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Abstract

Video Camouflaged Object Detection (VCOD) poses signifi-
cant challenges due to the subtle appearance of camouflaged
objects, especially under dynamic motion and occlusion. Ex-
isting methods predominantly rely on optical flow or black-
box features for motion modeling, which often entail sub-
stantial computational costs and suffer from limited inter-
pretability. Inspired by the human strategy of identifying ab-
normal movements between frames and the principle of event
camera image formation, we propose an eventstream-inspired
dual-branch framework for VCOD. Specifically, we design
an eventstream-inspired data extraction module to capture
pixel-level motion variations, effectively distinguishing ob-
ject motion from background dynamics. This event-based
representation is integrated into SAM2 through a dual-branch
memory-augmented framework, consisting of Time Bridge
Attention and Visual Bridge Attention, enabling joint mod-
eling of motion and appearance cues. In addition, we intro-
duce a Prompt Embedding Generator to eliminate the need
for human-provided interactive prompts, facilitating fully
automatic VCOD. Extensive experiments on MoCA-Mask
and CAD2016 demonstrate that our approach significantly
outperforms state-of-the-art methods, achieving both supe-
rior segmentation accuracy and interpretable motion model-
ing. To our knowledge, this is the first work to incorporate
eventstream-inspired representations into the VCOD task.

Code — https://github.com/lyu-yx/EventVCOD.git

1 Introduction
Camouflage, a sophisticated survival strategy widely ob-
served in nature, enables organisms to blend seamlessly into
their surroundings and avoid detection by predators (Stevens
and Merilaita 2009). This biological phenomenon has in-
spired the computer vision community to formulate the
Camouflaged Object Detection (COD) problem, which aims
to detect objects with minimal visual contrast against their
backgrounds. Compared to conventional object detection
and segmentation tasks, COD presents unique challenges
due to its inherent visual ambiguity, where targets are inten-
tionally designed to remain imperceptible. Beyond its scien-
tific significance for understanding visual perception, COD
has promising real-world applications, including industrial
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Figure 1: Comparison of existing solutions and our method
across three VCOD stages: frame input, motion model-
ing, and memory utilization. Our approach removes manual
prompts, leverages interpretable eventstream motion model-
ing, and integrates motion cues into long-term memory.

quality inspection (Fan et al. 2023) and medical image anal-
ysis (Fan et al. 2020b).

Recently, research interest has shifted toward Video Cam-
ouflaged Object Detection (VCOD), which extends COD
to dynamic scenes and introduces new challenges due to
temporal complexity. Videos often involve object motion,
background variations, and frequent occlusions that may
cause temporary object disappearance. Nevertheless, cam-
ouflaged objects typically exhibit temporally consistent and
predictable motion patterns. Human observers performing
VCOD tasks tend to rely on motion cues—systematically
comparing adjacent frames to identify subtle differences that
static appearance alone fails to reveal. Inspired by this hu-
man strategy, we introduce an eventstream-inspired repre-
sentation that explicitly encodes pixel-level inter-frame vari-
ations, serving as a motion-sensitive input. This design en-
ables our model to focus on subtle but temporally coherent
changes that are essential for localizing camouflaged objects
in complex video scenarios.

To further enhance the generalization and robustness
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of our approach, we build upon the powerful visual pri-
ors provided by the Segment Anything Model (SAM) se-
ries (Kirillov et al. 2023). However, directly applying SAM
to VCOD is non-trivial due to its dependence on interac-
tive prompts (e.g., points, bounding boxes, or masks) for
segmentation initialization (Meeran, Mantha et al. 2024).
This limitation arises for two reasons: (1) in camouflaged
scenes, even human annotators may struggle to identify ob-
jects without temporal context, making prompt-based ini-
tialization unreliable; and (2) prompt-based strategies are
impractical for large-scale video processing as they require
manual intervention for each sequence. Moreover, existing
VCOD frameworks often rely on memory mechanisms that
primarily aggregate appearance cues while underutilizing
motion information, which is crucial for achieving tempo-
rally consistent and robust segmentation in scenarios with
fast motion, occlusion, or background clutter.

