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Abstract—With increasing human space activities, detecting
resident space objects (RSOs) has become critical for space
monitoring and on-orbit missions. Traditional optical sensors
struggle in space environments due to extreme illumination
variations and motion blur. Event cameras, bioinspired sensors
that asynchronously record per-pixel brightness changes, offer
high temporal resolution, wide dynamic range, and low power
consumption, making them promising for orbital sensing yet
underexplored in this context. In this work, we present the
first systematic study of spaceborne event-based space object
detection. To address the scarcity of event data, we construct a
large-scale dataset named Event-based SPAcecraft Recognition
leveraging Knowledge of Space Environment (E-SPARK) by
applying affine transformations and advanced event simulators
to existing datasets. Building on this dataset, we propose a
lightweight multiscale MetaFormer backbone called M2Former
together with an area-aware loss (AAL) tailored for small-object
detection. These components are integrated into the real-time
detection Transformer (RT-DETR) framework, a Transformer-
based detector known for its robustness but higher computational
cost compared to you only look once (YOLO) models. Our
design reduces parameters and complexity by over 50% while
maintaining comparable detection accuracy. In addition, we
design an improved data augmentation strategy that enriches
supervision density and data diversity, further boosting detection
performance. Experiments on both synthetic and real event data
demonstrate that our method achieves state-of-the-art perfor-
mance and strong generalization. These results highlight the
potential of event cameras as a reliable sensing modality for
spaceborne detection. The dataset, code, and supplementary
materials are publicly available at https://iamie-vision.github.io/
M2Former/

Index Terms—Event-based vision, multiscale MetaFormer
design, real-time detection Transformer (RT-DETR), space object
detection.

I. INTRODUCTION
HE rapid growth of human space activities has signif-
icantly increased the number of resident space objects
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(RSOs), escalating collision risks and threatening space opera-
tions. Reliable detection of RSOs is essential for a wide range
of space missions, such as remote monitoring [1], on-orbit
servicing, and active debris removal [2].

Traditional spaceborne detection systems rely on electro-
optical sensors such as visible-light cameras, infrared (IR)
sensors, and LiDAR. Each of these modalities has contributed
significantly to space monitoring and continues to play an
important role. Visible-light cameras provide high spatial
resolution but can be affected by illumination variability [3].
IR sensors are effective in darkness, but their resolution is
typically limited, and they can be influenced by thermal
conditions [4]. LiDAR offers precise range measurements but
consumes more power and is sensitive to surface reflectivity
[5]. Multisensor platforms such as NASA’s Raven [6] exem-
plify how these sensors can be combined to complement one
another in practice. Nevertheless, extreme illumination varia-
tions and rapid relative motion remain challenging scenarios
for conventional systems, motivating the exploration of novel
sensing paradigms.

Event cameras, which measure pixel-wise brightness
changes asynchronously, represent one such paradigm. By
generating sparse event streams with high temporal resolution,
wide dynamic range, low latency, and low power consump-
tion [7], they offer capabilities that are naturally suited to
demanding space sensing scenarios. Their robustness under
extreme lighting and rapid motion has already supported
diverse applications, including satellite pose estimation [8],
[9], structure-from-motion [10], and star tracking [11]. Several
prior studies have also explored event cameras for RSO
detection and tracking [12], [13]. However, these works have
primarily focused on ground-based telescopes or handcrafted
feature-based methods, which face limitations such as low
signal-to-noise ratios (SNR) and noisy event streams, thereby
restricting their direct applicability to on-orbit platforms. Con-
sequently, event cameras remain underexplored for spaceborne
detection, where they could serve as a valuable complement
to established electro-optical sensors.

Over the past decade, deep learning techniques have sub-
stantially improved object detection performance. You only
look once (YOLO) [14] has been widely applied to real-
time detection tasks due to its compact architecture and fast
inference speed. Detection Transformer (DETR) [15] adopts
the Transformer architecture to directly learn object—query
relationships and build contextual information in an end-to-
end manner, thereby eliminating the need for postprocessing
of nonmaximum suppression (NMS), a common heuristic used
to filter duplicate bounding boxes in traditional detectors.
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This makes DETR inherently robust to thresholds sensi-
tive to illumination and motion. Recently, real-time DETR
(RT-DETR) [16] has been proposed for real-time detection
by combining early stage convolutions with a final Trans-
former layer to reduce computational complexity. However,
its minimal configuration, RT-DETR-R18, remains heavier
than lightweight YOLO models, limiting its applicability
on resource-constrained devices. Nevertheless, its end-to-end
design offers a simple yet robust architecture suitable for
challenging space environments.

Deep learning, particularly Transformer-based methods,
requires large-scale datasets for effective training. The lack of
high-quality, domain-specific datasets for spaceborne detec-
tion remains a critical bottleneck. Acquiring real orbital
data is challenging, and constructing ground-based testbeds
is resource-intensive [17]. Generating data from 3-D game
engines offers a viable alternative [18], [19], and existing
public datasets primarily consist of synthetic images [20], [21],
[22]. However, there is still a lack of large-scale event datasets,
which significantly hinders the development of event-based
space object detection.

To address the above challenges, we first create a pub-
licly available event dataset called Event-based SPAcecraft
Recognition leveraging Knowledge of Space Environment
(E-SPARK), generated through affine transformations and
advanced event simulators. Then, we propose a lightweight
multiscale MetaFormer backbone called M?Former for
resource-constrained platforms, where MetaFormer is a
Transformer-like architecture that generalizes the design of
vision backbones by decoupling token mixing and chan-
nel mixing. M*Former integrates efficient convolutional and
downsampling operations with multiscale feature extraction
capability, the ability to capture objects of different sizes by
jointly modeling fine- and coarse-grained representations. In
addition, we introduce an area-aware loss (AAL) for small-
object detection, which adaptively emphasizes localization
errors based on object scale. These components are integrated
into the RT-DETR framework to achieve an optimal bal-
ance between detection accuracy and computational efficiency.
Moreover, we design an improved data augmentation strategy
that enriches supervision density and data diversity, thereby
facilitating more effective training and improved detection
performance. The proposed method not only achieves superior
performance on synthetic event data but also demonstrates
strong generalization to real event data collected from a
ground-based testbed.

As shown in Fig. 1, compared to RT-DETR-R18 and its
variants (PoolFormer-S12, RepViT-M0.9, and MobileNetV2),
our method achieves a more favorable tradeoff between
detection accuracy and model complexity. Furthermore, when
trained with the improved data augmentation strategy (denoted
as M?Former*), our method surpasses representative YOLO
models and outperforms the variant of RT-DETR-R18 trained
with the default data augmentation strategy (denoted as RT-
DETR-R18%). Our main contributions are summarized as
follows.

1) We conduct the first systematic investigation of space-
borne event-based space object detection. Extensive
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experimental results demonstrate the unique advantages
of event cameras for robust spaceborne detection.

We create and release an event dataset called E-SPARK
for space object detection using simple but effective
event simulation techniques.

