis-
turbances and other inevitable imaging effects introduces
considerable noise, which blurs the boundaries between ob-
jects and their backgrounds. Occlusions caused by over-
head structures (e.g., bridges) and complex illumination ef-
fects (e.g., shadows from tall buildings or varying surface
reflectance) often hinder the cross-domain generalization of
traditional fully supervised visual trackers, as illustrated in
Fig. 1(a). Consequently, owing to the substantial domain
gap, traditional visual trackers suffer an inevitable and sig-
nificant performance degradation when directly applied to
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satellite video tracking tasks [7, 25, 26, 36].
The Segment Anything Model (SAM) [13], a founda-

tion model for promptable zero-shot segmentation, demon-
strates strong generalization across diverse domains. Build-
ing on SAM, SAM2 [28] introduces a streaming memory
mechanism that supports frame-by-frame video processing
with long-range temporal context, offering new opportu-
nities for zero-shot video object tracking. However, di-
rectly applying SAM2 to satellite videos remains challeng-
ing due to severe occlusion, subtle appearance changes,
and the presence of visually similar objects. As illustrated
in Fig. 1(b), SAM2 may lose targets under bridge occlu-
sions or confuse multiple vehicles moving in opposite di-
rections. Moreover, satellite targets are typically rigid with
limited scale variation, making Kalman-filter-based propa-
gation [8, 10–12, 33, 35] unreliable—predicted boxes grad-
ually shrink during partial occlusions, ultimately leading to
track loss.

To address these challenges, we propose SatSAM2
(Fig. 1(c)), a novel framework that integrates SAM2 into
satellite video tracking while incorporating motion pri-
ors and historical trajectory information. Our design
takes advantage of specific constraints in satellite im-
agery—namely, target rigidity, relatively consistent motion,
and minimal scale variation. By leveraging historical mo-
tion cues to define state-aware bounding box strategies, Sat-
SAM2 effectively recovers lost targets following temporary
occlusions. Furthermore, the rigidity constraint helps sup-
press bounding box jitter due to motion blur and reduces
confusion caused by segmentation errors from SAM2.

We also introduce a large-scale dataset, MatrixCity
Video Object Tracking (MVOT), derived from the synthetic
MatrixCity environment. This dataset includes over 1,500
video sequences and more than 157,900 annotated frames,
representing a significant improvement in scale compared to
existing satellite video datasets. MVOT contains sequences
across diverse satellite viewing angles, lighting conditions,
and occlusion scenarios, providing a robust benchmark for
evaluating tracker performance under varying conditions.

Our main contributions are summarized as follows:
• We proposed the first SAM2-based satellite video track-

ing method, introducing a promptable foundation model
to remote sensing scenarios. SatSAM2 demonstrates
strong generalization capabilities and achieves reliable
zero-shot segmentation performance despite the unique
challenges posed by satellite imagery.

• We present a novel motion-constrained state machine,
coupled with Kalman filtering, which leverages the as-
sumption of linearized object motion and stable target
size in satellite views. This design effectively models tar-
get dynamics and incorporates an internal motion prior
to improve robustness against occlusion and appearance
ambiguity.

• We construct MVOT, a comprehensive synthetic dataset
for satellite video tracking. It features multi-scenario,
multi-view, and multi-illumination conditions, with sig-
nificantly more sequences than existing datasets. This
contribution helps mitigate the issues of limited cover-
age and inconsistent quality in current SV tracking bench-
marks.

• Our proposed SatSAM2 consistently outperforms con-
ventional visual trackers, the original SAM2, and its im-
proved variants across various evaluation metrics.

2. Related Work

2.1. Supervised Object Tracking
Over the past decade, supervised Object Tracking has pro-
gressed from early discriminative models (e.g., DiMP [1],
PrDiMP [6]) to transformer-based frameworks (e.g.,
ToMP [24], AQATrack [34]) and efficient adaptation meth-
ods like LoRAT [22]. While these trackers achieve strong
performance on standard benchmarks, they struggle in
satellite scenarios due to small targets, low frame rates,
occlusion, and drastic viewpoint shifts. To mitigate this,
specialized methods have emerged: HRSiam [31] preserves
spatial resolution for small-object localization, CRAM [20]
incorporates motion priors via Kalman filtering, and MC-
Tracker [38] enhances association using multi-scale tempo-
ral cues. Recent remote-sensing-oriented approaches, such
as DFTrack [4] and TATrack [14], further tailor correlation-
flow modeling and target-aware transformer designs to
satellite-video characteristics. These adaptations highlight
the domain-specific challenges of remote sensing tracking,
where general trackers often fail to generalize.

Our approach is grounded in zero-shot learning, elim-
inating the need for task- or dataset-specific pretraining.
By directly leveraging the strong generalization capability
of SAM2 in conjunction with motion models tailored to
remote sensing video, our method achieves effective tar-
get tracking in complex and highly challenging scenar-
ios. Although such zero-shot tracking presents inherent
difficulties, it demonstrates superior practicality compared
with previous approaches and exhibits enhanced adaptabil-
ity across a broader range of remote sensing scenes.

2.2. Zero-shot Object Tracking
Zero-shot object tracking has been enabled by foundation
models such as SAM [13], which introduced large-scale
promptable segmentation, and SAM2 [28], which extends
this capability to video via temporal memory. SAMU-
RAI [35] improves zero-shot tracking stability through
Kalman-filter-based memory selection. In contrast, ROS-
SAM [30] adapts SAM to remote sensing using LoRA-
based fine-tuning and enhanced feature modeling, achiev-
ing high-quality interactive segmentation and strong zero-
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Figure 2. Overview of the proposed SatSAM2 framework. (a) SAM2 Observer encodes each frame and retrieves candidate masks
via memory matching. (b) Kalman Filter-based Constrained Motion Model (KFCMM) estimates target dynamics and provides predictive
guidance under occlusion. (c) Motion-Constrained State Machine (MCSM) adaptively switches between tracking modes based on segmen-
tation confidence and motion consistency.

shot performance on moving-object segmentation. Despite
these advances, zero-shot tracking in satellite videos re-
mains challenged by domain shifts, mask drift, and severe
occlusions.

Our method introduces a multi-stage filtering mecha-
nism that models and optimizes the tracking process by in-
corporating motion patterns unique to remote sensing satel-
lite videos. This design enables the model to effectively
exploit key information within video sequences while sup-
pressing the influence of noisy signals on tracking perfor-
mance. We further demonstrate the effectiveness of our
approach through comprehensive ablation studies, which
validate the contribution of each component to overall per-
formance.

