Traffic Sign Detection System Through Faster-RCNN
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v We used the Faster R-CNN architecture [1] as (right) Turn right

our traffic sign detection model.
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v Our model was able to obtain a mean average precision (mAP) Eyt 0.830 0.857 0.752 0.919 0.792
of 80.10% with loU of 0.5 on our testing set, which was 20% of the '
LISA-TS Extension labeled’s images.
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Fig. 6: Mean average precision on LISA-TS Ext. w/ ROI Position Filtering

v The model was also integrated to a Traffic Sign
Object Tracker framework as the detector.

Conclusion

v Qur project provides the first public results for a
deep learning method based on the 4 LISA-TS
Extension super classes.

Fig. 1: Faster R-CNN Detection Model

US Traffic Sign Datasets

v We trained on the LISA-TS Extension Dataset and NavLab’s Stop
Sign Dataset [2].

v Aggregated Channel Features (ACF) methods
currently outperform deep learning methods. This

Fig. 4: Predicted detections of our Faster R-CNN detector might change by implementing our future works.
v The model was trained on 80% of the LISA-TS Extension (LTE). Our
testing sets were the other 20% of the LTE set, LISA-TS Original Set FUfU re WOrk
(5839 img) and our NavLab Stop Sign Dataset (2454 img).
v Utilize a smaller network, in order to minimize
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Fig. 2: LISA-TS Extension Dataset Sample LISATS data are part of our future intentions.
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