To address these limitations, we propose a unified and
interpretable framework specifically designed for VCOD,
as illustrated in Fig. 1. The framework consists of three
key components: (1) a Prompt Embedding Generator
(PEG) that autonomously generates informative prompts,
enabling fully automatic segmentation while leveraging
SAM’s generalization capabilities; (2) an Eventstream-
Inspired Motion Modeling module, inspired by event cam-
eras, which captures pixel-level intensity changes to provide
interpretable and reliable motion representations; and (3) a
Dual-Branch Memory-Augmented Framework that inte-
grates both appearance and motion information into long-
term memory for temporally consistent predictions.

Comprehensive experiments on two widely used VCOD
benchmarks, MoCA-Mask and CAD2016, demonstrate that
our method not only achieves state-of-the-art performance
but also improves interpretability by explicitly modeling
motion cues.

Our main contributions are as follows:

• We develop a prompt-free online VCOD framework by
introducing a Prompt Embedding Generator that elim-
inates the need for interactive prompts while retaining
SAM’s strong visual priors.

• We propose an interpretable eventstream-inspired motion
modeling strategy that captures pixel-level motion varia-
tions, enhancing the detection of camouflaged objects.

• We design a dual-branch memory augmentation mecha-
nism that jointly models visual and motion cues, enabling
robust and temporally coherent segmentation.

• Our method achieves new state-of-the-art performance
on public VCOD benchmarks, with over 15% relative
improvement compared to the second-best approaches.

2 Related Works
Video Semantic Segmentation
Video Semantic Segmentation (VSS) (Su et al. 2023) aims
to assign semantic labels to each pixel across video frames
while maintaining temporal coherence. Extending static
image segmentation to videos is challenging due to ap-
pearance variations, motion blur, and the need for consis-

tent temporal modeling. Early approaches relied on opti-
cal flow (Tokmakov, Alahari, and Schmid 2017) to esti-
mate pixel-level motion, while more recent methods utilize
memory-based (Oh et al. 2019) and transformer-based ar-
chitectures (Yang et al. 2022) to achieve improved temporal
consistency.

The Segment Anything Model (SAM) (Cheng et al. 2023)
demonstrates impressive generalization through prompt-
based interactive segmentation. SAM2 (Ravi et al. 2024) ex-
tends this concept to videos by incorporating temporal mem-
ory propagation, while recent adaptations (Chen et al. 2024)
explore fine-grained tasks such as camouflaged object de-
tection (Fan et al. 2020a). However, SAM-based approaches
remain fundamentally dependent on manual prompts, which
hinders scalability for fully automatic video segmentation.

Eventstream-inspired Object Detection
Event cameras (Lichtsteiner, Posch, and Delbruck 2008)
asynchronously record pixel-level intensity changes, gen-
erating event streams that provide high-temporal-resolution
motion cues with minimal latency. Event-based representa-
tions have been successfully applied to video object track-
ing (Iaboni et al. 2021), segmentation (Jiang, Moreau, and
Davoine 2024), and applications like gaze estimation (Li,
Chang, and Raychowdhury 2024).

Despite their advantages, traditional motion modeling
techniques—whether based on optical flow or implicit tem-
poral aggregation—are often computationally expensive and
lack interpretability. Event-based methods provide fine-
grained, noise-resilient motion cues but face challenges due
to the absence of large-scale datasets specifically tailored for
camouflaged object detection (COD). This gap limits their
direct application to VCOD tasks.

Image/Video Camouflaged Object Detection
COD has evolved from early handcrafted features (Hou and
Li 2011) to deep learning-based frameworks that leverage
visual attention (Mei et al. 2021) and auxiliary cues like
edges (Lyu et al. 2023) or depth (Wu et al. 2023; Hao
et al. 2023; Yuan et al. 2022). Recent works also explore
camouflaged-specific attributes (Zhang et al. 2024) and gen-
erative modeling (Zhang et al. 2025) to improve detection
performance.