2.3. Remote Sensing Tracking Datasets

Remote sensing tracking datasets serve as fundamen-
tal benchmarks for evaluating model performance under
satellite-specific conditions. SatSOT [40] pioneered remote
SOT benchmarks with 105 HBB-labeled sequences across
four object types. VISO [39] scaled this to 3,711 trajecto-
ries, focusing on urban scenes. SAT-MTB [16] added multi-
task annotations but lacks OBBs, which are important for
orientation modeling. OOTB [5] incorporated OBBs but
reused many existing sequences. Overall, most datasets are
limited in length, diversity, and annotation completeness,
especially for small or low-contrast objects. This hinders

fair evaluation under real-world remote sensing conditions,
highlighting the need for longer, more diverse, and richly
annotated benchmarks covering SOT and MOT. To address
these limitations, our proposed MVOT dataset provides 3–
10× more frames than existing benchmarks, together with
substantially richer variations in viewing angles and illumi-
nation conditions.

3. Method
As illustrated in Fig. 2, this paper presents an innova-
tive zero-shot satellite video object tracker named Sat-
SAM2, which is built upon a motion-constrained state ma-
chine architecture. The overall framework is composed of
three main modules: the SAM2 Observer, the Kalman
Filter-based Constrained Motion Module (KFCMM),
and the Motion-Constrained State Machine (MCSM).
The SAM2 Observer extracts multi-scale visual features
from satellite remote sensing videos via an image en-
coder, and fuses them with long-term contextual informa-
tion stored in a memory bank through a memory atten-
tion mechanism. Conditioned on box prompts, candidate
segmentation masks are generated using the SAM2 mask
decoder. The KFCMM initializes the motion model us-
ing the initial box prompt and continually updates the state
space with high-confidence bounding boxes observed by the
SAM2 Observer, thereby refining the target’s motion esti-
mation over time. Finally, the MCSM governs the tracking
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process by dynamically choosing estimation strategies ac-
cording to the current tracking status, enabling SatSAM2 to
maintain robust and accurate target localization across vary-
ing conditions.

3.1. SAM2 Observer
Satellite Video Feature Extraction To continuously
track a target, visual trackers typically need to extract target-
relevant information from each video frame. We employ
the SAM2 video segmentation model as the feature extrac-
tion component of our tracker. Each frame of the satellite
video is passed into the Hiera image encoder [29], which is
pretrained with MAE [9], to obtain unconditional embed-
dings. These image embeddings are then refined through
cross-attention with past frame features stored in a mem-
ory bank, along with any newly provided prompts, via a
memory-attention module.
Memory Selection To prevent the memory bank from
being contaminated by irrelevant information—particularly
under prolonged occlusions common in satellite video
tracking—we adopt the memory selection strategy pro-
posed in SAMURAI. Specifically, for each frame i, a mem-
ory candidate mi is only selected when the following three
criteria are simultaneously satisfied:

s
(i)
mask > τmask, s

(i)
obj > τobj, s

(i)
kf > τkf, (1)

where s(i)mask, s(i)obj, and s
(i)
kf denote the mask affinity score, the

object existence score (from SAM2), and the motion con-
sistency score (from the Kalman filter), respectively. The
corresponding thresholds are τmask, τobj, τkf.

For each current frame t, the memory bankMt consists
of at most Nmax valid memory entries selected in reverse
chronological order from past frames that satisfy the condi-
tion in Eq. (1):

Mt = {mi | i < t, mi satisfies Eq. (1)} , |Mt| ≤ Nmax.
(2)

If fewer than Nmax valid entries are available, all qualifying
entries are used.

After obtaining the informative memory setMt, the cur-
rent frame features ft, along with the sparse box prompts pt
from the prompt encoder, are fed into the mask decoder.
The decoder produces three candidate masks, and the se-
lected mask features are subsequently encoded by the mem-
ory encoder and stored into the memory bank.

3.2. Kalman Filter-based Constrained Motion Mod-
ule

Kalman State Vector Construction. Traditional tracking
methods typically learn the target model by minimizing a
discriminative objective function to localize the target in
each frame, which makes it difficult to model the motion

state of the target itself. In SatSAM2, we incorporate a lin-
ear Kalman filter into the tracking module to progressively
model the target’s motion state by continuously assimilating
high-confidence observations from the SAM2 model. The
Kalman state vector is defined as follows:

x = [x, y, w, h, ẋ, ẏ, ẇ, ḣ, S]⊤, (3)

where x and y denote the center coordinates of the
bounding box (bbox), while w and h represent its width
and height, respectively. Their first-order derivatives (de-
noted by dots) form the next four elements in the state vec-
tor. These quantities represent the variables to be estimated
by the Kalman filter, from which prior estimates of the tar-
get bounding box can be derived in subsequent Kalman it-
erations.

The last element S represents the object area, estimated
from the mask obtained via the initial prompt box segmen-
tation. Under the assumption of near-orthographic satellite
projection and constrained object motion, we treat S as a
constant during subsequent Kalman filter predictions.

KFCMM Prediction-Correction Cycle. In each
prediction-correction cycle, the prior state estimate x̂t+1|t
is given by the state transition equation:

x̂t+1|t = F x̂t|t, (4)

where F is the state transition matrix defined as:

F =

 I4 ∆t · I4 04×1

04×4 I4 04×1

01×4 01×4 1

 (5)

with I4 denoting a 4 × 4 identity matrix, and 0m×n repre-
senting a zero matrix of shape m× n.

Prior Estimation Selection in KFCMM. For each can-
didate mask Mj selected by the enhanced SAM2 model,
let Sj

M be its area and (xj
M , yjM ) its center. We define a

Kalman-based motion score sjkf that quantifies the motion
consistency of the mask as:

sjkf =

{
IoU(x̂t+1|t,Mj), if S

Sj
M

∈ D,

0, otherwise,
(6)

where IoU(·) denotes the Intersection-over-Union between
the Kalman-predicted bbox and the candidate mask Mj , and
D ⊂ R is the acceptable deformation range. In our imple-
mentation, we set D = [0.5, 2.0].

In addition, we compute the Euclidean distance dj be-
tween the predicted bbox center and the center of mask Mj .
Let αkf ∈ [0, 1] be a weighting factor controlling the in-
fluence of the motion model, and sjsam be the affinity score
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Algorithm 1 Decision Logic in Stable State
Input: ssam, skf
Output: Target mask M , Kalman update

1: if ssam > τh then
2: M ←Msam
3: Update Kalman with M
4: else if τm < ssam ≤ τh then
5: M ←Msam
6: Kalman: skip update, propagate state
7: else if ssam ≤ τm ∧ skf > τkf then
8: M ← argmaxi IoU(Mi, M̂kf)
9: Update Kalman with M

10: else
11: Kalman: skip update
12: sf ← 0
13: Switch state: ResetStable
14: end if

predicted by SAM2. The distance condition is encoded by
an indicator function:

Uj =

{
1, if dj < dmax,

0, otherwise,
(7)

where dmax is a predefined distance threshold.
The final selected mask M∗ is determined by a weighted

score that fuses the motion consistency and segmentation
confidence:

M∗ = argmax
Mj

((
αkf · sjkf + (1− αkf) · sjsam

)
· Uj

)
.