We propose a lightweight backbone called M?Former
for resource-constrained platforms and introduce an
AAL for small-object detection. These components are
integrated into the RT-DETR framework to achieve an
optimal balance between detection accuracy and com-
putational efficiency.

We design an improved data augmentation strategy that
enriches supervision density and data diversity, thereby
facilitating more effective training and improved detec-
tion performance.

The proposed method is evaluated on real event data
collected from a ground-based testbed, demonstrating
the strong generalization for applications.

2)

3)

4)

5)

The rest of this article is organized as follows. Section II
reviews related work on object detection and event-based
vision. Section III details the proposed method, including the
event data generation pipeline, the model architecture, the
loss function, and the data augmentation strategy. Section IV
presents experimental results and analysis on synthetic and
real event data. Finally, Section V concludes this article and
outlines future directions.

II. RELATED WORK
A. Real-Time Object Detectors

Mainstream real-time object detectors include one-stage
models such as YOLO [14], single shot multibox detector
(SSD) [23], and EfficientDet [24], which are widely adopted in
resource-constrained scenarios due to their compact architec-
tures and high inference speed. The YOLO family has evolved
from anchor-based designs, such as YOLOVS [25], which rely
on predefined bounding boxes (anchors) to guide detection,
to more advanced anchor-free designs like YOLOVS [26]
and YOLOvI11 [27], which directly predict object locations
without using anchor priors. Such models have been explored
in various space applications. For example, EfficientDet is
applied to satellite localization and classification tasks for
orbital situational awareness [28]. YOLOvS with attention
mechanisms is utilized for multiscale satellite detection [29].
Semi-supervised detection methods are developed for identify-
ing close-range spacecraft and debris with limited annotations
[30]. However, most of these approaches rely on NMS [31], a
heuristic postprocessing step that removes duplicate detections
but is sensitive to threshold tuning and can affect stability in
harsh space environments.

To address this limitation, DETR [32] introduces a
Transformer-based architecture that performs one-to-one
NMS-free assignment via the Hungarian algorithm [33] for
bipartite matching of predictions and ground truth. Succes-
sive improvements such as Deformable DETR [34], dynamic
anchor boxes DETR (DAB-DETR) [35], denoising DETR
(DN-DETR) [36], and DETR with improved denoising anchor
boxes (DINO) [37] progressively enhance multiscale per-
ception, object query modeling, and training convergence.
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RT-DETR builds upon these developments by employing
an efficient encoder that primarily uses convolutional layers
for early stage feature extraction, while integrating attention
mechanisms at the final stage to retain global modeling
capability [16]. Although this hybrid design improves effi-
ciency compared to earlier DETR variants, even the smallest
RT-DETR configuration still incurs higher parameter counts
and computational overhead than lightweight YOLO models,
thereby limiting its deployment on resource-constrained plat-
forms.

Recent studies [38], [39] suggest that the success of
Transformer-based architectures largely derives from the
MetaFormer macrostructure, which consists of token mixers
and channel mixers. Inspired by RepViT [40], which offers an
efficient convolutional reinterpretation of this paradigm, we
introduce M?Former, a lightweight MetaFormer-style back-
bone that enables efficient spatial and channel-wise feature
modeling while maintaining the efficiency of convolutional
networks. Our redesigned RT-DETR backbone preserves
detection accuracy while significantly reducing model param-
eters and computational complexity, making it highly suitable
for spaceborne deployment.

B. Event-Based Object Detectors

Event cameras offer inherent advantages under challeng-
ing conditions where conventional frame-based cameras are
susceptible to extreme illumination and motion blur. These
conditions are commonly encountered in space environments,
making event cameras a promising sensing modality for
space object detection. Early studies have shown that ground-
based event cameras can support RSO detection and tracking,
with tailored datasets and feature-based algorithms [12], [13].
While these works demonstrate the potential of event cameras,
challenges such as low SNR and noisy event streams limit their
direct applicability to on-orbit platforms, motivating the need
for more robust and scalable detection methods.

Beyond space applications, event-based object detection
methods can be broadly categorized into two paradigms. The
first directly processes sparse event streams using spiking neu-
ral networks (SNNis) [41], [42], [43] or graph neural networks
(GNNs) [44], [45], [46], which preserve temporal precision
and energy efficiency but often suffer from unstable train-
ing and limited compatibility with mainstream deep learning
toolchains. The second paradigm converts asynchronous events
into dense representations, such as event histograms [47], time
surfaces [48], or event volumes [49], which are then processed
by 2-D/3-D convolutional neural networks (CNNs) [50], [51],
Transformers [52], [53], or recurrent neural networks (RNNs)
[54], [55]. These approaches integrate more seamlessly with
existing architectures, though they typically sacrifice temporal
resolution due to fixed aggregation windows.

In this work, we focus on dense event representations.
Compared with existing datasets, space imaging covers vast
scenes in which RSOs often appear as small objects with
sparse event activity. Moreover, current detection frameworks
generally lack effective multiscale feature extraction. These
limitations reduce their applicability to spaceborne detection.
To address these challenges, we propose M*Former, a back-
bone with enhanced multiscale capability, and introduce an
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AAL to improve the localization of small targets, thereby
advancing event-based detection in orbital environments.

C. Event Datasets and Simulators

The training of event-based object detectors heavily relies
on high-quality annotated datasets. Public event datasets such
as N-Caltech101 [56], MVSEC [57], and Genl [58] primarily
focus on tasks such as classification, simultaneous localization
and mapping (SLAM), and autonomous driving. There is
still a lack of domain-specific event datasets for spaceborne
detection.

To address the scarcity of event data, simulators such as
an open event camera simulator (ESIM) [59] and from video
frames to realistic DVS events (v2e) [60] are commonly used
to convert videos into synthetic event streams by monitoring
pixel intensity changes induced by motion, with noise models
added to improve realism. However, these simulators require
video inputs and are not applicable to static images. Some
generative learning methods [61], [62], [63] have been pro-
posed to generate events from images via domain adaptation
techniques [64], [65]. Nevertheless, these approaches typically
depend on large-scale training data from both source and target
domains, which is difficult to obtain in the context of space
applications. As an alternative, Cao et al. [66] proposed a
method for generating events from static images using artificial
optical flow. Although this approach eliminates the need for
video input, it often produces unrealistic motion patterns due
to the random direction and magnitude of the synthetic optical
flow.

To overcome these limitations, we propose a flexible data
synthesis method that applies affine transformations to static
images to generate image sequences. Then, physically con-
sistent event streams are produced using advanced event
simulators with the image sequences as input. This approach
introduces controllable motion while maintaining realistic
event characteristics, enabling the creation of large-scale event
datasets for space object detection.