Extending COD to videos (VCOD) introduces challenges
such as motion blur, occlusion, and object disappearance.
Existing methods typically rely on appearance-based mem-
ory (Yang et al. 2021), which underutilizes fine-grained mo-
tion cues and appearance-motion interactions essential for
temporally consistent segmentation.

3 Methods
Overview
An overview of our proposed framework is illustrated in
Fig. 2. We first introduce the motivation behind our design,
followed by a detailed description of each module.

Motivation. Humans are highly sensitive to biological
motion and can recognize actions even from sparse or de-
graded visual information (Johansson 1973). This ability
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Figure 2: Overview of our framework with two branches: an eventstream-inspired branch for motion modeling and a visual
branch for appearance. Both interact with memory through bridge attention and generate adaptive prompts for mask prediction.

is supported by the hierarchical structure of the human vi-
sual cortex and the specialized pathways for motion per-
ception (Van Essen and Maunsell 1983). In the context of
VCOD, humans tend to identify camouflaged targets by
carefully comparing adjacent frames to discover subtle and
abnormal motion patterns that deviate from the regular back-
ground dynamics. This observation motivates us to develop
a framework capable of explicitly modeling motion informa-
tion and its interaction with long-term memory, thereby en-
abling a comprehensive understanding of camouflaged ob-
ject behavior throughout the video.

Network Overview. We propose a dual-branch VCOD
framework built on SAM2 for online video processing
(Fig. 2). The framework comprises:

(1) The eventstream-inspired branch (yellow arrows),
which models motion by extracting an eventstream-inspired
representation Et from consecutive frames It−1 and It
(Sec. 3). This representation is encoded into features FE

t ,
which interact with the memory bank via the Time Bridge
Attention module to retrieve motion-relevant information
ME

t and generate prompts.
(2) The Visual branch (green arrows), which processes the

current frame It to obtain visual features F I
t that are refined

through Visual Bridge Attention for appearance consistency.
The outputs from both branches, including high-

resolution features (hFE
t , hF I

t ), are fused and passed to
the Prompt Embedding Generator (Sec. 3) to produce adap-
tive prompts. The Mask Decoder then uses the prompt Pt

(t = 0 for initialization), motion-enhanced features ME
t ,

and appearance-enhanced features M I
t to predict the seg-

mentation mask, which is stored in the memory bank along
with an occlusion prediction. This design yields a compact
yet effective VCOD framework with interpretable motion-
appearance modeling.

Eventstream-Inspired Data Acquisition
Extracting reliable eventstream-inspired data is fundamen-
tal for constructing interpretable and effective motion rep-
resentations in VCOD. In dynamic scenes, apparent mo-
tion arises from both camouflaged foreground objects and
global effects such as background changes or camera move-
ment, which can easily overshadow subtle object motion.
To address this, we employ homography-based global mo-
tion compensation, which aligns frames and removes large-
scale motion caused by camera movement. This step is sim-

Figure 3: eventstream-inspired Data Extraction Pipeline.
The pipeline compensates for global motion and highlights
local motion residuals to obtain eventstream-inspired repre-
sentations from adjacent frames. (zoom in for details)

ple, efficient, and interpretable, and it significantly enhances
motion discriminability by isolating object-induced cues.
Although the planar assumption of homography is an ap-
proximation, it is highly effective in typical VCOD sce-
narios—such as top-down surveillance, long-range imaging,
underwater videos, and natural habitats—where background
depth variations are relatively small. By warping adjacent
frames with an estimated homography, we suppress camera-
induced motion, thereby exposing the fine-grained residuals
corresponding to moving camouflaged objects.