(8)

3.3. Motion-Constrained State Machine
Due to the unique challenges in satellite video tracking, re-
lying solely on a fixed target selection mechanism—such
as that defined in Eq. (8)—often fails to fully exploit the
rich measurement information provided by SAM2 and the
predictive capability of the KFCMM. To address this, we
design a motion-constrained state machine for the visual
tracker, which governs the integration of segmentation and
motion estimation through five well-defined states: Unini-
tialized, Initialized, Stabilizing, Stable, and ResetStable
(RS).

At the beginning of tracking, the state machine enters
the Uninitialized state and transitions to Initialized by se-
lecting the highest-scoring mask predicted by SAM2 in the
first frame. It then enters the Stabilizing state, where the
tracker accumulates a stability score sf . If the SAM2 affin-
ity score exceeds a high-confidence threshold τh, the score
sf is incremented. Once sf reaches a frame-wise threshold
τf , the tracker transitions to the Stable state. Otherwise, sf
is reset to zero and the stabilization process restarts.

Figure 3. Illustration of the MVOT dataset.

In the Stable state, the tracker assumes that the target has
been reliably localized and begins making decisions based
on both appearance and motion cues. The decision logic is
detailed in Algorithm 1. Two scores guide this process: the
SAM2 affinity score ssam, which reflects the confidence of
the segmentation output, and the Kalman motion score skf,
which quantifies the agreement between the predicted and
observed target positions. Based on predefined thresholds
τh, τm, and τkf, the tracker either directly adopts the SAM2
mask Msam, selects the mask with maximum Intersection-
over-Union (IoU) against the Kalman prediction M̂kf, or
skips Kalman updates altogether. When both appearance
and motion confidence are low, the stability score sf is re-
set and the tracker transitions to the ResetStable state. This
mechanism ensures a dynamic balance between visual reli-
ability and motion consistency during long-term tracking.

The ResetStable state serves as a recovery mechanism
following degradation from the Stable state, typically trig-
gered by occlusion. Unlike the Stabilizing state, it conserva-
tively maintains the tracking output using existing historical
information, but does not increment the stability score until
a high-confidence observation is received again.

4. MVOT Dataset

We present MatrixCity Video Object Tracking (MVOT), a
remote sensing video object tracking dataset. MVOT is con-
structed from the synthetic MatrixCity [21] environment
and designed to evaluate performance under diverse con-
ditions, including multiple scenes and attributes. As illus-
trated in Fig. 3, MVOT comprises approximately 160,000
frames across more than 1,500 video sequences, each ac-
companied by detailed target annotations—significantly ex-
ceeding the scale of existing remote sensing video datasets.
MVOT covers three major dimensions of variation:
• Illumination conditions: day, dusk, and night;
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Table 1. Comparison of statistics and properties between our
MVOT dataset with previous datasets.

Dataset Count Diversity
Video Frame Illumination Angles Occlusion

VISO 47 16,204 ✗ ✗ ✗
SatSOT 105 27,664 ✗ ✗ ✗
OOTB 110 29,890 ✗ ✗ ✗
AIR-MOT 149 1,043 ✗ ✗ ✗
SAT-MTB 249 50,046 ✗ ✗ ✗
MVOT 1,500 157,900 ✓ ✓ ✓

• Viewing angles (zenith angles): 0°, 10°, and 20°;
• Occlusion attributes: presence or absence of target oc-

clusion within the sequence.
Each video sequence in MVOT consists of 100 frames

with a spatial resolution of 1024×1024 pixels. The data are
collected from four distinct regions in the MatrixCity en-
vironment: Right, Left, Bottom, and Top, each represent-
ing typical urban scenes rich in tall and low-rise buildings,
roads and elevated bridges, ports, and parking lots. This
diversity enables comprehensive evaluation across realistic
satellite video scenarios. Detailed descriptions of the three
variation categories are provided below.

4.1. Illumination Conditions Categorization
Conventional remote sensing video datasets typically lack
categorization under different illumination conditions, mak-
ing it difficult to evaluate the robustness of trackers to vary-
ing lighting scenarios. Leveraging the large-scale Matrix-
City open-source virtual dataset, we utilize the Unreal En-
gine (UE) to systematically control scene illumination and
generate over 90,000 daytime scenes, along with approxi-
mately 32,000 scenes for both dusk and nighttime condi-
tions. In the daytime setting, lighting is relatively uniform,
and object appearances retain rich details. The dusk scenes
are characterized by strong directional lighting, where tall
structures cast long shadows on the opposite side, and the
overall scene exhibits a warm, golden tone typical of sun-
set; object details are moderately reduced. In contrast, the
nighttime scenes present dim road illumination and promi-
nent artificial lighting on buildings. Object details are sig-
nificantly diminished, and many targets blend into the back-
ground, making them difficult to distinguish—thus posing a
substantial challenge to visual tracking algorithms.

4.2. Viewpoint and Occlusion Attributes
In addition to illumination, the observation angle of the
camera in remote sensing videos often varies, which af-
fects the appearance of targets and introduces additional
tracking challenges. To facilitate robustness evaluation un-
der viewpoint changes, we construct three types of scenes
with different viewing angles: 0° (approximately 92,000
frames), 10°, and 20° (approximately 31,000 frames). In

the 0° scenes, only the top view of objects is visible, while
the 10° and 20° scenes expose more side-view information.
At a 20° viewing angle, occlusions become more promi-
nent—tall buildings may block roads, causing targets to
disappear into blind zones and reappear on the other side
after several frames. For occlusion-specific evaluation, we
also construct a dedicated subset containing sequences with
explicit occlusions (approximately 9,200 frames across 92
videos). This enables direct assessment of a tracker’s ro-
bustness to occluded scenarios. Furthermore, all the afore-
mentioned attributes (illumination, viewpoint, and occlu-
sion) are combinable. For instance, our dataset includes
challenging sequences such as “20°-nighttime-occlusion”,
allowing for fine-grained analysis of tracker performance
under specific compound conditions.

4.3. Synthetic-to-Real Domain Gap Analysis
Although MVOT provides a large-scale and systemati-
cally controlled benchmark for remote sensing video ob-
ject tracking, it remains fundamentally different from real
satellite imagery. Synthetic data generated from the Matrix-
City environment allow precise ground-truth annotations
and consistent environmental control but inevitably sim-
plify real-world complexities. In real satellite observations,
continuous viewing geometry, varying ground sample dis-
tance (GSD), imperfect band alignment, and sensor-level
artifacts such as motion blur, haze, and atmospheric inter-
ference introduce diverse degradations that are difficult to
reproduce synthetically.

