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80% CAT

Over/underconfidence Noisy objects Unknown objects

Reject option based on different uncertainties is required
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Correlation Uncertainty vs Failures
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Correlation Uncertainty vs Failures
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Correlation Uncertainty vs Failures Table 1: Cost-matrix for detection thresholding.
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Correlation Uncertainty vs Failures Table 1: Cost-matrix for detection thresholding.
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Correlation Uncertainty vs Failures Table 1: Cost-matrix for detection thresholding.
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Correlation Uncertainty vs Failures Table 1: Cost-matrix for detection thresholding.
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True Positive Rate
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Automate thresholding and its evaluation

(2]
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FD@CD(b) = Y TPR(FPR(3(b,7)))
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Black-Box Optimization
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Cost-Sensitive Uncertainty-Based Failure
Recognition for Object Detection
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Cost-Sensitive Uncertainty-Based Failure
Recognition for Object Detection
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Cost-Sensitive Uncertainty-Based Failure
Recognition for Object Detection
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Classification and Regression — Epistemic and Aleatoric
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Classification and Regression — Epistemic and Aleatoric

Model Uncertainty

«  MC Dropout
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Classification and Regression — Epistemic and Aleatoric
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BDD10OK, KITTI and CODA

BDD100K:

» Relatively large

« Many difficult scenarios:
— Night/crowded images
— Tiny objects
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BDD10OK, KITTI and CODA

BDD100OK:
» Relatively large KITTI:
« Many difficult scenarios: * Relatively small
— Night/crowded images  High fidelity dataset

— Tiny objects with daylight only
G T"’""’

CODA:

Evaluation Set
Model pre-trained on BDD100K

[5,6,7]
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Uncertainty Estimation Methods

EfficientDet-DO pre-trained on COCO
Input resolution: 1024x512
Batch size: 8

Inference time:
Baseline: ~35ms
LA: ~30ms

MC: ~185ms

UAI2024

71412024

10



Uncertainty Estimation Methods

EfficientDet-DO pre-trained on COCO
Input resolution: 1024x512
Batch size: 8

Inference time:
Baseline: ~35ms
LA: ~30ms

MC: ~185ms

AP: Average precision
Acc: Classification accuracy
mloU: Average intersection over union

KITTI

BDD

CODA

Method

AP}

Acct

mloUT

Baseline
LA
MC
MC+LA

72.83+0.12
73.26+0.50
70.88+£0.17
70.15£0.09

0.99+0.00
0.99+0.00
0.99+0.00
0.99+0.00

90.0610.05
90.34-+0.03
89.1040.02
89.0340.05

Baseline
LA
MC
MC+LA

24.69+£0.09
24.38+0.12
25.55+0.02
24.78+0.01

0.94+0.00
0.94+0.00
0.94+0.00
0.93+0.00

67.74-+0.07
67.6910.05
67.30+0.02
66.60+0.02

Baseline
LA
MC
MC+LA

16.09+0.07
15.534£0.25
16.97+0.04
16.05+0.25

0.89+0.00
0.89+0.00
0.89+0.00
0.89+0.00

72.234+0.03
72.061+0.14
73.30+0.08
72.194+0.03

* Correlation between estimation method
and dataset characteristics
» Better performance than baseline
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Comparison Uncertainty Types
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Comparison Uncertainty Types

KITTI BDD
<. aimmco mmrD Ml 1°{H B B mam
o 55”0 1l Ml . sl
g ¥CD O ——Oent —— Oep,cls,c — Tep,loc,c,n Oent,c,la
10! - FD —+—0alloc,n — Oent,c —— Oal.loc,c,n —— al,loc,c,n,la
KITTI ;i 2 ent: Entropy °\° N Budget = 95% CD 507 _® _Reg. v
117 1T ep: Epistemic = '
10°96 T | al: Aleatoric 3 40 1
0/ ¥~ e*ei *eesxel cls: Classification 5
loc: Localization = 30 -
101 - n: Normalized S
. F I 8 ‘:_“"‘
BDD T - la; Loss attenuation only - . - : - -
¢ i 0.5 0.6 0.7 0.5 0.6 0.7
10°11 IoU Threshold T IoU Threshold T
: I L=+
0 - X eeXN
858 BTG oo T L L L
S0 EFSSTEL g g Overlap * Positive impact of calibration and normalization
b 60 £36° FR22§ :
cob ©° SR 2 « Correlation type vs. loU Threshold
N « Entropy and aleatoric localization uncertainty
UAI2024

71412024 11



Budget and Optimization
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Budget and Optimization

® b=951 b=98 ¥ b=99
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Jent, e
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KITTI

Oent, ,la -

Oal,loc, ,n,la A

Oent A
Tal,loc,n -

Oep,cls, {#

Uent, -

Oep,loc, ,n -

Oal,loc, ,n A

BDD

Oent, ,la
Oal,loc, ,n,la 4

Jent
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Oep,cls, 4w
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Oep,loc, ,n -
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Oent, ,la 4
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CODA