III. METHOD
A. Event Data Generation

1) Image-to-Event Transfer: To address the shortage of
event data for space object detection, we generate synthetic
event streams from static images using motion-based simu-
lation. Given a static image I(x,y), we construct an image
sequence {/,}_, by applying affine transformations, including
translation, scaling, and rotation. The incremental motion
parameters are empirically selected to ensure soft event gener-
ation: translation offsets are sampled from [0.5, 0.8] pixels per
step, the scaling factor from [1.001, 1.003], and the rotation
angle from [0.05, 0.08]. These transformations accumulate
across N = 6 frames to approximate a smooth virtual camera
trajectory. The parameters are chosen based on whether the
distribution and intensity of events in the generated frames
appear reasonable, avoiding both excessive transformations
that cause event trailing noise and overly weak transformations
that lead to sparse or insufficient events. The transformation
matrix A, € R?*3 at each step is defined as

A; =R(6)-S(s) + T (Axi, Ayy) (D
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Fig. 1. Performance comparison on the E-SPARK dataset. AP@50 refers to

the mean average precision (AP) at an IoU threshold of 0.5, and GFLOPs
denotes the giga floating-point operations used to measure computational
complexity. The size of each circle indicates the number of model parameters.
M?Former* denotes the variant of M>Former trained with the improved data
augmentation strategy, and RT-DETR-R18* denotes the variant of RT-DETR-
R18 trained with the default data augmentation strategy.

where 6, is the rotation angle; s, is the scaling factor; Ax; and
Ay, are translation offsets; and R, S, and T denote rotation,
scaling, and translation matrices, respectively.

The resulting image sequences are then fed into the v2e
simulator [62], which generates events by computing log-
arithmic intensity differences between consecutive frames.
The simulator is configured with contrast thresholds (£0.15)
to control event triggering sensitivity, Gaussian smoothing
(o = 0.03) to suppress pixel-level noise, a low-pass cutoff
frequency of 30 Hz to filter high-frequency artifacts, and an
exposure duration of 5 ms per frame at 100-Hz input frame
rate, under a spatial resolution of 640 x 480. The output
events are subsequently converted into dense representations
for training.

This pipeline allows us to leverage image datasets to gener-
ate high-quality event datasets. Unlike the method of Cao et al.
[66], which synthesizes artificial optical flow with randomly
sampled directions and magnitudes, our approach is deter-
ministic and controllable, ensuring physically consistent event
data. As shown in Fig. 2, our method has two key advantages.
First, in Cao et al.’s approach, the optical flow intensity is
randomly sampled. When the sampled intensity is weak, the
resulting event activity becomes negligible, leading to infor-
mation loss at object boundaries, where only partial events are
triggered. In contrast, our method controls the event density
through the magnitude of the affine transformations, producing
denser and more informative events. Second, because the
optical flow direction in Cao et al.’s method is randomly
assigned, the generated motion patterns are often inconsistent.
Our method, on the other hand, produces smoother and more
realistic camera trajectories, thereby preserving physically
consistent motion cues.

We applied this pipeline to the SPARK2021 dataset [21],
which consists of 150000 RGB images across 11 object
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Fig. 2. Comparison of event generation methods: (top) RGB inputs, (middle)
Cao et al.’s method [66], and (bottom) our method. Events are visualized as
RGB images, where positive events are drawn in red and negative events are
drawn in blue.

categories. Using the proposed simulation method, we gener-
ated the corresponding event dataset called E-SPARK. Further
details are provided in Section I'V-A.

2) Event Representation: Event cameras operate funda-
mentally differently from conventional frame-based cameras.
Instead of capturing images at fixed intervals, they asyn-
chronously record changes in logarithmic brightness at each
pixel. An event at pixel location (x,y) and timestamp ¢ is
triggered when the change in log intensity AL exceeds a
predefined threshold 6, which is formulated as

AL =logl (x,y,1) —logI(x,y,t—=6t) > p-6 2)

where I(x,y,t) denotes pixel intensity at time ¢, p € {+1, -1}
represents the event polarity (indicating a brightness increase
or decrease), and 6 is the contrast sensitivity threshold.

Each event is represented as a tuple e; = (x;,y;, t;, p;). Raw
event streams are inherently sparse and asynchronous, making
them incompatible with standard deep neural networks that
require dense, grid-based inputs. To enable effective training,
events within a fixed time window [t, 4 Ar] are aggregated
into dense representations, including event histogram [see (3)],
time surface [see (4)], and event volume [see (5)], defined as
follows:

N
H(xy) =) pi6(x,y)

i=1

3)

where events are accumulated at each pixel according to their

polarity p; and 4(-) denotes the Kronecker delta function
fo — £ (xi, y;

=1 (x, y,>|) @

e =g (818

where 7(x,y) denotes the timestamp of the latest event at pixel
(x,y), to is the reference time (e.g., start of the window), and
T controls the exponential decay rate

N
Vo k) = ) 8006 p) - gy, (@)

i=1

&)
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Event Preprocessing
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Fig. 3. Architecture of the proposed method. (a) Overall framework. (b) M?2Former block. (c) Module design.

Here, the time window is evenly divided into K temporal
bins [#,%11). The indicator function 1p, ., (%) equals 1
if the event timestamp ¢ falls within the kth bin and 0
otherwise. This representation finally constructs a 4-D tensor
Ve RHX W><2><K'

To facilitate stable training, all three representations are
normalized during data preprocessing. Specifically, event his-
tograms are scaled separately per polarity to the range [—1, 1];
time surfaces inherently fall within [—1, 1] due to the exponen-
tial function; and event volumes are normalized per polarity
channel to the range [0, 1]. These steps help mitigate inten-
sity disparities across different samples and improve model
convergence.

B. Model Architecture

The encoder of RT-DETR consists of a CNN-based ResNet
backbone for early stage feature extraction, followed by an
attention-based intrascale feature interaction (AIFI) module
that enhances contextual modeling. In addition, a CNN-
based cross-scale feature fusion (CCFF) module is employed
to aggregate information across different resolutions, further
improving the encoder’s multiscale feature extraction capabil-
ities. Although this hybrid design reduces the computational
complexity compared to a fully Transformer-based encoder,

the minimal configuration of RT-DETR (i.e., RT-DETR-R18)
remains heavier than lightweight YOLO models, limiting its
applicability on resource-constrained platforms.

Since the original RT-DETR backbone costs considerable
computation, our improvements focus on the redesign of
the backbone. We propose M?Former, a lightweight CNN
backbone inspired by the MetaFormer paradigm and optimized
for real-time applications. As shown in Fig. 3(a), the over-
all framework integrates the redesigned backbone with the
original RT-DETR components. While maintaining the struc-
ture of ResNet, M?Former replaces standard residual blocks
with novel M*Former blocks. Initially, a stem consisting of
two CBA layers is applied to extract features with spatial
downsampling at a stride of 4. This design aligns with the char-
acteristics of event data, which contains texture information
analogous to the low-level features captured by early convo-
lutional layers. As a result, critical information is preserved
despite resolution reduction. Subsequently, a sequence of
M?2Former blocks extracts features at increasing strides (8, 16,
and 32), producing robust multiscale representations. Similar
to the original RT-DETR, the final feature map is fed into
the AIFI module, where the attention mechanism is applied
to the lowest resolution features. Multiscale features are then
fused through the CCFF module. After query selection, a
Transformer-based decoder is employed to produce detection
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outputs in an NMS-free manner. Specifically, as illustrated
in Fig. 3(b), M?2Former block consists of a token mixer, a
channel mixer, residual connections, and an optional SPD-
Conv downsampling path, with detailed shown in Fig. 3(c).