To this end, MVOT is designed as a complementary
benchmark rather than a substitute for real-world datasets.
It enables controlled studies on illumination, viewpoint, and
occlusion while supporting scalable pretraining and robust-
ness evaluation. Future extensions will explore domain
adaptation and physics-based rendering refinement to fur-
ther narrow the synthetic-to-real gap and improve transfer-
ability to operational satellite tracking scenarios.

5. Experiments
In this section, we present the experimental setup and pro-
vide both qualitative ( Fig. 4) and quantitative comparisons
between our proposed method SatSAM2 and several ex-
isting state-of-the-art trackers. We further conduct ablation
studies to evaluate the individual contributions of each mod-
ule.

5.1. Experimental Setup
Dataset Details. We evaluate our method on four repre-
sentative remote sensing video tracking benchmarks: the
newly proposed MVOT dataset, as well as three pub-
licly available datasets, OOTB and SatSOT. Together, these
benchmarks encompass a broad spectrum of spatial resolu-
tions, scene complexities, and object categories, providing a
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Figure 4. Qualitative comparison on four remote sensing datasets. Our method achieves the most accurate tracking results and demon-
strates strong robustness in recovering targets after occlusion, enabling fast and reliable re-alignment.

Table 2. Comparison of different trackers on three datasets (OOTB, MVOT, SatSOT) using three metrics: AUC, Precision (P), and
Normalized Precision (Pnorm). Best results are bolded, second best underlined. Entries marked with “-” indicate that the method could
not be evaluated on the corresponding dataset.

Tracker Venue OOTB MVOT SatSOT
AUC P Pnorm AUC P Pnorm AUC P Pnorm

Supervised methods
DiMP-50 CVPR’20 46.32 80.06 78.14 64.08 94.11 93.13 – – –
PrDiMP ECCV’20 45.12 75.51 73.72 65.90 92.58 91.69 – – –
KYS ECCV’20 47.20 80.64 79.31 65.70 93.82 93.03 – – –
SuperDiMP ECCV’20 49.97 85.24 83.26 65.74 94.06 93.34 – – –
KeepTrack ECCV’21 49.67 83.69 81.80 65.04 90.33 89.40 – – –
ToMP-101 CVPR’22 55.92 80.01 79.55 57.79 78.10 76.92 – – –
ToMP-50 CVPR’22 58.95 84.37 84.76 67.40 91.25 90.55 – – –
RTS ECCV’22 53.34 85.92 82.71 67.25 92.52 90.08 – – –
DFTrack JSTARS’22 52.29 86.54 79.31 71.10 90.62 87.09 45.64 70.40 64.74
TATrack TGRS’23 54.87 84.98 77.02 62.72 93.18 86.27 43.23 65.54 61.16
AQAtrack-384 CVPR’24 54.19 79.49 66.86 68.94 94.66 94.28 38.21 60.91 56.99
AQAtrack-256 CVPR’24 57.01 85.06 69.75 68.28 94.86 94.04 41.37 67.58 63.98
LoRAT-B-378 ECCV’24 59.46 85.59 82.89 61.73 91.94 93.50 43.80 64.99 56.01
LoRAT-L-378 ECCV’24 54.26 87.86 84.15 52.07 92.64 93.80 40.20 68.52 55.94
LoRAT-G-378 ECCV’24 57.22 87.52 85.01 55.32 92.32 93.30 41.44 69.59 58.34

Zero-shot methods
SAM2 ICLR’25 63.52 83.95 82.17 52.68 94.45 92.54 48.06 76.14 74.60
SAMURAI Arxiv’24 60.35 88.20 87.96 52.88 94.32 92.44 41.95 67.99 65.85
Ours - 67.23 92.59 90.58 68.17 94.95 94.56 54.15 78.63 76.37

comprehensive foundation for evaluating both accuracy and
generalization performance.

The OOTB dataset includes 110 satellite video se-
quences that cover a wide range of object types such as
airplanes, cars, trains, and ships. The scenes are captured

under diverse orbital imaging conditions with varying back-
grounds and object scales, making OOTB a strong bench-
mark for general-purpose tracking in real satellite environ-
ments. The SatSOT dataset consists of 105 sequences with
27,664 frames, containing four major target classes—cars,
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airplanes, ships, and trains—and emphasizes stable single-
object tracking with higher temporal continuity and dense
annotations.

In addition to these real-world datasets, we further val-
idate our approach on the proposed MVOT benchmark,
which provides a large-scale, systematically controlled
evaluation of illumination, viewpoint, and occlusion vari-
ations. Detailed descriptions of MVOT’s construction and
attribute dimensions are presented in Section 4. Together,
these datasets enable both realistic and controlled assess-
ments of our model’s performance across diverse remote
sensing conditions, ensuring a balanced evaluation of ro-
bustness and generalizatio.
Implementation Details. We adopt the pretrained and
publicly available sam2.1 hiera base plus (b+)
model as the backbone of SatSAM2. The temporal stabil-
ity threshold is set to 12 frames, and the high-confidence
affinity threshold is 0.3. The Kalman motion weight αkf is
fixed at 0.2. For memory selection, we follow the settings
in SAMURAI: τmask = 0.5, τobj = 0.0, and τkf = 0.0. The
deformation tolerance is set as D = [0.5, 2.0], and the spa-
tial threshold dmax is defined as

√
S, where S denotes the

initial target area. All experiments are conducted in zero-
shot mode without any parameter updates to SAM2. Further
analysis on hyperparameter choices and the rationale behind
their selection are provided in the supplementary material.
Comparison Methods and Metrics. We compare our
method with a comprehensive set of state-of-the-art visual
object trackers, including supervised trackers (LoRAT [22],
PrDiMP [6], DiMP [2], ToMP [24], KYS [3], Keep-
Track [23], AQAtrack [34], RTS [27]), remote-sensing-
specific trackers (DFTrack [4], TATrack [14]), and zero-
shot trackers (SAM2 [28], SAMURAI [35]). DFTrack is
a correlation filter-based dual-flow tracker, while TATrack
employs a target-aware transformer architecture with bidi-
rectional feature fusion, both tailored for satellite video
tracking. We evaluate all methods using three standard met-
rics: the area under the curve of the success plot (AUC),
precision at a 20-pixel threshold (P), and normalized preci-
sion with respect to object size (Pnorm).

5.2. Comparison with State-of-the-Art Methods
On the OOTB dataset, SatSAM2 achieves outstanding per-
formance, as shown in Tab. 2. Compared with state-
of-the-art (SOTA) approaches, it improves the AUC score
by 5.84% and the normalized precision Pnorm by 4.98%.
The results on the other two datasets further demonstrate
that SatSAM2 is capable of accurate tracking in a zero-
shot manner, without any training on the model itself, and
exhibits superior performance in satellite remote sensing
video tracking.

As illustrated in Fig. 4, compared with SAM2 and
SAMURAI, SatSAM2 shows strong robustness against dis-

w/o RSw/o KFCMM

Ours Ground Truth

Time 1 Time 2 Time 3 Time 4

w/o MCSM

Figure 5. Ablation comparison between Ours, GT, and vari-
ants with different modules removed.

