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Background Model Training: Visualized RGB-T Detections on the M°FD Dataset [3]:
L , , , 1. Pretrained object detectors of each modality are obtained or trained on ———Scene-agnostic CBAM > Scene-adaptive CBAM
Problem: Existing deep sensor fusion techniques for AV require: single-modality datasets. RGB Image —oomed-in Yellow Rect. S oomed-in Yellow Rect.

1. Large coregistered, multimodal datasets to train. 2. A scene-classifier is added to RGB encoder and trained on RGB data. ih | l»

0. Extensive training (fusion) ime anytime a sensor component is changed. 3. (Fusion training) Scene-specific fusion modules are trained per scene o el ,(0"‘3,}%2)
category on multimodal datasets while encoders, scene classifier, and A &= fe

Proposed Solution: We introduce an efficient RGB-X fusion network that object detection head (set to pretrained thermal weights) are frozen. @l

fuses pretrained single-modal models using scene-specific fusion modules.
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Approach — : T : Reduced Reliance on Multimodal Training Data for Fusion:
. | | N | . . .
Our modular RGB-X object detection network is built using pretrained single- i scenespechcfusnmoces [ rosen parsmeters preained ] . . = Our approach heavily constrains the training process.
modal detectors and fused using scene-specific CBAM [5] modules. Results = Similar performance can be maintained even with /5% less fusion
training data.
Night Improved RGB-T Object Detection Performance: : —
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= Our algorithm performs better than existing RGB-T methods on the FLIR - gf/// I,f' Encoders (RGB + X) 248 M
aligned object detection dataset. %70; Decoders (RGB + X) 0.12 M
. Decoder + scene specific = Scene-adaptive fusion modules provide a boost over scene-agnostic §)6oj Detection Head 1.60 M
fusion modules parameters. = // o Fusion Modules 0.21 M
50: 'Ii -—).<: zjg-[élear_ TOtal 267 M
Thermal encoder Method Person Bicycle Car  mAP@0.5  mAP '5”522%”&? ol e ST Total Trainable (per scene) 0.21 M
0 20 40 60 80 100
Detector RGB only 60.79 3725 7394  57.32 247 0.016 7o of Original Training Set
head Thermal only 8286 50.80 82.83  72.16 370 | 0016
RGB encoder RetinaNet + MFPT[4] 781 650  87.3 76.80 - 0.050 Conclusions
Overcast CFT [4] — — — /8.7 40.2 0.026
AN
colect fusion module \ | FasterRCNN + MFPT]6] 832 677 890 | 8000 - 0.080 We presented a RGB-X object detection framework that fuses off-the-shelf
S~ . LRAF-Net[2] - - - 80.50 42.8 - networks using lightweight fusion modules. Our approach:
O Scene-agnostic CBAM (ours) 88.26 7743 90.68 85.45 46.8 0.028
ISce%e >0 - Scene-adaptive CBAM (ours) 8892 7861 9054 | 8616 W 471 | OO = Reduces the dependence on hard-to-obtain coregistered RGB-X datasets
classifier . L .
I Frozen parameters ® = Reduces fusion training time when sensors/pretrained networks are
Visualized RGB-Gated Detections on the Seeing Through Fog Dataset [1]: swapped out.
Model Inference: Clear-Day ____ Clear-Night Fog-Day Fog-Night Snow-Day Snow-Night = Provides improved adaptability via scene-specific fusion modules.

Ground Truth
(RGB)

1. Modality-specific network encoders take in a pair of RGB-X images.

2. A scene classifier operates on RGB encodings to determine the current
scene category.
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Ground Truth
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3. Scene-specific fusion modules are retrieved based on the predicted
scene and used in decoder of the network.

Scene-agnostic

CBAM Detections CBAM Detections

4. Detector head performs inference on the fused features to generate
bounding box outputs.
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