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Table 1. fEFishyscapes fISMIYCC% EAY O, S HECIHEMHOER .

Method Fishyscapes - Static Fishyscapes - L & F SMIYC - Anomaly SMIYC - Obstacle
FPR|! AuPRC! AUROC! | FPR! AuPRC!T AUROC! |FPR! AuPRC! AUROC! |FPR! AuPRCT AUROC1!
MCD(RN101) [10] 25.20 19.43 92.12 30.74 6.62 90.97 57.75 45.94 81.89 11.52 48.22 97.46
SE(RN101) [14] 25.22 19.68 92.12 29.59 7.04 91.19 58.18 45.33 81.77 11.92 48.41 97.43
EnE(RN101) 15.81 36.61 96.24 26.61 12.56 94.31 54.32 43.25 82.94 15.20 52.01 97.31
Ours + DE(RN101) [10] | 13.23 56.34 97.26 26.68 11.56 94.19 48.09 56.55 86.98 11.08 52.42 98.01
Table ~ 2. RoadAnomaly LILI&. PTA7I#ET  OmyyskO0 7 MHEMFPR (48.09) FIAUPRC (56.55)

DeepLabv3+ 00 & fECIR ALOO S,

Method FPR | | AuPRC 1 | AuROC 71
SE (ResNet101) 73.93 19.24 69.49
MCD (ResNet101) 73.25 19.20 69.66
ENE (ResNet101) 74.13 19.15 70.56
Ours + DE (ResNet101) 71.96 19.76 70.73
Ours + DE (MobileNet) 72.74 18.82 71.19
GMMSeg 47.90 34.42 84.71
PEBAL 44.58 45.10 87.63
RPL+CoroCL 17.74 71.60 95.72
RPL+CoroCL+DE (Ours) | 18.49 75.49 95.83

Table 3. RPL[J[JfF Fishyscapes fISMIYC[][14 FWFPR
FIAUPRCHM:RELE].

Method Fishyscapes - Static  Fishyscapes - L & F
FPR| AUPRC?t FPR| AUPRC*1?
RPL + SE 6.59 89.53 16.88 67.36
PEBAL 1.52 92.08 4.76 58.81
DenseHybrid 4.17 76.23 5.09 69.79
RPL 0.85 92.46 4.76 70.61
RPL + DE (Ours) 1.03 93.77 3.53 71.28
SMIYC - Anomaly SMIYC - Obstacle
FPR| AUPRC?t FPR| AUPRC?1?
RPL + SE 22.36 86.21 0.57 92.59
PEBAL 36.74 53.10 7.92 10.45
DenseHybrid 52.65 61.08 0.71 89.49
RPL 7.18 88.55 0.09 96.91
RPL + DE (Ours)  6.87 89.48 0.11 96.29

OO0 MALHO/ coCoOmOEER 46751 OO
Z% (OE)OX ,O/ROAFOO=O. HwOLEP4O00D
sy RS ME OO P $8 1 J7 ik : Fishyscapes ([,
LostAndFound), RoadAnomaly, Segment-me-If-You-

Can (SMIYC) ¥4 ,f2.45 LostAndFound ity — ][] ##
THESMIYC-L FRCIH MRt k. A OO#E O
O DeepLabV3+#+0O0 AR O% [ 700 x 700
DL &%, O O45 O 12 45 FPR95 ,AUROC ,AP fll
AUPRC HF0O0O% 7 O Ok FOoD ERLHE .
®ROOEO# OO0/ OE®OOZHEEM
OFZErOoD s EIFEHE OO O 1 (£ 2
ik 3 OO0 rO%. Frg s AT HEE+F0O0
DeepLabV3+ filResNet101 (RN101) LA 5% 28 4 .
f£& 1 ., 3000 17 R &E MW J7 & 40 Shannon
Entropy (SE). Monte Carlo Dropout (MCD) fl1Free
Energy (EnE), FOm 5k (FEOMW 4% + £0O0)
X% O0EE FWFPRAIAUPRC HIfE#E#EO 1 AT A 2
e, B AEFishyscapes-Static I FKOAY 77RO 1%
{KAYFPR (13.23) Ml &l AuPRC (56.34) %8B O 1
MCD (FPR 25.20, AuPRC 19.43) flEnE (FPR 15.81,
AuPRC 36.61), [fl[] ,#£ SMIYC-Anomaly £:#t |- ,F¢

ZPEOBEDN FOEEES TRS. £ 2 O
7~ T #E RoadAnomaly (145 5 1y OO 5. O]9 56 o 4
RPL+CoroCL Lt FOM 700 7 i £/ AuPRC
(75.49) O£ TAKFPR (18.49) ,(J0 7 [ T Beta
Wi ZE R AL T A = OO