The token mixer captures spatial information with a
Res2Net module [67], followed by a spatial attention module.
For the Res2Net module, the input feature map is divided into
multiple channel groups, which are hierarchically processed
via residual connections. Each group integrates contextual
information from preceding groups through a 3 x 3 convo-
lIution. This structure enables progressive encoding of both
fine-grained textures and broader spatial context, resulting in
efficient multiscale feature representation. Following hierarchi-
cal fusion, the spatial attention module inspired by CBAM [68]
is applied. It concatenates average- and max-pooled feature
maps along the channel dimension, processes them using a
7 x 7 convolution and sigmoid activation, and produces spatial
attention weights. These weights highlight informative spatial
regions, which are particularly beneficial for sparse event data.

The channel mixer, located after the token mixer, consists
of a two-layer pointwise convolutional multilayer percep-
tion (MLP) and a channel attention mechanism. The MLP
first expands and then compresses the channel dimensions,
enhancing nonlinear modeling of interchannel relationships.
The channel attention module, inspired by efficient channel
attention (ECA) [69], captures cross-channel dependencies
using a 1-D convolution applied to globally average-pooled
descriptors, where the kernel size is adaptively selected based
on the number of input channels. The resulting attention
weights emphasize informative channels while suppressing
redundant responses. Identity residual connections are used in
both the token and channel mixers to facilitate gradient flow
and stabilize training.

To further reduce computational overhead while retaining
detailed features, we adopt depthwise separable convolution
for downsampling in the main branch. Meanwhile, the residual
branch is implemented using SPD-Conv [70], a spatial-pixel
decomposition strategy that splits feature maps along spatial
dimensions before channel-wise concatenation and projection.
This technique preserves fine details during downsampling and
helps mitigate information loss in early layers, which is critical
for small-object detection.

In summary, the M?Former backbone adopts a compact
architectural design combined with a multiscale feature extrac-
tion module to achieve high detection accuracy. Moreover, its
efficient attention mechanisms and customized downsampling
strategies ensure lightweight computation, making it well-
suited for deployment in spaceborne systems with stringent
computational constraints.

C. Loss Function

RT-DETR employs varifocal loss (VFL) [71] for classifi-
cation, which dynamically aligns predicted confidence with
localization quality. VFL is formulated as

—q(qlog(p)+ (1 —g@)log(1 - p)), ¢>0
—ap’log (1 - p), g=0
(6)

LvrL (p,q) =
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Fig. 4. Normalized object scale distribution in SPARK2021. The red dashed
line indicates the area threshold of 0.1 for defining small objects.

TABLE I
DATA AUGMENTATION CONFIGURATIONS

Augmentation ~ Magnitude  Probability
Mosaic - 0.5
Mixup - 0.5

Translation +0.1 1.0
Scale +0.1 1.0
Horizontal Flip - 0.5

where p is the predicted confidence, g is the target score
defined as the intersection over union (IoU) between the pre-
dicted bounding box and the ground truth for the foreground
class (and O otherwise), a is a balancing factor controlling
the weight of negative samples (default @ = 0.75), and y is a
focusing parameter (default y = 2.0). The IoU measures the
overlap between two bounding boxes and is computed as the
ratio of their intersection area to their union area.

Along with VFL for classification, RT-DETR employs £
loss and the generalized IoU (GIoU) loss [72] for localization.
Given a predicted bounding box B, = (xp,y,, Wp, h,) and a
ground-truth box B, = (x;,y;, w;,h;), £1 loss and GloU are
defined as

Ly (Bp. Br) = lxp = x| + Iy, — il

+ wp —wil + |hy, — Ry
_1B,nB| IC\(B,UB)|
“IB,UBIC
where B, N B; and B, U B, are the intersection and union of
B, and B;, respectively; C is the smallest enclosing box that
completely contains both B, and B;; C\(B, U B;) indicates the

region inside the enclosing box C that is not covered by either
B, or B;; and | - | denotes the area of a region.

)
®)

GloU (B, B,
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Although GIoU can provide gradients even when there is
no overlap, its effectiveness heavily depends on the degree
of overlap between boxes, making it particularly sensitive to
small objects. The normalized Wasserstein distance (NWD)
[73] can provide smooth and continuous supervision by jointly
modeling discrepancies in the center positions and sizes of
bounding boxes. However, the standard NWD formulation
treats all objects equally, regardless of their scale, and thus
fails to offer the precision required for accurate localization of
small objects.

To overcome this issue, we introduce an area-aware
reweighting strategy that adaptively adjusts the influence of
NWD based on object scale, thereby enhancing localization
accuracy for small objects. We first compute the squared
Wasserstein-2 distance

sz (bl”bf) = (xl’ - xt)z + (yl’ - yt)z

+ % [(Wp - Wt)2 + (hp - hl)z] - O

To introduce scale sensitivity, we define an adaptive normal-
ization factor based on the area of the ground-truth bounding
box:

C

20 (log 1)
where s = w; - b, 0(-) denotes the sigmoid function, and C is

an empirically constant (set to 12.8).
The resulting adaptive NWD is defined as

a(s) = (10)

Wi
a(s)

NWD =exp | - (11)

This formulation increases gradient contributions for small
objects by reducing the normalization factor a(s), thereby
enabling better localization of fine-grained targets.

Finally, we define the AAL by combining the GIoU loss
and the adaptive NWD loss

LaaL =B+ (1 —GIoU) + (1 -p) - (1 -NWD) (12)

where 8 € [0,1] balances the two terms. During training,
AAL is computed for all positive matches and normalized by
the number of matched ground-truth boxes, ensuring stable
gradient contributions.

The overall training loss is a weighted sum of the classifi-
cation loss and the localization loss

L = Lyar +5L1 +2LaAL. (13)

By integrating this scale-sensitive design into the loss func-
tion of RT-DETR, we significantly improve the localization
of small objects frequently encountered in large-scale space
scenarios.

D. Data Augmentation

Data augmentation plays a vital role in improving the gener-
alization and convergence of detection models, particularly in
scenarios with sparse supervision, such as event-based space
object detection. Motivated by DEIM [74], which highlights
that Mosaic augmentation alleviates sparse matching issues in
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DETR-based architectures, we design a composite augmen-
tation pipeline to enrich both supervision density and data
diversity.

Our augmentation strategy comprises a sequence of trans-
formations, including Mosaic, MixUp, and geometric trans-
formations (translation, scaling, and horizontal flip). Among
these, Mosaic increases the number of positive samples by
combining multiple images, while MixUp enhances regular-
ization by interpolating supervision signals across samples.
These augmentations are especially beneficial for dense one-
to-one (020) matching and small-object detection, where
event activity is often sparse. When combined with geometric
transformations, the overall strategy not only provides denser
supervision but also increases data variation, thereby support-
ing more effective training.