As illustrated in Fig. 3, given two consecutive RGB
frames It−1 and It, we first convert them into grayscale im-
ages Gt−1 and Gt to suppress color noise and reduce com-
putational complexity. A homography matrix H is then es-
timated using ORB-based feature matching, with RANSAC
employed to reject outliers and ensure robustness. The pre-
vious frame Gt−1 is subsequently warped by H to obtain
the globally aligned frame G′

t. The motion residual map is
computed as:

Dt = Gt −G′
t. (1)

To extract meaningful motion signals from Dt, we apply
an adaptive thresholding scheme based on local Gaussian
statistics, generating positive and negative motion maps:

Pt(u, v) = 1[Dt(u, v) > τt(u, v)],

Nt(u, v) = 1[Dt(u, v) < −τt(u, v)],
(2)

where τt(u, v) is a spatially adaptive threshold and 1[·]
denotes the indicator function.

The eventstream-inspired representation Et is then
formed by projecting Pt and Nt onto RGB channels:

E
(1)
t = Pt ⊙Rt, E

(2)
t = Nt ⊙Bt (3)
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with Et = stack[E1
t , E

2
t ]. Finally, morphological operations

(e.g., erosion and dilation) are applied to eliminate noise
and refine motion regions. The resulting Et provides an in-
terpretable, motion-sensitive representation, which serves as
the input to our eventstream branch. Additional visualiza-
tions and implementation details are available in Supple-
mentary Materials (Sec. 1 and Sec. 2).

Memory Enhancement Attention
The Memory Enhancement Attention module jointly models
motion and appearance cues by interacting with the memory
bank. It includes two submodules: Time Bridge Attention
and Visual Bridge Attention, denoted as ATime and AVisual.
Given the eventstream feature FE

t and visual feature F I
t ,

these modules incorporate information from the previous
memory state Mt−1 to produce enhanced features:

ME
t = ATime(F

E
t ,Mt−1), M I

t = AVisual(F
I
t ,Mt−1).

(4)
Both attention modules share the same architecture with

independent parameters. The general form of A is:

A(F,M) = MLP (CA(SA(F ),M) + D(SA(F ))) , (5)

where SA(·) is a self-attention block:

SA(F ) = SA(LN(F )) + Drop(F ). (6)

Here, CA(·,M) is cross-attention conditioned on memory
M , D(·) is a feed-forward layer, and MLP(·) a multi-layer
perceptron. This design aligns and refines motion and ap-
pearance features through temporal memory interactions.

Prompt Embedding Generator
The Prompt Embedding Generator (PEG) eliminates the
need for explicit user prompts (e.g., points, boxes) by
converting motion and appearance cues into a dense
feature-level embedding Pt ∈ RC×H×W . PEG integrates
eventstream features FE

t , visual features F I
t , and memory-

enhanced outputs ME
t and M I

t from Time and Visual Bridge
Attentions.

First, ME
t and M I

t are refined via a residual enhancement
block R(·):

ME′

t = R(ME
t ), M I′

t = R(M I
t ). (7)

To retain fine details, high-resolution features are ex-
tracted and fused:

hFt = Fhigh-res(H(FE
t ),H(F I

t )). (8)

The refined memory and high-resolution features are
combined via weighted addition:

Ft = Fadd(M
E′

t ,M I′

t , hFt). (9)

Attention modules enhance discriminative capacity,
where channel and spatial attention highlight key regions:

FS
t = ASpatial(AChannel(Ft)) . (10)

Finally, We generate the prompt embedding feature by
concatenating outputs, refining them, and applying a con-
volutional projection:

F ′
t = Add

(
Cat

(
ASelf(F

S
t ), Rf(FS

t )
)
, FS

t

)
. (11)

The mask prediction MPt is produced by a lightweight
segmentation head with residual and convolutional blocks:

MPt = σ ◦Conv2 ◦GeLU ◦GN8 ◦Conv1 ◦R(F ′
t ), (12)

where σ is the sigmoid activation. The predicted mask
MPt is then encoded into the final prompt embedding Pt,
which guides the mask decoder. Additional visualizations
and intermediate results are shown in Sec. 4.

