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Introduction & Motivation

Our work investigates image translation for
object detection :
e Model adapts from pre-trained RGB to IR.

e Guide the image-to-image translation for the final detection task.

Figure 1. IR and RGB images (LLVIP dataset). Images have complementary information; thus, one modality can help the other one.

HalluciDet Qualitative Results

Lhan (X, b, ) = Las(fo(ho (X)), c)
+ A- »Creg(fH(hﬁ(X))7 b)

Equation 1: Hallucination Loss.
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Figure 2. HalluciDet: During training, it is able to train the Hallucination Network with the knowledge from the RGB Paper Code R N e - N 'y & - N
detector. During the test, it improves the detection of IR. a . )

c) FatU (Faster R-C N) - Detections of he RGB model on the tasfed images.
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Image-to-image translation Learning strategy Test Set (Dataset: LLVIP) d) HalluciDet (Faster R-CNN) - Detections of the RGB model on the transformed images.
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U-Net [29] Reconstruction 42.94 = 4.14 4T .35 + 1.92 63.23 203

e) HalluciDet (FCOS) - Detections of the RGB model on the transformed images.

CycleGAN [39] Adversarial 22.76 = 1.94 27.04 = 4.23 58.92 + 5.09 f) HalluciDet (RetinalNet) - Detections of the RGB model on the transformed images.
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HalluciDet (ours) O Detection | © 63285349 5648 %339 834 2 1.50 SO rrraviirogers A TR e Figure 5. HalluciDet detections on IR LLVIP dataset over different detectors.
Table 1. Comparison of detection over different methods and HalluciDet. Figure 3. Different image-to-image on detection task.

Training Samples, Params. & Fine-Tuning Conclusion

No Adaptation Fine-tuning HalluciDet
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0.90 e e LA e RetinaNet 44.13 = 2.01 47.87 +2.21 49.01 = 4.08
o Faster R-CNN 5585+ 1.19 6148+1.55 70.90+1.35 v We propose a novel approach that leverages privileged information from pre-trained RGB detectors and
Table 2. Comparison HalluciDet and Fine-tuning on FLIR dataset. adapts it for IR detection without changing the detector performance on RGB.
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“ o S MobileNet,n,  + 3.1 M 85.20 v HalluciDet uses a straightforward yet powerful image translation network to reduce the domain gap
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