Table I summarizes the augmentations used in our pipeline.
Each transformation is applied independently with a probabil-
ity, and its magnitude is sampled uniformly within a specified
range.

IV. EXPERIMENTS
A. Dataset Description

SPARK?2021 [21] is a large-scale public dataset for space
object detection. It consists of 150 000 high-resolution (1024 x
1024) RGB images generated by the Unity game engine. The
dataset includes 11 object categories: 10 satellites (AcrimSat,
Aquarius, Aura, Calipso, CloudSat, CubeSat, Jason, Sentinel-
6, Terra, and TRMM) and one debris class. Each satellite
class contributes 12 500 images, while the debris class contains
25000 images, yielding a balanced distribution. The dataset is
randomly split into training, validation, and test sets with a
ratio of 3:1:1.

SPARK?2021 simulates diverse orbital environments, sensor
configurations, and illumination conditions, supporting the
development and evaluation of robust space object detection
algorithms. It also presents significant challenges, including
varying illumination, motion blur, and a high proportion of
small objects. As shown in Fig. 4, most instances fall below the
normalized area of 0.1, motivating the design of the M?Former
and the AAL.

To enable event-based detection, we construct E-SPARK
from SPARK?2021 wusing the proposed event generation
method. It applies controlled affine transformations to static
RGB images to simulate motion, which are then processed
by the event simulator to generate physically consistent event
streams. E-SPARK is publicly available to facilitate further
research in event-based space object detection.

B. Model Training and Evaluation Metrics

We adopt RT-DETR with ResNet-18 (RT-DETR-R18) as
the baseline, which is the minimal configuration of RT-DETR
variants. The proposed method is built upon this configuration.
To align with the structure of ResNet-18, the number of
MZ%Former blocks is set to N = 2 in each stage.

All methods are implemented by PyTorch and trained on
an NVIDIA RTX 4090 GPU. The training configurations
differ slightly between YOLO models and DETR models.
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Both types of models are trained using the Ultralytics training
pipeline with some adjustments. For YOLO models, we use
the stochastic gradient descent (SGD) optimizer with an initial
learning rate of 0.01, a momentum of 0.937, and a weight
decay of 0.0005. The batch size is set to 64, and the models
are trained for 200 epochs. For DETR models, we use the
AdamW optimizer with an initial learning rate of 0.0001, a
momentum of 0.9, and a weight decay of 0.0001. The batch
size is set to 16, and the models are trained for 50 epochs.
A linear learning rate schedule is applied. Additionally, the
weighting factor of 4 = 0.3 is applied to AAL.

Model performance is evaluated using standard COCO
metrics. Specifically, the mean AP at an IoU threshold of
0.5 (AP@50) and the mean AP averaged over IoU thresholds
from 0.5 to 0.95 (AP@50:95) are used as the evaluation
criteria. To further assess the performance of small-object
detection, we report the mean AP for small objects (denoted
as APs). To comprehensively evaluate deployment feasibility,
the computational complexity is measured in giga floating-
point operations (GFLOPs), and the number of parameters is
reported to quantify the model’s size. Additionally, we employ
the Python binding for the NVIDIA Management Library
(pynvml) to monitor GPU power usage and use the Python time
library to compute latency. These metrics together provide a
comprehensive assessment of both detection performance and
practical efficiency on resource-constrained platforms.

C. Analysis of Event Representations

To analyze the impact of different input representations,
we evaluate three widely used methods: event histogram,
time surface, and event volume. They are evaluated across
YOLOvVS5, YOLOVS, YOLO11, and RT-DETR-R18 using the
E-SPARK dataset with original event resolution of 640 x 480
(i.e., DVXplorer camera configuration). Detection results are
summarized in Table II.

In terms of detection accuracy, both event histogram and
event volume outperform time surface across most models.
Specifically, event volume achieves the highest AP@50 on
YOLOvV5s, YOLOvSm, and YOLOv8m, whereas event his-
togram performs best on YOLOv8s, YOLO11s, YOLO11m,
and RT-DETR-R18. The performance gap between histogram
and volume is consistently small, suggesting that both repre-
sentations are effective under the current experimental settings.

The superior performance of event histogram and event
volume can be attributed to their ability to preserve the
spatial structure and polarity information inherent in event
data. Event volume explicitly separates positive and negative
polarities and distributes them across multiple temporal bins,
which in theory enables richer temporal modeling. However,
in this study, since the event streams are generated from
static images using synthetic motion, the underlying temporal
information is limited. As a result, event volume cannot fully
leverage its advantages, yielding comparable performance to
the event histogram, which accumulates events by polarity
without temporal stacking. In contrast, time surface consis-
tently underperforms across all models. This may be due to its
reliance on temporal decay. Such decay may suppress useful
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TABLE I
PERFORMANCE COMPARISON OF EVENT REPRESENTATIONS

Method Representation AP@50 | AP@50:95
Event Histogram 0.822 0.690
YOLOVS5s Time Surface 0.819 0.682
Event Volume 0.850 0.711
Event Histogram 0.856 0.727
YOLOv5m Time Surface 0.848 0.715
Event Volume 0.861 0.728
Event Histogram 0.833 0.701
YOLOVS8s Time Surface 0.813 0.680
Event Volume 0.831 0.699
Event Histogram 0.868 0.737
YOLOvV8m Time Surface 0.843 0.714
Event Volume 0.871 0.743
Event Histogram 0.863 0.726
YOLO11s Time Surface 0.839 0.708
Event Volume 0.859 0.725
Event Histogram 0.873 0.742
YOLOI11m Time Surface 0.856 0.725
Event Volume 0.865 0.739
Event Histogram 0.826 0.680
RT-DETR-R18 Time Surface 0.801 0.663
Event Volume 0.809 0.659

Note: Bold indicates the highest score among representations
for each model, and underline indicates the second-highest
score.

features, especially for small objects where spatial cues are
already sparse.

Among three representations, the event histogram provides
the most efficient preprocessing pipeline, as it generates a
two-channel tensor without requiring temporal binning. It also
achieves competitive detection accuracy across all detectors
and integrates seamlessly with standard deep learning frame-
works, making it a practical choice for event-based space
object detection. Given its favorable tradeoff between accuracy
and efficiency, the event histogram is adopted as the default
input representation in all subsequent experiments.

D. Analysis of the Proposed Method

To enhance event-based RT-DETR for space object detec-
tion, we introduce three major improvements: a lightweight
backbone, M*Former, an adaptive localization loss, AAL, and
an improved data augmentation strategy. This section presents
evaluations of their individual and combined contributions.

