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[1] Z Tong. Evidential deep neural network in the framework of Dempster-Shafer theory.
[2] Z Tong, P Xu, T Denoeux. Fusion of evidential CNN classifiers for image classification. arXiv preprint

arXiv:2108.10233.
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> TRHERE5EF T prototype p'# B N -

> {&prototype p'HIRR LB S IEERIE m' = {m'(w,), ..., m"(wy), M (Q)};
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l ( : o
: L L, Ly E : dl — ||x — pl” ;:1,...,| :
: Input layer @ 8 . : : Sl.= ale._(n d") . . :
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|I Q" Common frame with 305 cla Frame Class 1
I CIFAR-10 Q' airplane, automobile, bird, cat, deer, dog, frog, horse, ship, :
: & Cifar-10 truck, w?. I
I e Tiny ImageNet Q> reel, volleyball, rocker, police wagon, limousine, ..., (200 |
P e classes), w3 I
| Flower-102 Q3 bengal, boxer, ..., (102 species of flowers), wj. I
| Common frame QU airplane, deer, horse, ship, reel, volleyball, rocker, police wagon, :
: o limousine, ..., (200 classes from Tiny ImageNet), buttercup, I
I ez IM_'Iﬂ“) alpine sea holly, ..., (102 species of flowers). I
X RS IRRIEREE AL )
r=- ._._ _______________ of T T A | [1] Z. Tong, Ph. Xu, T. Denoeux.
: o {p({w}),w € 9} C 29 is a partition of ©, | | BetP(w)= Y ”TLA)! o e Q) : I[:l]sion gf evidential  CNN

| *VACQpA) = p({w}) : : ACQweA | classifiers for image

I wed 1 M I classification. In: International
e = m(4) 3ACQ B=p(d), Enp(fa) = iajBetP,({w;}). | Conference on International

: 0 otherwise, 11 j=1 : Conference on Belief Functions.
| (B F s L pignisticimy ; (Best paper award)
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> EfH Y Pascal VOC 2012, Cityscapes, Stanford background=4;
Eﬂ‘“?i)ll*ﬁ%ﬁﬁﬂ‘] SFERREFINEE,;
ASgEABEES ine-tunellll%, =2 . EEREGRIEMZESFIA.

Frame Class

Pascal VOC ()} person, bird, cat, cow, dog, horse, sheep, aeroplane, bicycle,
hoat, bus, car, motorbike, train, bottle, chair, dining table, pot-
ted plant, sofa, tv, background.

Cityscapes ()2 person, rider, car, truck, bus, rails, motorcycle, bicyele, caravan.
trailer, road, sidewalk, parking, rail track, building, wall, fence,
guard rail, bridge, tunnel, pole, pole group, traffic sign, traffic
light, vegetation, terrain, sky, ground. void.

Stanford background ©°  sky, tree, road, grass, water, building, mountain, foreground.

Common frame 0" person, rider, bird, cat, cow, dog, horse, sheep, aeroplane, bicy-
cle, hoat, bus, car, motorbike, train, caravan, trailer, road, side-
walk, parking, rail track, building, wall, fence, guard rail, bridge,
tunnel, pole, pole group, traffic sign, traffic light, terrain, sky.
tree, grass, mountain, bottle, chair, dining table, potted plant,

sofa, tv, wp.
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S T REAIFCN-8s, SegNet, DeeplLabFERIREFIER, ARk T HBiZIGCAIRE,
*ﬂ?ﬁi iRAY ;

AgEABEES ine- tunet)llﬁfa. 2 AORASEIEMEER;
ﬁﬂ‘éﬁﬁﬁ*ﬁﬁ:ﬂg , BEGSITIRS.
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f (a) I f I
| (Classifier Pascal VOC  Cityscapes  Stanford background Owerall | | |
| Refore fusion E-FCN-8s 0.634 0.649 0.756 - |
I SO b pON-s [77] 0.627 0.648 0.748 - o |
MFE-FCN-8s 0.653 0.663 0.780 0660 |1 |
| PMF-FCN-8s 0.638 0.658 0.769 0.661 | | |
| BF-FCN-8s 0.604 0.633 0.754 0.635 | | |
| After fusion E2E MFE-FCN-8s 0.656 0.665 0.782 0.671 I | I
I o E2E PMF-FCN-8s 0.643 0.662 0.770 0.665 I
E2E BF-FCN-8s 0.613 0.639 0.758 0.642 | |
I E2E PFC-FCN-8s 0.651 0.653 0.769 0.660 | I |
| E2E EFC-FCN-8s5 0.650 0.658 0.773 0.664 I | I
l (b) ;! !
| Classifier Pascal VOU  Cityscapes Stanford background Owerall | | |
I Before fision E-FCN-SegNet 0.652 0.565 0.778 } I
I o P-FCN_SegNet [1] 0.645 0.558 0.773 - | I |
MFE-FCN-SegNet 0.662 0.578 0.785 0.609 | |
| PMF-FCN-SegNet 0.653 0.566 0.775 0508 | I
I BF-FCN-SegNet 0.650 0.538 0.761 0.576 I
| After fusion E2E MPE-FCNSegNet  0.064 0.583 0787 oes I |
' E9E PMF-FCN-SegNet  0.655 0.570 0.777 0601 | I
| E2E BF-FCN-SegNet 0.652 0.549 0.765 0585 | | I
I E9E PFC-FCN-SegNet 0.650 0.560 0.775 0.601 I
I E2E EFC-FCN-SegNet 0,660 0.572 0.779 0604 | I 30.4 FPS |
. | v |
| = |
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» Z Tong, P Xu, T Denoeux. Fusion of evidential CNN classifiers for image
classification. 2022 Belief function conference (Best paper).

» Z Tong, P Xu, T Denoeux. An evidential classifier based on Dempster-Shafer
theory and deep learning. Neurocomputing 450, 275-293.

» Z Tong, P Xu, T Denoeux. Evidential fully convolutional network for semantic
segmentation. Applied Intelligence, 1-24.

» Z Tong. Evidential deep neural network in the framework of Dempster-Shafer

theory. Université de Technologie de Compiegne.

» Z Tong, Tao Ma, W. Zhang. Evidential transformer in the framework of
Dempster-Shafer theory for pavement distress segmentation. Submitted to
Computer-Aided Civil and Infrastructure Engineering.
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