Table 3. Quantitative ablation results of removing different
modules, evaluated on the OOTB dataset.

Tracker AUC (%) P (%) Pnorm (%)
Baseline(SAM2) 62.52 83.95 82.17
Baseline(SAMURAI) 60.35 88.20 87.96
Ours(w/o KFCMM) 61.01 81.79 80.79
Ours(w/o MCSM) 62.71 85.26 82.38
Ours(w/o RS) 66.95 90.67 88.23
Ours 67.23 92.59 90.58

tractions in the presence of multiple similar targets. When
the target is temporarily occluded by structures such as
bridges, SatSAM2 effectively switches to the Kalman mo-
tion module to predict the target’s location, and stably re-
aligns with the target once it reappears.

5.3. Ablation Study
We conduct ablation experiments on the OOTB dataset to
evaluate the contribution of each component, as shown in
Tab. 3 and Fig. 5. Removing KFCMM (Ours w/o KFCMM)
leads to a clear drop in AUC and precision, indicating its im-
portance in stabilizing temporal features and handling mo-
tion or occlusion. Excluding MCSM (Ours w/o MCSM)
also degrades performance, demonstrating that the multi-
context mask selection effectively enhances adaptability un-
der appearance variations. The RS module further improves
spatial robustness, as removing it slightly reduces overall
performance. With all modules combined, our full model
achieves the best results (AUC: 67.23%, P: 92.59%), vali-
dating the complementary benefits of each component.

6. Conclusion
In this work, we present SatSAM2, a motion-constrained
framework that integrates the promptable segmentation
power of SAM2 into the challenging task of satellite
video object tracking. By combining a Kalman-filter-
based state machine with satellite-specific motion pri-
ors, SatSAM2 effectively addresses occlusion, appear-
ance ambiguity, and tracking drift. Extensive experi-
ments on multiple benchmarks, along with the newly pro-
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posed MVOT dataset, demonstrate the robustness and
generalization of SatSAM2, setting a new baseline for
remote sensing video tracking. In future work, we
plan to explore transformer-based temporal models for
enhanced long-term dependency modeling and extend
SatSAM2 to multi-object tracking in complex satellite
scenes.
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SatSAM2: Motion-Constrained Video Object Tracking in Satellite Imagery
using Promptable SAM2 and Kalman Priors

Supplementary Material

Supplementary Material
This document serves as a comprehensive supplement to the
main manuscript, providing detailed implementation spec-
ifications, extended experimental analysis, and qualitative
visualizations that could not be included due to space con-
straints. The content is organized as follows:
• Sec. A: MVOT Dataset Overview. We provide a de-

tailed breakdown of the MatrixCity Video Object Track-
ing dataset, including statistical distributions of illumina-
tion, viewing angles, and occlusion scenarios.

• Sec. B: Implementation Details. We present the com-
plete hyperparameter configuration for the KFCMM and
MCSM modules to ensure full reproducibility.

• Sec. C: Extended Experiments. We include a sensi-
tivity analysis of key hyperparameters and provide addi-
tional qualitative results demonstrating the tracker’s per-
formance under challenging conditions.

• Sec. D: Limitations and Failure Analysis. We criti-
cally analyze specific failure modes, including semantic
distraction and boundary leakage on slender targets.

A. Overview of MVOT dataset
We introduce MVOT, a multi-attribute remote sensing
video tracking dataset generated based on the virtual city
platform MatrixCity [21]. MVOT is specifically designed
to evaluate the robustness of visual trackers under vary-
ing illumination conditions, different viewing angles, and
both occluded and non-occluded scenarios. With over 1,500
video sequences and 157,900 frames at a resolution of
1024×1024, MVOT significantly exceeds the scale of ex-
isting remote sensing tracking datasets. In the following
sections, we detail the dataset’s construction across three
key attributes: illumination conditions, viewing angles, and
occlusion settings.

A.1. Illumination Conditions
MVOT comprises 94,200 daytime, 31,600 dusk, and
32,100 nighttime frames. As illustrated in Fig. 6, the vi-
sual characteristics of scenes under different lighting con-
ditions vary significantly. Daytime scenes offer rich detail
and uniform lighting, which is conducive to object track-
ing. In contrast, most existing datasets only include daytime
sequences, ignoring the challenges posed by poor lighting.
Such discrepancy leads to performance degradation of fully
supervised trackers when applied to low-light environments
such as nighttime or adverse weather conditions. To ad-

Figure 6. Example scenes under different illumination condi-
tions(Day, Dusk and Night). The red boxes indicate the target
locations in different frames.

dress this gap, we introduce dusk and nighttime scenarios
into MVOT for a comprehensive evaluation of trackers un-
der significant illumination shifts.

As shown in Tab. 4, all trackers [1, 3, 6, 22–24, 27]
exhibit decreased performance in nighttime scenes, which
is expected. Zero-shot segmentation-based methods—such
as SAM2, SAMURAI, and our approach—demonstrate
slightly lower AUC scores than traditional supervised meth-
ods, while maintaining comparable precision. This perfor-
mance gap may be attributed to the tendency of these meth-
ods to overestimate the size of segmentation masks.

A.2. Viewing Angles
MVOT contains 91,800 frames at a 0◦ viewing angle,
31,400 frames at 10◦, and 31,000 frames at 20◦. Fig. 7 il-
lustrates representative frames from each viewing angle. In
remote sensing videos, viewing angle variation is common
and can significantly affect tracking performance. To sys-
tematically evaluate this effect, MVOT includes sequences
with varied observation angles, which are rarely found in
existing datasets.

As shown in Tab. 5, performance peaks at 10◦, while
results at 0◦ are the lowest. This is likely because top-
down views (0◦) lack lateral details, forcing the model to
rely solely on the top-view appearance, which often blends
with the background during fast motion. Conversely, the
20◦ angle increases the likelihood of occlusions caused by
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Table 4. Tracking performance under different lighting conditions (Night, Dusk, Day) evaluated by AUC, Precision (P), and Normalized
Precision (Pnorm). Best results are bolded, second best underlined.