We first analyze the superiority of M?Former by replac-
ing the backbone in RT-DETR-R18 with several lightweight
alternatives, including PoolFormer-S12 [39], RepViT-M0.9
[40], and MobileNetV2 [75]. PoolFormer and RepViT are
both derived from the MetaFormer paradigm; PoolFormer
employs pooling operations as its sole token-mixing oper-
ator, while RepViT designs a lightweight CNN backbone
from a Transformer perspective for mobile deployment. In
contrast, MobileNetV2 represents a classical convolutional
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TABLE III
DETECTION PERFORMANCE ON EVENT HISTOGRAM INPUTS

Method AP@50 AP@50:95  APs
YOLOVSs 0.822 0.690 0.458
YOLOv5m 0.856 0.727 0.508
YOLOVS8s 0.833 0.701 0.453
YOLOV8m 0.868 0.737 0.512
YOLO11s 0.863 0.726 0.490
YOLOlIm 0.873 0.742 0.512

RT-DETR-R18 0.826 0.680 0.499
PoolFormer-S12 0.768 0.610 0.420
RepViT-M0.9 0.783 0.624 0.447
MobileNetV2 0.768 0.623 0.431
MZ2Former 0.822 0.663 0.466
RT-DETR-R18 + AAL 0.833 0.694 0.516
RT-DETR-R18 + AAL + Augl  0.869 0.710 0.543
RT-DETR-R18 + AAL + Aug2  0.883 0.729 0.553
MZ2Former + AAL 0.826 0.677 0.511
MZ2Former + AAL + Augl 0.850 0.713 0.559
M2Former + AAL + Aug2 0.903 0.743 0.580

Note: Underline indicates the best score within each framework,
and bold highlights the best score across all methods. Augl refers
to the default data augmentation strategy used in RT-DETR, while
Aug? denotes the improved data augmentation strategy proposed in

this work.
TABLE IV
MODEL EFFICIENCY COMPARISON

Method Params (M) GFLOPs  Speed (FPS)  Energy (ml])
YOLOV5s 9.1 23.6 195.1 21.5
YOLOv5m 20.9 63.7 149.2 67.5
YOLOVS8s 11.1 28.6 188.3 20.3
YOLOv8m 25.9 78.9 144.9 82.1
YOLOl1s 9.4 21.5 188.7 28.2
YOLOI1m 20.1 68.0 141.9 80.1
RT-DETR-R18 20.1 58.2 98.7 58.1
PoolFormer-S12 20.3 53.7 91.4 89.0
RepViT-M0.9 13.6 37.9 96.4 54.3
MobileNetV2 10.6 28.8 99.5 40.0
MZ2Former 9.7 27.5 104.3 31.1

Note: Bold denotes the best performance in each column. Inference speed
(FPS) and energy consumption (mJ/image) are measured on an NVIDIA RTX
4090 GPU.

network optimized for resource-constrained platforms. As
shown in Table III, M?Former achieves 0.822 AP@50, 0.663
AP@50:95, and 0.466 APs, which are notably higher than all
other backbones. While PoolFormer-S12, RepViT-MO0.9, and
MobileNetV2 exhibit significantly lower accuracy, M?Former
slightly lags behind RT-DETR-R18. These results demonstrate
the strength of M?Former in detection performance. This
is attributed to its ability to extract multiscale features and
emphasize features through the integration of spatial and chan-
nel attention mechanisms. These components jointly highlight
salient events while suppressing background noise, which is
essential for accurate detection in sparse event inputs.

In terms of efficiency, Table IV shows that M*Former has
only 9.7 M parameters and 27.5 GFLOPs, compared to 20.1 M
parameters and 58.2 GFLOPs for RT-DETR-R18, representing
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over a 50% reduction in computational cost. Moreover,
M?2Former achieves 104.3 FPS with an energy consumption
of 31.1 mJ per image, which is faster and more efficient than
RT-DETR-R18 (98.7 FPS and 58.1 mJ). Compared to YOLO
models, MZFormer is lighter than YOLOv8s (11.1 M), close
to YOLOVSs (9.1 M), and slightly heavier than YOLOI11s
(9.4 M). Regarding inference speed, M>Former is slower than
the small YOLO variants (YOLOvS5s: 195.1 FPS, YOLOvSs:
188.3 FPS, and YOLO11s: 188.7 FPS) but offers competitive
runtime and significantly lower energy consumption compared
with medium-scale YOLO models (YOLOv8m: 144.9 FPS and
82.1 mJ; YOLO11m: 141.9 FPS and 80.1 mJ). Since real-time
detection generally requires only 30 FPS, all tested models
already meet this requirement by a wide margin. Further
speedups and energy reductions via deployment optimizations
are feasible but beyond the scope of this work. Our focus is
on lightweight design under the MetaFormer paradigm, a key
requirement for resource-constrained spaceborne platforms. In
addition, unlike YOLO detectors, our approach is NMS-free,
avoiding IoU-threshold sensitivity and yielding more stable
behavior under uncertain and dynamic space environments.
Next, we evaluate the impact of the proposed AAL, which
adaptively reweights the localization loss based on object
scale. This formulation improves gradient flow for small
objects, which often appear in space environments. As shown
in Table III, incorporating AAL into M2Former improves
AP@50:95 from 0.663 to 0.677, and APs from 0.466 to 0.511.
The improvements in APs are more obvious, demonstrating
the effectiveness of AAL. Similar gains are observed for RT-
DETR-R18, confirming the generality of the loss function.
These consistent improvements validate the effectiveness of
scale-aware supervision in addressing small-object localiza-
tion, especially under sparse and low-contrast event data.
Then, we assess the contribution of the improved data
augmentation strategy, which integrates Mosaic, MixUp, and
geometric transformations (denoted as Aug?2). It is important
to note that RT-DETR-R18 is originally trained with its default
augmentation, including multiscale inputs and geometric trans-
formations (denoted as Augl). As shown in Table III, before
applying data augmentations, M?Former performs slightly
below RT-DETR-R18. When trained with Augl or Aug2,
both frameworks exhibit improvements, but Aug2 brings much
larger gains. On average, Aug2 improves RT-DETR-R18 by
about 2%, while M?Former benefits more substantially with
an improvement of about 5%. This indicates that M*Former
benefits more from the richer and denser supervision provided
by Aug2. With both AAL and Aug2, M?Former achieves the
best accuracy, outperforming all other configurations. These
results clearly demonstrate the superiority of the proposed
augmentation strategy. The combined use of Mosaic and
MixUp introduces more diverse and denser supervision and
improves the model’s ability to detect small and weak events.
Further to demonstrate the superiority of our method, qual-
itative results are shown in Fig. 5. The results from M?Former
most closely align with the ground truth, demonstrating strong
classification and localization accuracy. In contrast, RT-DETR-
R18 exhibits missed detections, while YOLO1lm performs
relatively well with fewer false detections. These qualitative
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Fig. 5. Detection results of (top) YOLOI1m, (middle) RT-DETR-R18, and (bottom) proposed M?Former on the E-SPARK dataset. Events are visualized as
grayscale images. Bounding boxes indicate detected targets with class labels and confidence scores. The ground-truth labels for columns 1—4 are Aura, Terra,

CloudSat, and Debris, respectively.

