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Abstract Pedestrian re-identification (Re-ID) is a task that matches pedestrian images across different cameras
and is widely used in surveillance and security applications. In recent years, many Re-ID efforts have focused on
matching targets (such as criminal suspects) captured in infrared images at night with pedestrians captured in RGB
images during the day to track their movements. This type of work is known as RGB-infrared pedestrian re-
identification (RGB-IR Re-ID). However, RGB-IR Re-ID models based on deep neural networks (DNNs) have been
proven to be vulnerable and susceptible to attacks, raising significant security concerns.

In this paper, we present a novel physical adversarial attack method for RGB-IR Re-ID. Using an algorithm called
AdvPull, we generate adversarial textures on aerogel sheets and attach these sheets to clothing. This causes the
features of pedestrian images captured by IR and RGB cameras to diverge significantly, making them unmatchable
by Re-ID models. This method is a black-box attack and highly transferable.Experimental results show that
compared to the unattacked state, the Rank-1 recognition rate on the SYSU-MMO1 dataset decreased by 99.99%,
and the mAP decreased by 96.2%. On the Regdb dataset, the Rank-1 recognition rate decreased by 99.99%, and the
mAP decreased by 90.4%. These results demonstrate that our method can effectively reduce the recognition
accuracy of RGB-IR Re-ID systems, offering a new solution for protecting individual privacy and enhancing model
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robustness. Future work will focus on further optimizing this method and exploring its potential applications in

other fields.
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