Tracker Night Dusk Day
AUC (%) P (%) Pnorm (%) AUC (%) P (%) Pnorm (%) AUC (%) P (%) Pnorm (%)

Supervised methods
ToMP-50 61.54 85.61 87.21 67.46 91.89 92.33 70.85 94.50 95.23
ToMP-101 49.50 68.56 70.61 52.46 71.58 72.71 57.22 76.06 77.64
DiMP-50 61.24 93.32 94.79 65.02 94.08 94.42 65.37 95.09 96.65
SuperDiMP 64.97 95.24 96.03 64.25 93.59 94.47 70.50 95.84 96.79
PrDiMP 64.27 92.34 93.64 64.8 93.07 93.93 70.63 94.45 95.33
RTS-50 65.13 92.87 95.83 64.35 94.21 94.98 70.47 95.33 96.11
KeepTrack 63.43 89.72 90.88 63.35 89.79 90.84 70.87 93.72 94.61
ATOM 64.18 92.94 94.02 65.52 94.99 95.59 71.51 95.85 96.61
DFTrack 70.74 91.56 85.79 67.46 86.55 84.02 72.47 91.70 88.60
TATrack 57.72 90.44 81.90 59.93 90.60 83.06 65.38 95.00 88.87
AQAtrack-256 64.80 91.89 92.64 67.32 93.70 94.00 69.77 95.05 95.47
AQAtrack-384 65.41 91.66 92.58 61.98 93.34 93.55 70.41 94.89 95.33
LoRAT-G-378 55.24 94.04 95.13 54.91 94.61 94.96 58.53 96.40 96.81
LoRAT-L-378 52.05 94.29 96.15 51.19 95.10 95.46 54.96 96.73 96.89
LoRAT-B-378 61.04 93.10 94.12 61.50 94.96 95.27 65.60 96.00 96.40

Zero-shot methods
SAM2 47.90 89.16 91.29 47.38 92.36 93.35 62.43 93.20 94.44
SAMURAI 44.50 93.31 94.27 48.44 93.31 94.27 63.02 94.13 95.31
Ours 58.97 94.62 96.32 60.17 95.26 96.35 73.22 96.98 97.12

Figure 7. Example scenes under different viewing angles(0 de-
gree, 10 degree and 20 degree). Red boxes indicate the target
positions in different frames.

buildings, leading to degraded performance. The 10◦ angle,
striking a balance between detail visibility and occlusion,
yields the best results.

A.3. Occlusion Scenarios
MVOT includes 148,700 non-occluded and 9,200 oc-
cluded frames. As shown in Fig. 8, occlusions are pri-
marily caused by elevated structures or slanted buildings.
Tab. 6 presents a detailed performance comparison. Tradi-
tional tracking methods suffer significant degradation under
occlusion, likely due to their inability to accurately predict
object positions once occlusion occurs, thereby failing to
maintain robust tracking. In contrast, our method exhibits
a notable improvement over traditional approaches, demon-
strating superior resilience to occlusions.

B. Implementation Details of KFCMM and
MCSM Modules

B.1. Overall Pipeline
We present the detailed tracking pipeline involving the
KFCMM and MCSM modules across five representative
tracking states in a typical remote sensing video sequence.

The beginning is the SAM2 Observer, which reads video
frames sequentially and segments the target in each frame
based on the initial bounding box prompt. The segmenta-
tion results are passed to the middle module, MCSM, which
maintains five states: Uninitialized, Initialized, Stabilizing,
Stable, and ResetStable.
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Table 5. Tracking performance under different viewpoint angles (0°, 10°, 20°) evaluated by AUC, Precision (P), and Normalized Precision
(Pnorm). Best results are bolded, second best underlined.

Tracker 0° 10° 20°
AUC (%) P (%) Pnorm (%) AUC (%) P (%) Pnorm (%) AUC (%) P (%) Pnorm (%)

Supervised methods
ToMP-50 70.85 94.50 95.23 73.85 96.47 96.76 72.61 96.41 96.86
ToMP-101 57.22 76.06 77.64 69.17 88.76 89.34 68.68 89.81 90.41
DiMP-50 65.37 95.09 96.65 70.34 97.09 97.53 67.58 96.88 97.74
SuperDiMP 70.5 95.84 96.79 70.42 97.15 96.28 68.16 95.49 97.92
PrDiMP 70.63 94.45 95.33 70.7 95.95 96.43 68.33 94.99 95.76
RTS-50 70.47 95.33 96.11 70.22 97.33 97.75 67.93 96.79 97.47
KeepTrack 70.87 93.72 94.61 70.14 94.12 94.61 67.4 93.07 94.01
ATOM 71.51 95.85 96.61 71.41 97.16 97.56 69.00 96.47 97.04
DFTrack 71.64 91.50 87.20 74.69 93.88 89.27 69.48 88.56 88.45
TATrack 61.48 93.24 85.55 66.75 94.83 89.14 65.08 95.24 89.17
AQAtrack-256 69.77 95.05 95.47 73.55 96.01 96.21 70.40 95.11 95.38
AQAtrack-384 70.41 94.89 95.33 74.07 95.61 95.85 71.11 95.21 95.52
LoRAT-B-378 65.60 96.09 96.40 67.98 95.92 96.15 64.74 96.06 96.23
LoRAT-G-378 58.53 96.40 96.81 60.51 96.58 96.76 57.41 96.37 96.60
LoRAT-L-378 54.96 96.73 97.14 56.24 96.33 96.57 54.39 96.34 96.61

Zero-shot methods
SAM2 57.43 93.29 94.44 67.96 97.04 95.35 63.58 96.88 97.31
SAMURAI 58.02 94.13 95.31 68.63 97.66 97.01 64.45 97.47 97.44
Ours 68.50 97.01 97.30 72.00 97.78 97.95 69.80 97.51 97.84

Table 6. Tracking performance under occlusion and non-
occlusion. Best results are bolded, second best underlined.

Tracker Occlusion Non-Occlusion
AUC P Pnorm AUC P Pnorm

Supervised methods
ToMP-50 37.80 51.79 52.54 70.85 94.50 95.23
ToMP-101 33.00 45.63 46.60 57.22 76.06 77.64
DiMP-50 34.77 51.96 53.68 65.37 95.09 96.65
SuperDiMP 34.84 50.53 51.61 70.50 95.84 96.79
PrDiMP 36.08 51.94 53.21 70.63 94.45 95.33
RTS-50 34.69 50.00 51.77 70.47 95.33 96.11
KeepTrack 32.77 46.16 47.39 70.87 93.72 94.61
ATOM 34.56 49.88 51.72 71.51 95.85 96.61
DFTrack 32.37 48.52 45.44 72.87 92.55 88.94
TATrack 33.12 50.29 47.68 64.08 95.15 87.97
AQAtrack-256 37.74 36.55 46.59 69.77 95.05 95.47
AQAtrack-384 38.47 37.28 46.71 70.41 94.89 95.33
LoRAT-G-378 32.57 53.72 54.21 58.53 96.40 96.81
LoRAT-L-378 30.12 54.17 54.61 54.96 96.73 97.14
LoRAT-B-378 36.19 54.14 54.50 65.60 96.00 96.40

Zero-shot methods
SAM2 31.07 56.18 57.04 62.43 93.20 94.44
SAMURAI 30.66 56.00 56.48 63.02 94.13 95.31
Ours 44.50 59.03 60.35 68.67 97.00 97.10

At the first frame, MCSM selects the most confident
mask (with the highest affinity score) among the top three
masks produced by the SAM2 Observer and passes it to the

Figure 8. Example scenes under occluded and non-occluded
conditions. Red boxes indicate the target positions in different
frames.