Ja AR 3 b BROOT 7 —OEsO0d Oy
RPL iyANF OO, OOOM RPL 8¢ RPL+SE fHEE
O RPL+DE —#t#ick[d 1 AP f1 AUPRC b3
JE{E(% SMIYC-Anomaly (AP 89.48 [k 57.99) fi1 Ob-
stacle(AUPRC 96.29 [}t 22.10) OOW O OHEE S |,
OO0 7 }&OM 75 A AR OE My B k.

ma?? Fros KOO 7 ARAOE OO kO
O$2 i1y J7iEAE Fishyscapes (48 % ER9#ECICIR. 7T
MeOR 8 RO OO mO0
FOMAZ R OME T e a0, @O0 546
RO O AEOA T HEOOMEROM OO
B geOE O0OMO0O/ 744+ (OoD)
3. OO OO D ER ORI [0 OoD ¥
OO O O 000 080 ,00Fa000%
OO00O0OfEER O OFE 2.

EASch RO T —OF Ok OO0 #
F iy FlowEneDet flBeta 5 10 ,FI A B H#E
O O A A OE . OO% e DA 2ot OO a0
PR A E . At FROOFROM J7 £ 8k E ik
SeOfRPLOZEH f# FiOBeta s OO A 2£001FO]
EOEMOEDO. OO MR EOR T 740
ErEMmA R EEmfEREODO % OfdHf5 O OoD [k
OO, RO TrEEAAEOROWAOE M O% & 5 %
O FRE RN | LIOOHAE OoD O % &
A& Ak,

5. Ko

AT EO0O8UE (BHOE:OfE Bad s MSIT) O
phfE BatfEH: 0000 1TP) O H OB [RS-2021-
Im211341, AN TE#EO%AEROE (K O) FIRS-
2022-11220124 , 5 FAeARE N RENOORE DN T2 HE
£O0OO.

References

[1] S. Ancha, P. R. Osteen, and N. Roy. Deep eviden-
tial uncertainty estimation for semantic segmentation
under out-of-distribution obstacles. In 2024 IEEE In-
ternational Conference on Robotics and Automation
(ICRA), pages 6943-6951. IEEE, 2024.

www.xueshuxiangzi.com



(2]

(4]

(10]

[11]

(12]

[13]

(14]

H. Blum, P.-E. Sarlin, J. Nieto, R. Siegwart, and
C. Cadena. The fishyscapes benchmark: Measuring
blind spots in semantic segmentation. arXiv preprint
arXiv:1904.03215, 2019.

R. Chan, K. Lis, S. Uhlemeyer, H. Blum, S. Honari,
R. Siegwart, P. Fua, M. Salzmann, and M. Rottmann.
Segmentmeifyoucan: A benchmark for anomaly seg-
mentation. In Thirty-fifth Conference on Neural Infor-
mation Processing Systems Datasets and Benchmarks
Track, 2021.

B. Charpentier, D. Ziigner, and S. Giinnemann. Pos-
terior network: Uncertainty estimation without ood
samples via density-based pseudo-counts. Advances in
neural information processing systems, 33:1356—1367,
2020.

Y. Gal and Z. Ghahramani. Dropout as a bayesian ap-
proximation: Representing model uncertainty in deep
learning. ICML, 2016.

D. Gudovskiy, T. Okuno, and Y. Nakata. Concurrent
misclassification and out-of-distribution detection for
semantic segmentation via energy-based normalizing
flow. In Uncertainty in Artificial Intelligence, pages
745-755. PMLR, 2023.

A. Kendall and Y. Gal. What uncertainties do we
need in bayesian deep learning for computer vision?
In NeurIPS, 2017.

S. Landgraf, M. Hillemann, K. Wursthorn, and
M. Ulrich. U-ce: Uncertainty-aware cross-
entropy for semantic segmentation. arXiv preprint
arXiv:2307.09947, 2023.

K. Lis, K. Nakka, P. Fua, and M. Salzmann. Detecting
the unexpected via image resynthesis. In Proceedings
of the IEEE/CVF International Conference on Com-
puter Vision, pages 2152-2161, 2019.

Y. Liu, C. Ding, Y. Tian, G. Pang, V. Belagiannis,
I. Reid, and G. Carneiro. Residual pattern learning
for pixel-wise out-of-distribution detection in seman-
tic segmentation. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pages
1151-1161, 2023.

A. Malinin and M. Gales. Predictive uncertainty esti-
mation via prior networks. Advances in neural infor-
mation processing systems, 31, 2018.

J. Mukhoti and Y. Gal. Evaluating bayesian deep
learning methods for semantic segmentation. arXiv
preprint arXiv:1811.12709, 2018.

M. Sensoy, L. Kaplan, and M. Kandemir. Evidential
deep learning to quantify classification uncertainty.
Advances in neural information processing systems,
31, 2018.

W. Zhao, J. Li, X. Dong, Y. Xiang, and Y. Guo. Seg-
ment every out-of-distribution object. In Proceedings
of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 3910-3920, 2024.

www.xueshuxiangzi.com