Controllable thresholding performance

Standard Sum Y Omcila
Optimized Sum 3~ % o,

KITTI

BDD

CODA

Weights FD@CD951 ‘ BAcct
Tent Tep,loc Tal

1.00+£0.00 1.00+£0.00 1.00+0.00 | 68.02+1.97 | 0.81+0.01

0.16+£0.03  0.03+£0.04 1.0£0.00 | 72.36£2.72 | 0.83+0.01
> o 1.00+0.00 - 1.00+0.00 | 65.86+3.43 | 0.80+0.02
POERN 0.1440.06 - 0.72+0.21 | 70.93+1.47 | 0.83+0.01
> Omesla 1.00£0.00 1.00£0.00 1.00£0.00 | 32.03x0.24 | 0.63x0.00
> % Omesta | 0.06£0.03  0.004£0.00 0.72+0.32 | 37.98+0.90 | 0.67+0.00
> o1 1.00+0.00 - 1.00+0.00 | 30.65+0.23 | 0.63+0.00
Y% o 0.05%0.02 - 0.72£0.36 | 38.11£0.21 | 0.67+0.00
> Ometla 1.00£0.00 1.00£0.00 1.004+0.00 | 40.60+0.21 | 0.68+0.00
D % Omesta | 0.07£0.02  0.00£0.00 0.82+0.25 | 45.68+0.53 | 0.70-£0.00
> on 1.00£0.00 - 1.00£0.00 | 38.49+0.96 | 0.67£0.00
Yk o 0.10+0.01 - 0.99+0.00 | 43.95+0.43 | 0.69+0.00

Using only entropy and aleatoric uncertainty:
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Budget and Optimization
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Jent
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Oal,loc, ,n 4

CODA
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Controllable thresholding performance

KITTI

BDD

CODA

Standard Sum Y Omcila
Optimized Sum 3~ % o,

Weights FD@CD951 ‘ BAcct
Tent Tep,loc Ty

1.00+£0.00 1.00£0.00 1.00£0.00 | 68.02+1.97 | 0.81+0.01

0.16£0.03  0.03+0.04 1.0£0.00 | 72.36+2.72 | 0.83:+0.01
> o 1.00+0.00 - 1.00+0.00 | 65.86+3.43 | 0.80+0.02
POERN 0.1440.06 - 0.72+0.21 | 70.93+1.47 | 0.83+0.01
> Omesla 1.00£0.00 1.00£0.00 1.00£0.00 | 32.03+£0.24 | 0.63%=0.00
Z % Ometla | 0.06£0.03  0.00£0.00 0.72+0.32 | 37.98£0.90 | 0.67+0.00
> o1 1.00+0.00 - 1.00+0.00 | 30.65+0.23 | 0.634+0.00
z * Oy 0.0540.02 - 0.72+0.36 | 38.11£0.21 | 0.67+0.00
Z O me+la 1.00+£0.00 1.00+£0.00 1.004+0.00 | 40.60+0.21 | 0.68+0.00
D % Omesta | 0.07£0.02  0.00£0.00 0.82+0.25 | 45.68+0.53 | 0.70-£0.00
> on 1.00£0.00 - 1.00+£0.00 | 38.49+£0.96 | 0.67%0.00
E * Oy 0.1040.01 - 0.99+0.00 | 43.95+0.43 | 0.69+0.00

Using only entropy and aleatoric uncertainty:

+2—11% via optimized combination
« +36—-60% over conventional methods
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Qualitative — Failure Recognition and Auto-Labeling
Ground Truth

Post-Thresholding Eval on loU 0.75
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Qualitative — Failure Recognition and Auto-Labeling
Ground Truth

Post-Thresholding Eval on loU 0.75
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Qualitative — Failure Recognition and Auto-Labeling
Ground Truth

Post-Thresholding Eval on loU 0.50
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Qualitative — Failure Recognition and Auto-Labeling
Ground Truth

Post-Thresholding Eval on loU 0.50
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In this work, we:
Define cost-sensitivity for object detection
Automate the thresholding process
Investigate and Optimize the combination
of different uncertainties
Introduce metrics and requirements
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In this work, we: KITTI BDD
Define cost-sensitivity for object detection  Remersd Def

Automate the thresholding process %Det __ ' ——Remaining Det.
Investigate and Optimize the combination
of different uncertainties

Introduce metrics and requirements

Key advantages:
Model-Agnostic Failure Recognition
Application-Agnostic Budget-Based Thresholding
Efficient Uncertainty Estimation via Loss Attenuation
Minimal Model Expansion with 0.07% Increase in Parameters
Considerable Decrease in False Detections Enhancing Overall Performance
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Uncertainty Estimation
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Classification and Regression — Epistemic

Standard Network  With Dropout

represents the
separation capabilities of the

Dropout on model between the classes

during Training

HX) = — Z P(x;) * Log,(P(xy))

Acar ﬁy Xi€EX
Dropout on ﬁpedestrian ,ﬁx
during Inference Acyctist An Cat 08| 0.2 0.3
ﬁtraffic_light ﬁw DOg Ol 05 04
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Sample during Low | Medium| High
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Regression — Aleatoric
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Regression — Aleatoric

Observation noise,
weather conditions,

) _ S Extend output to 8
misleading situations

values per anchor fiy

Input — Network — Output [ by
~ Hh

Rewrite box loss with loss Jf A
attenuation h 5

y

w -

1 Ny = o)1 i

Negative log-likelihood LNNZZNZ la(x_)zl +log o(x;)? G
i=1 l ~

Ow

The uncertainty is learned as a function of the data

[1,3]
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