Optimization Objective
We optimize the proposed network by minimizing the fol-
lowing joint loss function:

L(t) = αLemb + βLmask + 20Lfocal + LDice, (13)

where Lemb is the structure-aware loss on the PEG-
generated prompt embedding, combining weighted binary
cross-entropy and IoU losses as in (Wei, Wang, and Huang
2020). Lmask is the segmentation loss between the predicted
and ground-truth masks. We also adopt Lfocal and LDice from
SAM2 (Ravi et al. 2024), with weights 20 and 1, respec-
tively. The hyperparameters α and β are set to 1 and 0.5,
with further analysis in Supplementary Materials Sec. 3.

4 Experiments
Experimental Settings
Datasets. We evaluate our method on two VCOD
benchmarks: MoCA-Mask (Cheng et al. 2022) and
CAD2016 (Bideau and Learned-Miller 2016), following
standard protocols. MoCA-Mask contains 87 videos (22,939
frames) of camouflaged animals in natural scenes, with 71
sequences for training and 16 for testing. CAD2016 is a
smaller dataset of 9 YouTube clips, with pixel-wise masks
annotated on every fifth frame.

Training. We adopt a two-stage strategy: (1) fine-tune
SAM2 on COD10K (Fan et al. 2020a); (2) fine-tune on
MoCA-Mask using only the additional modules of our
framework. We exclude MoCA-Mask due to their low qual-
ity during fine-tuning and achieve strong performance. Ad-
ditionally, we observe that directly mixing COD10K and
MoCA-Mask during training leads to performance degra-
dation. We thus follow this two-stage training scheme. See
Supplementary Materials Sec. 4 for detailed training step
discussion.

Evaluation Metrics. We use six standard metrics: struc-
ture measure (Sα) (Fan et al. 2017), weighted F-measure
(Fω

β ) (Margolin, Zelnik-Manor, and Tal 2014), enhanced
alignment (Eϕ) (Fan et al. 2018), mean absolute error
(MAE), mean Dice (mDice), and mean IoU (mIoU). Higher
Sα, Fω

β , Eϕ, mDice, and mIoU, and lower MAE indicate
better performance.

Implementation Details. All experiments are imple-
mented in PyTorch on NVIDIA RTX 8000 GPUs. Input
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Figure 4: Architecture of the Prompt Embedding Generator (PEG). It fuses event, image, memory, and high-resolution features
to generate a feature-level prompt embedding Pt for segmentation. (zoom in for details)

Figure 5: Qualitative results on MoCA-Mask for two challenging scenarios. From top to bottom: Ground Truth (GT), Ours,
SLTNet, TSP-SAM, and ZoomNeXt. Each column corresponds to a different frame index. (zoom in for details)

frames are resized to 1024×1024 to match SAM2. Data aug-
mentation includes random flips, color jitter, and grayscale
conversion. Both training stages use a cosine learning rate
schedule with a 0.1 decay. In the first stage (SAM2 fine-
tuning), the image encoder uses 3×10−6 and other modules
5×10−6. In the second stage (video fine-tuning), the embed-
ding generator and bridge attention modules use 5×10−4.

Comparison with State-of-the-Art Methods
Qualitative Results We qualitatively evaluate our method
on two challenging MoCA-Mask scenarios in Fig. 5: (1) a
stick insect hidden in dense weeds and (2) an ibex camou-
flaged against a rocky cliff. The stick insect’s fine structures
and slender body cause other methods (SLTNet, TSP-SAM,
ZoomNeXt) to misidentify or miss the object entirely, while
our approach accurately recovers details such as antennae
and limbs. In the ibex case, the small target size further chal-
lenges existing methods, which fail to detect it reliably. In
contrast, our method successfully localizes and reconstructs
the object, demonstrating strong capability in capturing sub-
tle, small-scale camouflage. Additional qualitative results on
CAD2016 are included in Supplementary Sec. 5.

