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UMM-Det: A Unified Object Detection Framework for Heterogeneous
Multimodal Remote Sensing Imagery

ZOU Minrui® LI Yuxuan®  DAI Yimian®® LI Xiang®®  CHENG Mingming®?
®( College of Computer Science, Nankai University, Tianjin 300350, China)
®(Nankai International Advanced Research Institute, Shenzhen 518045, China)

Abstract:

Objective With the increasing demand for space-based situational awareness, object detection across multiple
modalities has become a fundamental yet challenging task. Existing large-scale multimodal detection models for
space-based remote sensing mainly operate on single-frame images from visible light, Synthetic Aperture Radar
(SAR), and infrared modalities. Although these models achieve acceptable performance in conventional
detection tasks, they largely neglect the critical role of infrared video sequences in improving weak and small
target detection. Temporal information in sequential infrared data provides discriminative cues for separating
dynamic targets from complex clutter, which cannot be captured by single-frame detectors. To address this
limitation, this study proposes UMM-Det, a unified detection model designed for infrared sequences. The
proposed model extends existing space-based multimodal frameworks to sequential data and demonstrates that
exploiting temporal dynamics is essential for next-generation high-precision space-based sensing systems.
Methods UMM-Det is developed based on the unified multimodal detection framework SM3Det and
introduces three key innovations. First, the ConvNeXt backbone is replaced with Internlmage, a state-of-the-art
architecture with dynamic sampling and large receptive field modeling. This replacement improves feature
extraction robustness under multi-scale variations and low-contrast conditions that are typical of weak and
small targets. Second, a spatiotemporal visual prompting module is designed for the infrared branch. This
module generates high-contrast motion features using a refined frame-difference enhancement strategy. The
resulting temporal priors guide the backbone to focus on dynamic target regions, thereby reducing interference
from static background clutter. Third, to address the imbalance between positive and negative samples during
training, Probabilistic Anchor Assignment (PAA) is incorporated into the infrared detection head. This
strategy improves anchor selection reliability and enhances small target detection under highly skewed data
distributions. The overall pipeline is shown in Fig. 1, and the structure of the spatiotemporal visual prompting
module is illustrated in Fig. 2.

Results and Discussions Extensive experiments are conducted on three public benchmarks: SatVideolRSTD
for infrared sequence detection, SARDet-50K for SAR target detection, and DOTA for visible light remote
sensing detection. The results in Table 2 show that UMM-Det consistently outperforms the baseline SM3Det
across all modalities while significantly improving efficiency. For infrared sequence small target detection,
UMM-Det improves detection accuracy by 2.54% compared with SM3Det, confirming the effectiveness of
temporal priors. In SAR target detection, the model achieves a 2.40% improvement in mAP@0.5:0.95. In visible
light detection, an improvement of 1.77% is observed. These results demonstrate the strong generalization
capability of the proposed framework across heterogeneous modalities. In addition, UMM-Det reduces the
number of parameters by more than 50% relative to SM3Det, which supports efficient and lightweight
deployment in space-based systems. Qualitative results in Fig. 3 show that UMM-Det detects low-contrast and
dynamic weak targets that are missed by the baseline model. The analysis highlights three main findings. First,
the spatiotemporal visual prompting strategy effectively converts frame-to-frame variations into salient motion-
aware cues, which are critical for distinguishing small dynamic targets from clutter in complex infrared scenes.

Second, the use of InternImage substantially strengthens multi-scale representation capability, improving
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robustness to variations in target size and contrast. Third, PAA alleviates training imbalance, leading to more
stable optimization and higher detection reliability. Together, these components produce a synergistic effect,
resulting in superior performance on both sequential infrared data and static SAR and visible light imagery.
Conclusions This study proposes UMM-Det, a space-based multimodal detection model that explicitly
integrates infrared sequence information into a unified detection framework. By adopting InternImage for
feature extraction, a spatiotemporal visual prompting module for motion-aware enhancement, and PAA for
balanced training, UMM-Det achieves notable improvements in detection accuracy while reducing
computational cost by more than 50%. Experimental results on SatVideoIRSTD, SARDet-50K, and DOTA
demonstrate state-of-the-art performance across infrared, SAR, and visible light modalities, with accuracy gains
of 2.54%, 2.40%, and 1.77%, respectively. The proposed framework provides a practical solution for future high-
performance space-based situational awareness systems, where accuracy, efficiency, and lightweight design are
all required. Future work may extend this framework to multi-satellite cooperative sensing and real-time
onboard deployment.

Key words: Space-based multimodal unified detection framework; Multimodal remote sensing detection;

Infrared sequence perception; Small target detection
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