KFCMM module (on the right) for initialization.
From the second to the tenth frame, the system enters

the Stabilizing phase. During this period, as KFCMM has
not yet received sufficient observations, the system relies
more on the SAM2 Observer. Masks with confidence scores
above a certain threshold are used as valid observations for
updating KFCMM.

Once the accumulated stability score sf exceeds a pre-
defined threshold τf , MCSM transitions to the Stable state.
When partial occlusion occurs, the SAM2 Observer may
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produce all three masks with confidence scores below τm,
yet one of them may still have a high IoU with the predicted
mask from KFCMM. If this mask achieves a sufficiently
high motion consistency score skf , it is selected as the final
tracking result and used to update KFCMM.

The fourth state, ResetStable, is activated when the target
is heavily occluded and the SAM2 output becomes mean-
ingless, i.e., the predicted masks have low overlap with the
KFCMM prediction. In this case, MCSM transitions to the
ResetStable state, and the system relies solely on the mo-
tion prediction from KFCMM. Since no valid observation
is available, KFCMM skips updates, leading to a predictive
bounding box that glides over the occlusion.

Once the occlusion ends and a high-confidence mask is
detected (e.g., a pulse from SAM2), the system considers
the target recovered and MCSM transitions back to the Sta-
bilizing state. KFCMM resumes updates with the valid ob-
servation, ensuring robust tracking continuity in future oc-
clusions.

B.2. Kalman Filter Formulation
The Kalman filter is an efficient recursive estimator that in-
fers the state of a dynamic system from noisy and incom-
plete measurements [10]. In SatSAM2, we deploy a linear
Kalman filter tailored with motion constraints specific to re-
mote sensing video tracking [35], resulting in the Kalman
Filter-based Constrained Motion Module (KFCMM).

The KFCMM update process follows the standard
Kalman filter equations:

x̂k|k−1 = Ax̂k−1|k−1 (9)

Pk|k−1 = APk−1|k−1A
T +Q (10)

Kk = Pk|k−1H
T (HPk|k−1H

T +R)−1 (11)
x̂k|k = x̂k|k−1 +Kk(zk −Hx̂k|k−1) (12)
Pk|k = (I −KkH)Pk|k−1 (13)

Eq. (9) performs the time update (prediction step),
where the prior state is propagated using the state transition
matrix A. Eq. (10) updates the prior covariance, indicating
the uncertainty of the prediction. Eq. (11) calculates the
Kalman gain Kk, balancing the trust between the predicted
state and new observations. Eq. (12) is the measurement
update (correction step), where the state is refined using a
weighted combination of prediction and observation. Fi-
nally, Eq. (13) updates the posterior covariance, reducing
uncertainty and yielding the optimal estimate of the system
state.

B.3. Analysis of Internal State Dynamics
To validate the effectiveness of the Kalman Filter-based
Constrained Motion Module (KFCMM), we visualize the

internal state evolution of a challenging sequence, car 30,
which undergoes a complete occlusion by roadside vegeta-
tion between frames 436 and 496 (Fig. 9b).

As illustrated in Fig. 9f, the explicit modeling of posi-
tion uncertainty (V arx + V ary) serves as a critical indi-
cator for the Motion-Constrained State Machine (MCSM).
When the target enters the occluded region, visual obser-
vations (measx,measy) become unavailable, causing the
state variance to grow quadratically. This spike in uncer-
tainty triggers the MCSM to switch from the Update phase
to a pure Prediction phase. Consequently, the tracker relies
on the momentum established in the velocity state (Fig. 9d)
to extrapolate the target’s trajectory.

Fig. 9c demonstrates that this predictive mechanism pro-
duces a smooth linear path (orange segment) that aligns per-
fectly with the road topology, allowing the tracker to imme-
diately re-associate with the target once it re-emerges. Fur-
thermore, Fig. 9e highlights the importance of the geometric
constraint; while raw segmentation masks might shrink or
vanish during partial occlusion, the estimated state height
h remains robust, effectively preventing the “box collapse”
issue common in standard SAM2 tracking.

C. Implementation Details and Hyperparame-
ter Analysis

C.1. Detailed Hyperparameter Settings
To facilitate reproducibility and future research, we pro-
vide a comprehensive summary of the hyperparameters
used in the SatSAM2 framework in Tab. 7. These val-
ues were empirically determined and kept fixed across
all evaluated benchmarks (OOTB [5], SatSOT [40], and
MVOT) to demonstrate the zero-shot generalization capa-
bility of our method. The parameters are categorized by
their corresponding modules: the SAM2-based memory se-
lection, the Kalman Filter-based Constrained Motion Mod-
ule (KFCMM), and the Motion-Constrained State Machine
(MCSM).

C.2. Sensitivity Analysis
We further conduct an ablation study on the OOTB
dataset [5] to evaluate the robustness of SatSAM2 with
respect to its two most critical hyperparameters: the mo-
tion weight (αkf ) and the high-confidence affinity threshold
(τh). The results are visualized in Fig. 10.
Impact of Motion Weight (αkf ). The parameter αkf gov-
erns the influence of the motion prior relative to the visual
observation during the mask selection process. As shown
in Fig. 10 (Left), the framework achieves optimal perfor-
mance at αkf = 0.2. The results indicate a ”robustness
zone” for αkf ∈ [0.0, 0.3], where the tracker effectively uti-
lizes motion cues to resolve ambiguities without ignoring
visual evidence. However, as αkf exceeds 0.4, the stronger
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(a) Stable Tracking (b) Occulsion Instance

(c) (d)

(e) (f)

Figure 9. Visualization of Kalman Filter State Dynamics on Sequence car 30. (a-b) Qualitative Results: Representative frames showing
stable tracking (a) and a severe occlusion event (b) where the target is obscured by trees (frames 436–496). (c) Spatial Trajectory: The
estimated path (blue) remains smooth and continuous during the occlusion, effectively bridging the gap in visual observations (red crosses).
(d) Velocity Magnitude: The filter maintains a consistent velocity prior during the signal loss, preventing motion jitter. (e) Geometric
Stability: The state height h (purple) remains stable despite noisy or missing visual measurements, validating the rigid-body constraint. (f)
Position Uncertainty: The aggregated variance (Varx +Vary) exhibits a sharp spike during the occlusion window, triggering the Motion-
Constrained State Machine (MCSM) to prioritize motion priors over visual features until re-association occurs.

bias toward the linear motion model begins to override valid
visual segmentation, leading to a noticeable decline in AUC
and Precision.