Quantitative Results Tab. 1 compares our method with
nine state-of-the-art approaches on MoCA-Mask and
CAD2016 using six metrics. Our approach achieves the best
performance across most metrics, with notable improve-
ments of 20.4% in Fω

β , 15.5% in mDice, and 17.5% in mIoU
on MoCA-Mask. On CAD2016, we observe similar gains,

including a 5.9% increase in Sα and over 20% improve-
ments in Fω

β , mDice, and mIoU.
Despite being an online method using only historical

frames, we outperform all offline baselines, demonstrating
strong robustness. The higher absolute scores on CAD2016
stem from its larger, less challenging objects, unlike MoCA-
Mask’s smaller targets (see Supplementary Sec. 6). While
our MAE is not the lowest, our method excels in structure-
aware metrics (Sα, Fω

β , Eϕ) due to sharper object bound-
aries, yielding better object-level segmentation.

Ablation Study
Effectiveness of Proposed Modules Tab. 2 presents the
ablation results verifying the contributions of each compo-
nent. Compared to the baseline SAM2, which is fine-tuned
using a blank mask, the proposed prompt generation mod-
ule provides adaptive and informative guidance by automat-
ically generating frame-wise prompts instead of relying on
fixed zeros, leading to consistent improvements across all
metrics. The introduction of eventstream-inspired data fur-
ther enriches the representation with motion-sensitive cues
extracted from adjacent frames, enhancing spatial and tem-
poral modeling. However, as it lacks explicit temporal rea-
soning, its benefit is significantly boosted when combined
with the Time Bridge module. The Time Bridge explicitly
models motion-memory interactions, leading to substantial
gains, especially in Fω

β (over 50% relative improvement)
and notable boosts in all other metrics, underscoring its crit-
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Method Pub Online MoCA-Mask CAD2016
Sα ↑ Fw

β ↑ Eϕ ↑ M ↓ mDice ↑ mIoU ↑ Sα ↑ Fw
β ↑ Eϕ ↑ M ↓ mDice ↑ mIoU ↑

RCRNet ICCV’19 ✗ .597 .174 .583 .025 .194 .137 † † † † † †
PNS-Net MICCAI’21 ✗ .576 .134 .536 .038 .189 .133 .678 .369 .720 .043 .409 .309

MG ICCV’21 ✓ .547 .165 .537 .095 .197 .137 .613 .370 .537 .070 .351 .260
SLT-Net CVPR’22 ✗ .656 .357 .785 .021 .387 .310 .669 .481 .845 .030 .368 .268
IMEX TMM’24 ✓ .661 .371 .778 .020 .409 .319 .684 .452 .813 .033 .469 .370

TSP-SAM(M+P) CVPR’24 ✓ .673 .400 .766 .012 .421 .345 .705 .565 .836 .027 .591 .422
TSP-SAM(M+B) CVPR’24 ✓ .689 .444 .808 .008 .458 .388 .751 .628 .865 .021 .603 .496
ZoomNeXt(T=1) TPAMI’24 ✓ .690 .395 .702 .017 .420 .353 .721 .525 .759 .024 .523 .436
ZoomNeXt(T=5) TPAMI’24 ✗ .734 .476 .736 .010 .497 .422 .757 .593 .865 .020 .599 .510

EMIP TIP’25 ✓ .669 .374 † .017 .424 .326 .710 .504 † .029 .528 .415
EMIP-L TIP’25 ✓ .675 .381 † .015 .426 .333 .719 .514 † .028 .536 .425

Ours — ✓ .753 .573 .855 .009 .574 .496 .802 .717 .887 .023 .717 .615

Table 1: Quantitative comparison with state-of-the-art (SOTA) methods under six commonly used metrics. The best results are
marked in bold, and the second-best are underlined. In the “Online” column, ✓ indicates that the method only uses past frames,
while ✗ denotes reliance on future frames.