TABLE V
ABLATION STUDY ON M?FORMER COMPONENTS

Method AP@50 AP@50:95

0.822
0.795 (-0.027)
0.809 (-0.013)
0.805 (-0.017)
0.814 (-0.008)

0.663
0.644 (-0.019)
0.658 (-0.005)
0.650 (-0.013)
0.651 (-0.012)

M?Z2Former (baseline)
w/o Res2Net
w/o Spatial Attention
w/o Channel Attention
w/o SPD-Conv

results corroborate the quantitative improvements and high-
light the superiority of M*Former under challenging space
environments.

In summary, MZ2Former achieves a favorable tradeoff
between detection performance and model complexity. When
combined with AAL and the improved data augmentation
strategy, the final model not only surpasses both RT-DETR-
R18 and advanced YOLO variants in detection accuracy but
also maintains a lightweight and efficient architecture. This
demonstrates the practicality and scalability of our design for
event-based space object detection.

E. Ablation Study

To validate the effectiveness of each component in the
proposed M?Former architecture and the data augmentation
strategy, we conduct ablation experiments by individually
removing key modules or applying augmentations.

Each module in the M?Former contributes uniquely to
detection accuracy. As shown in Table V, removing the
Res2Net module results in the most significant performance
degradation (—0.027 AP@50 and —0.019 AP@50:95), under-
scoring its essential role in multiscale feature extraction.
Res2Net enhances the receptive field by hierarchically fusing
features across channel groups, which is particularly beneficial
for resolving fine structures in sparse event data. Eliminating
the spatial attention module leads to a noticeable drop (-0.013
AP@50 and —0.005 AP@50:95), confirming its importance in
focusing the network on foreground regions and suppressing
background noise. The removal of channel attention also
leads to accuracy degradation (—0.017 AP@50 and —0.013
AP@50:95). By reweighting feature responses based on global
descriptors, this module enhances semantic discrimination
and suppresses redundancy. Excluding the SPD-Conv module
results in moderate accuracy degradation (—0.008 AP@50
and —0.012 AP@50:95). Unlike standard strided convolutions
or pooling, SPD-Conv ensures richer spatial information is
retained, benefiting accurate localization.

The quantitative results are further supported by Fig. 6,
which visualizes feature activations from the full M?Former
and its ablated variants. The baseline model produces spa-
tially precise and semantically coherent activation maps. In
contrast, removing Res2Net results in weakened and scattered
responses, indicating reduced multiscale sensitivity. Without
spatial attention, heatmaps appear diffuse and misaligned,
while removing channel attention leads to incomplete and
inconsistent activations. The absence of SPD-Conv causes
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Fig. 6. Heatmap visualizations of M?Former and its ablated variants on event data. Each row shows one test sample. Corresponding RGB reference images
and feature maps from the MZ2Former, and its ablated versions without Res2Net, spatial attention, channel attention, and SPD-Conv are from left to right.

TABLE VI
ABLATION STUDY ON DATA AUGMENTATION

Method AP@50 AP@50:95

0.822
0.851 (+0.029)
0.847 (+0.025)
0.837 (+0.015)

0.663
0.698 (+0.026)
0.688 (+0.025)
0.680 (+0.017)

MZ2Former (baseline)
with Mosaic
with Mixup

with Transformations

blurred and spatially distorted responses, likely due to detail
loss during downsampling. These patterns visually reinforce
the importance of each module in accurate feature localization.

The data augmentation strategy also contributes significantly
to model performance. As shown in Table VI, applying
Mosaic augmentation on the baseline leads to the largest
improvements (+0.029 AP@50 and +0.035 AP@50:95), by
increasing sample diversity through multi-image composition.
MixUp also yields consistent gains (+0.025 on both metrics)
by interpolating samples and labels, enhancing generalization.
In comparison, geometric transformations (i.e., translation,
scaling, and horizontal flip) provide moderate improvements
(+0.015 AP@50 and +0.017 AP@50:95), promoting spatial
robustness. These results demonstrate that the augmentations
are complementary, and their integration into a unified pipeline
is well-justified.

In summary, the ablation study confirms the effectiveness of
each component in the M*Former architecture. Their combined
use enables efficient multiscale context modeling, attention
refinement, and information-preserving downsampling. Addi-
tionally, the improved augmentation strategy substantially
boosts both detection accuracy and generalization, particularly

in the challenging setting of small-object detection in sparse
events.

F. Model Robustness and Generalization

To assess the deployment potential of the proposed method,
we evaluate its robustness under degraded inputs and its gen-
eralization to real event data. Two complementary experiments
are conducted: 1) detection performance on low-resolution
synthetic event data and 2) zero-shot detection on real event
data as well as compared with image modality.

1) Robustness to Lower Resolution: Onboard space systems
are often subject to resource constraints and limited bandwidth.
To evaluate the model robustness of lower resolution input,
we conduct experiments on event resolution of 346 x 260
(i.e., DAVIS346 camera configuration). Detection results are
summarized in Table VII.

Among YOLO variants, YOLOvSm achieves the highest
accuracy, and YOLOv8m follows closely, showing that the
YOLO family retains strong performance despite degraded
resolution. For DETR models, RT-DETR-R18 outperforms
M?2Former under default settings, primarily due to its larger
backbone. Nevertheless, M?Former still delivers superior
performance compared with other lightweight backbones.
When incorporating AAL, both RT-DETR-R 18 and M?Former
exhibit consistent improvements, confirming the effective-
ness of scale-aware supervision in mitigating the impact of
small-object degradation at lower resolution. For data aug-
mentation, however, different behaviors are observed. Augl
improves RT-DETR-R18 across all metrics, but for MZFormer,
it unexpectedly reduces APs (0.469 versus 0.488), indicating
a decline in small-object detection accuracy. This degradation
is likely caused by the additional downscaling in multiscale
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TABLE VII

DETECTION PERFORMANCE ON EVENT HISTOGRAM UNDER LOWER RES-
OLUTION INPUT

Method AP@50 AP@50:95 APs

YOLOVSs 0.719 0.556 0.414
YOLOv5m 0.796 0.617 0.506
YOLOVS8s 0.771 0.598 0.482
YOLOv8m 0.790 0.617 0.503
YOLOl11s 0.726 0.564 0.448
YOLOI1m 0.728 0.572 0.423
RT-DETR-R18 0.733 0.562 0.492
PoolFormer-S12 0.621 0.448 0.392
RepViT-M0.9 0.659 0.487 0.421
MobileNetV2 0.589 0.434 0.376
M2Former 0.699 0.524 0.472
RT-DETR-R18 + AAL 0.752 0.580 0.524
RT-DETR-R18 + AAL + Augl 0.760 0.593 0.526
RT-DETR-R18 + AAL + Aug2 0.785 0.609 0.534
MZ2Former + AAL 0.721 0.546 0.488
MZ2Former + AAL + Augl 0.744 0.568 0.469
MZ2Former + AAL + Aug2 0.809 0.622 0.546

Note: Underline indicates the best score within each framework,
and bold highlights the best score across all methods.
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Fig. 7. Simulation testbed for real data collection and its hardware compo-
nents.

augmentation, which weakens the feature representation of
small targets. In contrast, Aug2 brings clear and consistent
gains to both frameworks. With AAL and Aug2 combined,
MZ*Former achieves the best overall performance, surpassing
all other configurations.