Impact of Stability Threshold (τh). The threshold τh dic-

tates the confidence level required for the state machine to
accumulate stability scores and transition into the Stable
state. As illustrated in Fig. 10 (Right), SatSAM2 exhibits
a stable performance plateau for τh ∈ [0.1, 0.4], peaking at
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τh = 0.3. When the threshold is set too high (τh ≥ 0.6), the
strict condition prevents the tracker from entering the stable
state, thereby disabling the advanced decision logic of the
MCSM and degrading performance to baseline levels.

C.3. Failure Case Analysis

To provide a comprehensive evaluation of SatSAM2, we
explicitly analyze scenarios where the proposed framework
encounters difficulties, as visualized in Fig. 11.
Boundary Leakage on Slender Targets. A distinct fail-
ure mode occurs when tracking elongated objects, such
as trains, particularly in low-resolution imagery where
edge gradients are weak. In these scenarios, the SAM2
backbone frequently generates over-expanded segmentation
masks. Crucially, because this mask inflation evolves in
a temporally linear and smooth manner—lacking the sud-
den ”jumps” that typically characterize tracking errors—the
Kalman Filter interprets the expansion as valid object mo-
tion or deformation. Consequently, the error remains within
the acceptance gate of the motion model, leading to a pro-
gressive accumulation of drift and eventual misalignment
with the true target.
Visual Ambiguity in Low-Contrast Regions. The sec-
ond challenge arises from the inherent limitations of optical
satellite sensors, particularly in low-contrast or shadowed
regions. As depicted in the bottom row of Fig. 11, when a
target enters a deep shadow or traverses a background with
a texture identical to itself, the gradient boundaries vanish.
Consequently, the SAM2 decoder struggles to generate a
tight mask, causing the bounding box to drift or expand into
the background. While the Kalman filter attempts to main-
tain the trajectory, the lack of valid visual updates eventu-
ally degrades the tracking state.

Future work will address these limitations by incorporat-
ing more discriminative instance-specific embeddings and
exploring multi-hypothesis tracking to handle ambiguity
more robustly.

C.4. Additional Visualization Results

We provide additional qualitative results on relatively sim-
ple cases across three datasets [5, 40], where most meth-
ods achieve acceptable tracking performance. Specifically,
we compare our method with traditional fully supervised
trackers (AQAtrack [34] and LoRAT [22] with different pa-
rameter settings), as well as two specialized remote sens-
ing video trackers, DFTrack [4] and TATrack [14]. As
shown in Fig. 12, six representative examples illustrate that,
while most methods can roughly track the targets, our ap-
proach consistently exhibits higher tracking accuracy, as ev-
idenced by the closer alignment between predicted boxes
and ground truth. This observation aligns well with the
quantitative results reported by the AUC metric.

D. Limitations
We also acknowledge several limitations of the proposed
SatSAM2 framework:
1. Inference latency compared to specialized

lightweight trackers. SatSAM2 utilizes the foun-
dation model sam2.1 hiera base plus (80.8M
parameters) as its backbone. Consequently, its inference
speed of 64.1 FPS (measured on an NVIDIA A100) is
generally lower than that of traditional, fully supervised
correlation filter-based trackers. However, considering
that commercial satellite video feeds typically operate at
lower frame rates (e.g., 10-25 FPS), SatSAM2 remains
well within the requirements for real-time processing.
We consider this latency an acceptable trade-off for the
significant gains in zero-shot robustness and the elimi-
nation of environment-specific retraining. Furthermore,
since the backbone is trained on broad-domain data,
there is significant potential for future work to employ
model pruning or distillation to reduce parameters for
resource-constrained edge deployment.

2. Limited performance gain under heavy occlusion.
SatSAM2 leverages a linear Kalman filter as its motion
prior. However, in real-world scenarios, targets may un-
dergo non-linear movements, such as turning, while be-
ing occluded. Since the Kalman filter assumes linear
motion, it continues predicting the target’s position along
the tangent of its last observed trajectory. Consequently,
once the occlusion ends, the predicted and actual target
positions may deviate significantly, leading to failed re-
identification and tracking loss.

3. Suboptimal mask precision for fine-grained targets.
As SatSAM2 relies on the SAM2 segmenter, it inher-
its certain limitations from the base model. Notably, the
predicted segmentation masks may either overestimate
or underestimate the actual target size. This impreci-
sion causes discrepancies between the predicted bound-
ing box and the ground truth, which may accumulate
over time and ultimately lead to tracking drift or failure.
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Table 7. Detailed Hyperparameter Settings. The parameters are organized by module. To ensure reproducibility, we report the specific
values used for all experiments on the OOTB, SatSOT, and MVOT datasets.

General & Memory Selection Motion (KFCMM) & State Machine (MCSM)

Param Value Description Param Value Description

Backbone Hiera-B+ Pretrained SAM 2.1 model αkf 0.2 Motion weight (vs. visual)
τmask 0.5 Min. mask affinity for memory D [0.5, 2.0] Allowed area deformation
τobj 0.0 Object existence threshold dmax

√
Sinit Adaptive spatial gate

τkf 0.0 Motion consistency threshold τh 0.3 High-confidence threshold
Nmax 16 Max memory bank size τm 0.0 Propagation threshold
Mode Zero-shot No weight updates Tf 12 Stability duration (frames)
- - - Tm 5 Reset trigger (frames)

Figure 10. Hyperparameter Sensitivity Analysis on the OOTB Dataset. (Left) Impact of the Kalman Motion Weight (αkf ). The
tracking performance peaks at αkf = 0.2, confirming that a subtle motion constraint effectively complements visual features. As the weight
increases beyond 0.4, the linear motion model begins to override valid visual observations, leading to a significant drop in AUC. (Right)
Impact of the Stability Threshold (τh). The method demonstrates high robustness across a broad range of thresholds (τh ∈ [0.1, 0.4]).
However, imposing overly strict stability criteria (τh ≥ 0.6) prevents the state machine from transitioning to the Stable state, causing the
tracker to lose targets during complex scenarios.
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Time 1 Time 2 Time 3 Time 4

Successful Tracking Failure Tracking Ground Truth

Figure 11. Qualitative Analysis of Failure Cases. We identify two primary failure modes in the SatSAM2 framework. (Top Row)
Gradual Drift on Elongated Targets: When tracking targets with high aspect ratios (e.g., trains) under low spatial resolution, SAM2
is prone to over-segmentation. Since this mask expansion evolves smoothly over time rather than abruptly, it evades the Kalman filter’s
outlier rejection mechanism, causing the tracker to systematically drift away from the true object boundary. (Bottom Row) Low-Contrast
Ambiguity: When a target enters a region with extremely low contrast (e.g., deep shadows or surfaces with identical texture), the lack of
distinct boundary features can cause the SAM2 segmentation mask to drift into the background.
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Figure 12. Qualitative comparisons on three datasets among our method and fully supervised methods (AQAtrack and LoRAT with
different parameters). Each row represents a different dataset, and each column shows tracking results from a different method. Our
method demonstrates superior robustness and temporal consistency.
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