Prompt Gen Eventstream Time Bridge Sα ↑ Fω
β ↑ Em ↑ M ↓ mDice ↑ mIoU ↑

0.630 0.328 0.673 0.022 0.337 0.303
✓ 0.640 0.336 0.713 0.017 0.341 0.308
✓ ✓ 0.665 0.381 0.773 0.013 0.390 0.343
✓ ✓ 0.715 0.513 0.813 0.012 0.514 0.437
✓ ✓ ✓ 0.753 0.573 0.855 0.009 0.574 0.496

Table 2: Ablation study on MoCA-Mask to evaluate the effectiveness of each proposed module.

Figure 6: Visualization of temporal progression and memory
enhancement. For each sequence, the first row shows input
frames and ground truth masks sampled every 25 frames.
The second row presents our predicted masks at the cor-
responding time steps. The third row visualizes the evolu-
tion of the prompt and feature representations, including
the initial mask prompt, the dense embedding prompt af-
ter the prompt encoder, and the memory-refined features
from T = 25 to T = 125. This visualization demon-
strates that prompt prediction effectively guides the mask
decoder, while memory refinement progressively enhances
feature representations and ensures temporal consistency.

ical role in the proposed framework.

Intermediate Results Visualization To further demon-
strate the effectiveness of our method, we visualize several
intermediate results in Fig. 6 using two representative se-
quences. In the initial frame (T = 0), both the mask prompt
and the dense embedding prompt align well with the ground
truth (third row of the first and second columns of each in-
stance), effectively removing the need for human-interactive

prompts in the VCOD task. From T = 25 to T = 125,
memory-enhanced visual features maintain consistent align-
ment with ground truth masks, illustrating the effectiveness
of the memory refinement strategy.

Notably, in challenging occlusion cases such as T = 50 in
Arctic Fox and T = 50, T = 125 in Black Cat, our method
successfully recovers occluded objects, which is extremely
challenging in conventional image-based COD (Zhang et al.
2024; Lyu et al. 2023). This ability is clearly reflected in both
the predicted masks and memory-refined features. By intro-
ducing memory enhancement, our model effectively lever-
ages historical object representations to handle occlusions,
resulting in more reliable feature utilization and superior
mask predictions under complex camouflage conditions.

Method Sα ↑ Fω
β ↑ Em ↑ M ↓ D ↑ IoU ↑ Acq FPS↑

w/ ESIM .722 .527 .833 .012 .524 .449 5.73
Ours .753 .573 .855 .009 .574 .496 35.65

Table 3: Performance comparison between our eventstream-
inspired data and ESIM-based event-camera synthesis.

Comparison with Event-Camera Synthesis Data To
further validate the effectiveness of our eventstream-inspired
data, we compare it with the widely used event-camera
synthesis method ESIM (Rebecq, Gehrig, and Scaramuzza
2018), focusing on both performance and data acquisition
speed (Table 3). We integrated ESIM (bin size 0.333s to
match image capture FPS) and aligned its outputs with ours
for a fair evaluation. ESIM runs at only 5.73 FPS ver-
sus our 35.65 FPS and shows a clear performance drop
across all metrics. We attribute this to three factors: (1)
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Figure 7: Failure case on a camouflaged hedgehog. Prompt-
ing with only frame 0 mis-segments the background, while
adding frame 100 reveals corrects object.

lack of global motion compensation, (2) temporal resolu-
tion loss from event downsampling, and (3) synthetic noise,
which is especially harmful in low-contrast VCOD scenar-
ios. This comparison underscores the superiority of the pro-
posed eventstream-inspired data.

Method Pub Params (M)↓ FPS ↑ Mem (GB)↓
FSPNet CVPR’23 274.24 1.56 4.47

TSP-SAM CVPR’24 725.42 1.27 5.99
SAM-PM CVPRW’24 313.33 2.34 4.55

Ours – 98.10 2.56 3.78

Table 4: Comparison of model efficiency: parameters
(Params), speed (FPS), and memory usage (Mem).