These results highlight that M?Former demonstrates strong
robustness to lower resolution inputs, the AAL effectively
mitigates performance degradation by reinforcing supervision
on small objects, and the proposed augmentation strategy
further enhances model generalization, avoiding the pitfalls
of conventional multiscale augmentation in sparse and noisy
event data.

2) Generalization to Real Data: 1t is difficult to collect
a large amount of real data in the context of space object
detection. Therefore, to evaluate model generalization, we
conduct zero-shot detection on real event data collected from
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TABLE VIII

ZERO-SHOT DETECTION PERFORMANCE FROM SYNTHETIC DOMAIN TO
REAL DOMAIN

Method Modality Light AP@50 AP@50:95

NE 0.014 0.003

YOLOVSs RGB OE  0.001 0.000
UE 0.000 0.000

Avg.  0.005 0.001

NE 0.184 0.117

YOLOVSs Event OE 0.143 0.104
UE 0.258 0.139

Avg. 0.195 0.120

NE 0.132 0.059

RT-DETR-RI8  Event 8§ g:ggz g:ggz
Avg.  0.246 0.118

NE 0.332 0.170

M?2Former Event 85 85‘7‘ gg;z
Avg. 0364 0.169

Note: NE denotes Normal Exposure, OFE denotes Overexpo-
sure, and UE denotes Underexposure lighting conditions. Avg.
denotes the average performance across the three lighting
conditions.

a ground-based testbed using models trained purely on E-
SPARK. As illustrated in Fig. 7, the testbed is constructed
inside a darkroom equipped with an adjustable lighting sys-
tem and two motion-controlled mechanical arms to simulate
satellite trajectories. A total of 600 samples are collected under
two motion settings (normal speed and high speed) and three
illumination conditions: normal exposure, overexposure, and
underexposure, with 200 samples per condition. Both RGB
images and event streams are synchronously captured using
a DAVIS346 camera. The satellite targets include CubeSat,
Gaofen-13, and the Hubble Space Telescope. For a fair
comparison, all models adopt the same training pipeline.
We select YOLOVS8s as the representative YOLO baseline
due to its balance between accuracy and complexity, while
RT-DETR-R18 is included as the backbone baseline of our
M?Former. The task is formulated as class-agnostic detection.
Experimental results are summarized in Table VIII.

While the RGB-based YOLOv8s performs well on syn-
thetic data, it generalizes poorly to real-world RGB inputs,
yielding an average AP@50 of just 0.005 and AP@50:95 of
0.001. Notably, it completely fails under underexposed condi-
tions, highlighting the limitations of conventional image-based
vision in extreme lighting. In contrast, all event-based mod-
els demonstrate significantly better performance. YOLOv8s
(event) achieves an average of 0.195 AP@50 and 0.120
AP@50:95. RT-DETR-R18 (event) achieves an average of
0.246 AP@50 and 0.118 AP@50:95. M?Former (event)
achieves the best results across all metrics, reaching 0.446
AP@50 and 0.197 AP@50:95 on average.
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Fig. 8. Detection results under varying illumination conditions. Columns
represent normal, overexposed, and underexposed scenes; rows correspond to
the results of YOLOv8s (RGB), YOLOVSs (event), RT-DETR-R18 (event),
and MZFormer (event), respectively. Bounding box colors are defined by the
E-SPARK training categories, but they do not carry semantic meaning in the
zero-shot detection experiments, which are treated as class-agnostic.

Interestingly, all event-based models achieve their high-
est performance under underexposed conditions. This phe-
nomenon can be explained by the reflective characteristics
of satellite surfaces, which tend to produce glare and unsta-
ble responses under strong illumination, thereby introducing
noise in event data. In low-light settings, such reflections
are suppressed. Combined with the high dynamic range of
event cameras, this results in cleaner and more structurally
meaningful event signals, ultimately enabling more accurate
detection.

We further provide qualitative comparisons in Fig. 8.
The YOLOvVS8s (RGB) struggles to localize the object due
to extreme illumination and motion blur. YOLOVSs (event)
improves robustness but still suffers from occasional missed
detections and redundant boxes due to fixed NMS thresholds.
RT-DETR-R18 (event) provides more stable detections, but its
output bounding boxes are often coarse and less tightly aligned
with the target. In contrast, M?Former (event) provides the
most consistent and precise localization across all scenarios.
It achieves higher recall and outputs tighter bounding boxes,
confirming its superior robustness and generalization.

These results indicate that the event modality is signifi-
cantly more robust to illumination variation than RGB inputs.
Thanks to the NMS-free architecture, RT-DETR-R18 and
M2Former outperform YOLOvS8s. Although the performance
drops noticeably on real event data due to the zero-shot
detection setting and the large domain gap between synthetic
and real data, M*>Former still outperforms the other methods,
demonstrating stronger generalization capability.
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V. CONCLUSION

This article presents the first systematic investigation of
event-based vision for the challenging task of space object
detection. Motivated by the limitations of conventional imag-
ing sensors under extreme illumination and dynamic motion
conditions in space, we explore the potential of event cameras,
owing to their asynchronous and high-dynamic-range charac-
teristics, to address these challenges effectively.

First, to mitigate the scarcity of real event data, we
developed a novel data synthesis pipeline that generates
physically consistent event streams from static RGB images
through controlled affine transformations and advanced event
simulation, resulting in the publicly available E-SPARK
dataset.

Next, to enable efficient and accurate detection, we pro-
pose MZ*Former, a lightweight backbone inspired by the
MetaFormer paradigm. By integrating efficient convolutional
and downsampling operations with multiscale feature extrac-
tion capability, M>Former achieves a favorable balance
between detection accuracy and computational cost. We fur-
ther introduce an AAL, which adaptively enhances localization
supervision based on object scale. In addition, we utilize an
improved data augmentation strategy, incorporating Mosaic,
MixUp, and geometric transformations to increase supervision
density and data diversity.

Extensive experiments conducted on both synthetic and
real event data demonstrate the effectiveness of the proposed
method. On synthetic event data, our method achieves the
best performance, significantly outperforming RT-DETR-R18
and YOLO models. Under zero-shot detection on real event
data, our method maintains robust detection performance
across diverse illumination conditions, where RGB-based
detectors experience severe degradation. Moreover, M?Former
requires over 50% fewer parameters and computations than
RT-DETR-R18, making it highly suitable for deployment on
resource-constrained spaceborne platforms.

In summary, this work highlights the potential of event-
based detectors for space object detection. The proposed
method achieves superior detection performance, strong
robustness under adverse illumination, and an efficient archi-
tecture design suitable for onboard deployment. Future
research will focus on developing more effective spatiotem-
poral representations of event data, optimizing detection
frameworks to better exploit their sparse and asynchronous
nature, and exploring domain adaptation or simulation-to-real
transfer techniques to further improve real-world generaliza-
tion.
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