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Synthetic Discrepancy Training

Standard semantic segmentation fails to capture unusual objects which fall outside We train the system without any prior knowledge of anomalies. We generate artificial We evaluate anomaly detection performance on the Road Anomaly and
any of the known semantic classes. We attempt to detect such anomalies and warn discrepancies from Cityscapes!*! data by altering the semantics of selected object Lost and Found"! datasets. Baselines:
about potential dangers in a self-driving scenario. instances. Uncertainty (Ensemble)
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We synthesize a plausible image solely from the predicted semantic labels using —~
. . [1] . . . ground truth discrepancy mask
pix2pixHDY .. Anomalies, not expressed by the known classes, will differ strongly
between input and resynthesis, and will be detected as discrepancies.
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New dataset: Road Ahomal

We contribute a new dataset of unusual objects in traffic scenes, with pixel mask
- annotations.
www.epfl.ch/labs/cvliab/data/road-anomaly
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discrepancy score
Quantitative anomaly detection results; the reported value is the AUROC score.
Road Anomaly dataset Lost and Found dataset  Lost and Found (road area only)
S 3 s - 0s - os |f
@Discreponcy Network gt ; W L i R e Soey A7 s Sosy 117 Eoe ) o
- 3 Y iy : o = ‘:‘,‘- . i gt e o ‘] - g ] *% : *g : U
Fo : | 2 o] s —— — ~ §0.4 . A 03)0.4 0 » 0%04 4 . Z
g 3 8 R ] et - = I Ours 0.83 2 /  —— Ours0.82 = [ —— Ours 0.93 ()
° e E: > b o y / — = Ours (Resynthesis only) 0.80 , ) ——=- Ours (Labels only) 0.79 1 —== RBMO0.86 —
D | S C re p O n C N etWO rk = il % : W ' ’)_I:,"‘;_ ‘ B g T i 0.2 /’./": ~ == Ours (Labels only) 0.78 0.2 /] — = Ours (Resynthesis only) 0.76 0.2 1 —-:= Ours (Resynthesis only) 0.86
o e o RS e 0 S S5 i \J i, s % A e 25 ----- Uncertainty (Ensemble) 0.67 II —-==- RBMO0.74 o Ours (Labels only) 0.83
0o _.... ——- RBMO0.59 o ..... Uncertainty (Ensemble) 0.67 00 doee JECN Uncertainty (Ensemble) 0.57
The discrepancy network learns to detect meaningful differences while ignoring - - 00 02 oe o5 o8 10 0 02 s s or 1o o @z o @ on 1
synthesis artifacts and variation between objects of a given class. Adve rsSari Ol GttOCk dete Cthn
L PMES Joereszedinage predicted labels Adversarial attacks®I®) alter the image infinitesimally to fool the segmentation network. . g o
g b S o T Vs " B k. - - S5 2 . . . . . . 0.8 - 0.8 g 0.8 R @)
We detect the resulting nonsensical label map using a non-differentiable histogram of ) ) 7 7 S
. . . . . . 5 06 - 506 Soe6 ]/ 7))
oriented gradients (HOG) feature distance between input and synthesized images. : | o)
2 3 & i >
) ) 5 O Ry g &1 P Ours 0.82 g 1 {— ouwsomz v
predicted labels - normal synthesized - normall z | o e damers oniyy 078 . ,-’ { 7| == ous Labele ony077 b Tl cevoss 2
: ' e e M * 0.2 ,' — = Ours (Resynthesis only) 0.78 0.2 "II — = Ours (Resynthesis only) 0.76 0.2 1 —-= Ours (Resynthesis only) 0.85 =z
),\ f’ HOG OK ' ..... Uncertainty (Bayesian) 0.70 ,I:.;' - RBMO.7f1- ( . - Ours(Lc.lbeIs(onIy)(i).82) ‘(_D|_
; — /- === RBMO0.59 e Uncertainty (Bayesian) 0.67 ----- Uncertainty (Bayesian) 0.70
VGG 16 ; shared weights VGG 16 ; i CNN ‘ distance 00 T | | | | | %7 , , , , , %] , , , , ,
: -€ > i [ | 0.0 0.2 0.4 . .0.6 0.8 1.0 0.0 0.2 0.4 . .O.6 0.8 1.0 0.0 0.2 0.4 . .0.6 0.8 1.0
fedtures : : R featu reS : : : : : IﬂpUt ImOge false positive rate false positive rate false positive rate
. S R | N References
1 : : : : : : : i : : : [1] High-Resolution Image Synthesis and Semantic Manipulation with Conditional GANs.
i S — R ' - il T. Wang, M.-Y. Li, J.-Y. Zhu, A. Tao, J. Kautz, and B. Catanzaro [CVPR 2018]
1 1 i i e, e ———— I
i i f--—-- A= '----_'_'_'_:_:.'_'_'_'_' ______________ : : i [2] Pyramid Scene Parsing Network. H. Zhao, J. Shi, X. Qi, X. Wang, and J. Jia [CVPR 2017]
[ e T [ I
: _______ R B I : [3] Lost and Found: Detecting Small Road Hazards for Self-Driving Vehicles.
<A I P. Pinggera, S. Ramos, S. Gehrig, U. Franke, C. Rother, and R. Mester [IROS 2016]
t o
1f<?ncC:nv o [4] The Cityscapes Dataset for Semantic Urban Scene Understanding.
S HOG M. Cordts, M. Omran, S. Ramos, T. Rehfeld, M. Enzweiler, R. Benenson, U. Franke, S. Roth, and B. Schiele [CVPR 2016]

warning!

discrepancy
score

distance [5] Adversarial examples for semantic segmentation and object detection. C. Xie, J. Wang, Z. Zhang, Y. Zhou, L. Xie, and A. Yuille [ICCV 2017]

- =l -
predicted labels - with attack synthesized - with attack

[6] Houdini: Fooling deep structured visual and speech recognition models with adversarial examples.
M. M. Cisse, Y. Adi, N. Neverova, and J. Keshet [NIPS 2017]

upconvolutions