Computation Efficiency We conduct a comprehensive
analysis of computational efficiency in this section, with all
inference performed on a single NVIDIA RTX 8000 GPU.
As shown in Tab. 4, our method achieves the best segmenta-
tion performance while requiring significantly fewer param-
eters, offering higher frames per second (FPS), and consum-
ing less memory compared to existing approaches. Specifi-
cally, our method utilizes 23.5 million trainable parameters
and 74.6 million non-trainable parameters during second-
stage training, making it substantially more lightweight
than FSPNet (274.24M), TSP-SAM (727.1M total, includ-
ing 89.75M trainable), and SAM-PM (313.33M), while be-
ing comparable in size yet outperforming SLTNet (82.41M)
in terms of performance (Supplementary Sec. 7). Due to
the unavailability of ZoomNeXt’s video inference code, we
adopt FPSNet as a reproducible baseline for comparison.
Note that “online” refers to the causal setting in VCOD,
where only current and past frames are used, unlike “offline”
methods that access future frames. This does not imply real-
time inference capability.

Failure Case and Analysis As shown in Fig. 7, when us-
ing frame 0 as the initial condition frame, the model incor-
rectly segments a background region due to the hedgehog
being heavily occluded by leaves and hidden in a dark cave,
making it difficult to distinguish even for humans. To ad-
dress this, we experimented with introducing an additional

initial frame at frame 100, where the hedgehog is more ex-
posed. As seen in the third row, this adjustment significantly
alleviates the mislocalization issue. However, this strategy is
highly dependent on video content and temporal dynamics,
which vary across scenes. For fairness and generalization,
we consistently use frame 0 as the sole condition frame for
all quantitative and qualitative evaluations.

Why Eventstream Features? Our eventstream-inspired
representation encodes temporal intensity variations as

Et(u, v) = It(u, v)− It−1(u, v), (14)
where global camera motion is compensated via homogra-
phy alignment:

Dt = Gt −G′
t. (15)

This residual effectively isolates object-induced motion
from background dynamics, which is crucial for detecting
camouflaged objects with low appearance contrast.

Unlike optical flow, which enforces the brightness con-
stancy constraint and estimates full 2D motion fields, our
approach directly exploits temporal intensity changes Et as
event-like motion cues. Eventstream features are polarity-
aware, emphasize sparse motion boundaries and directions,
and provide a higher signal-to-noise ratio for subtle motion
patterns. They are computationally efficient and less sensi-
tive to global brightness variations due to homography com-
pensation and adaptive thresholding. Theoretically, Et ap-
proximates the temporal derivative:

Et(u, v) ≈
∂I(u, v, t)

∂t
, (16)

offering complementary motion cues to static appearance
features and enabling our dual-branch framework to capture
fine motion signals essential for VCOD.

Future Work Our study points to several promising direc-
tions for future research. First, as noted in Sec. 4, segmen-
tation quality is highly sensitive to the initial frame, moti-
vating the design of adaptive frame selection mechanisms
that identify the most informative frame(s) either offline or
via online self-correction during inference. Second, we aim
to incorporate real eventstream data into VCOD to provide
richer motion cues and improve robustness in challenging
scenarios. Finally, given the limited availability of VCOD
datasets (have MoCA and CAD2016 only), we plan to con-
struct and release a dedicated dataset to advance research in
this field and facilitate comprehensive evaluation.

5 Conclusion
In this work, we introduced an eventstream-inspired dual-
branch framework for VCOD. Our method models mo-
tion and appearance cues jointly through an eventstream-
inspired data extraction module and a memory-augmented
dual-branch structure, while eliminating prompt dependency
via a Prompt Embedding Generator. Experiments on MoCA-
Mask and CAD2016 show that our approach achieves state-
of-the-art performance with superior accuracy and inter-
pretability. Beyond the empirical gains, our work offers
new insights into motion modeling for VCOD and lays the
foundation for future research exploring real event data for
VCOD and other motion-sensitive video tasks.
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