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Semantic segmentation — knaccudukaums nukcenen

Bonpochbl

e Kakyto hyHKLUMIO NOTepb UCMONIb30BaTh?

e Kak oLeHuBaTb Ka4ecTBO?



OueHka KayecTBa cerMeHTauuu: pixel accuracy

Ground truth MpepnckasaHue

lMonyyaem accuracy = 0.95

® Hy)XHO YTO-TO Nyyule



Mean loU (intersection over union)

L

Area of Overlap

Area of Union

loU
® Mean — cpefiHee Nno BCceM kjlaccam

e Kakum nony4utcsa mean loU gns nocnegHero npumepa?
(Tam 2 knacca — «poH» U «Kopabsib»)




CDyHKLl,VIFI noTepb Anda cermeHtTauun

Kpocc-aHTponus vs loU

¢ [epBas 6onee NpUrogHa Ans rpagneHTHoON oNTUMMU3aLUn

e Ho anc6anaHc KnaccoB HUKYAA He AeHeTCs, MO3TOMY
B3BELUMBAEM NoTepu (TosIbKO 0AuH y. # 0):

Uy, y)=— Zac *Yelog e
(o
¢ Focal loss — pokycupyemcs Ha TpyAHbIX NpUMepax:

FLY.9) = = 3 (1~ o) ac - ye logJe

(o




SOTA

C & paperswithcode.com/sota/semantic-segmentation-on-cityscapes w 9

Semantic Segmentation on Cityscapes test

Mean loU (class)
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, HRNetV2 + OCR 23.7% . Deep High-Resolution Representation Learning for Visual . o 5 o
(i ASP) Recognition
DeeplLabV3Plus + Improving Semantic Segmentation via Video Propagation
2 83.5% v 2018
SDCNetAug and Label Relaxation & o



Object detection

OueHka kayecTBa (HauBHas)

[ns Kaxaoro knacca class:

e true positive (TP) — npefckasaH bbox ¢ knaccom class u
loU > threshold c (ogHum u3) ground truth

e false positive (FP) — npeackasaH bbox ¢ knaccom class,
He aBndarowmnmnca TP

e false negative (FN) — pnsi ground truth bbox He Hawwnocb
npeackasaHHoro TP



Object detection

A ecnu MHoro bbox ¢ xopowwnm loU ans ogHoro n Toro e GT?
COCO dataset:

e CopTupyeM npeackasaHHble bbox no confidence n
CMOTPWM Ha nepBble maxDet

e JIna kaxxaoro npeackasaHus: Matumm ero ¢ GT ¢
Han6onbLwum loU (npu ycnosum > threshold)

e Unmatched npeackasanua nonagatot B FP, a GT — B FN



AP n mAP

PR curve plot
T

Precision

Average precision

e MoxeT nun PR kpuBas Bo3pacTaTb? (OTBeT: Aa)
® YcpenHsem ans pasHbix loU threshold:

AP — l Z TPithreshold

10 TP FP
threshold—0.5.0.55.....0.5 | threshold = FFthreshold



AP n mAP
e Mean — cpefiHee Mo BCEM KJlaccaM

® B cTaTbsAX 1 ninaepbopaax 6yksy m onyckaroT

[Moxoxkne MeTpuku

® APsq, AP75: TOYHOCTb AN19 KOHKpeTHoro threshold (6ykea A
3A€eCb CO6MBAET C TONKY — YCPEAHEHUS HET)

® APg, APy, AP, : cunTaem TonbKo Ans
MasieHbKUX/cpefHuX/60blnx 06beKkToB

A KaKyto B3ATb (PYHKLNIO NOTepb Ans 06yd4eHns?

e CBOM AN1a pasHbiX MOAENEN, CKOPO PaCCMOTPUM

® Ho Ha4yHeM C cerMeHTaummn



SegNet (Badrinarayanan et al., 2015)

Convolutional Encoder-Decoder

Pooling Indices

RGB Image I conv + Batch Normalisation + ReLU

I Pooling [ Upsampling Softmax

JHKofep — cBepToYHasa YacTb VGG16
HeT dense cnoes

Unpooling: 3anoMuHaem nHAEKCbI
MaKcMMyMOB B pooling aHkoaepa,
nepeHoCcuUM B fekoaep

npOCTO, He O4YeHb Ka4eCTBEHHO

Output

Segmentation
al/0/0/0
0 0/b O
0/0/0|d
c/0/0]|0
a|b| Max-pooling
cld]| Indices
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U-Net (Ronneberger et al., 2015)
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U-Net: upsampling

e up-conv — bilinear upsampling c nocnegytoLlen cBepTKOn
e B fekofepe: KoHKkaTeHauus ¢ feature maps aHkoaepa

® Bbixoa MeHblle Bxofa — overlap-tile strategy
(x1,y2) (XZI‘YZ)
o

>>> input = torch.arange(l, 5, dtype=torch.float32).view(1, 1, 2, 2) e

>>> input

tensor([[[[ 1., 2.].
[3., 4.111D)

>>> m = nn.UpsamplingBilinear2d(scale_factor=2)

>>> m{input) -O O
tensor([[[[ 1.0000, 1.3333, 1.6667, 2.0000], X
1LY1 X2, )1
[ 1.6667, 2.0000, 2.3333, 2.6667], ( "y ) ( "y )
[ 2.3333, 2.6667, 3.0000, 3.3333], [ ] =0 +O +

[ 3.0000, 3.3333, 3.6667, 4.0000]11]1)

o +O0
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FCN for Semantic Segmentation (Long et al., 2014)

32x upsampled
image convl pooll conv2 pool2 conv3 pool3 conv4d poold convd pool5  conv6-7 prediction (FCN-32s)

%ﬁ

16x upsampled

2 7
poold x’ﬂlli prediction (FCN-16s)
8x upsampled
4x conv7 prediction (FCN-8s)
2x poold [ [ ]
pool3 [ ] ]
> |

® Kak 1 SegNet, ocHoBaHa Ha VGG16 (conv, ..., pools, fce, fc7, fcg)

® B VGG16 Bce cBepTkMu 3 x 3 ¢ same padding, Bbixog pools umeeT pasmep
(512,7,7) (Bxoa — (3,224, 224)), n nepef fce NpeBpaLLiaeTcsi B BEKTOP
(25088,)
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FCN

Fully convolutional

e Cnon Linear(inputSize, outputSize) MOXXHO NpeAcTaBUTb
kak Conv2d(inChannels = inputSize, outChannels =
outputSize, kernelSize = 1) c valid padding

Moandunumnp yem VGG16

Y6éupaewm flatten

fce — conveg(512,4096,7)

fc; — conv;(4096, 4096, 1)

fcg — convg(4096,numClasses, 1)

® MOXXHO 06pabaTbiBaTb KAPTUHKM NPOU3BOJIbHOMO
pasmepal



FCN for segmentation: o6y4yaembiin upsampling

Conv2d ConvTranspose2d

® Bbixoa pools B 32 pasa MeHblUe KapTUHKM Ha BXoAe

e Cpenaem TakoW 6onbluoi padding B convy (100px), 4TO6bI
BbIxog y pools 6bin (512,13,13), Torga 'y conve —
(4096,7,7)

¢ Bbixog convg pasamepoM (numClasses,7,7) ysenu4mm B
32 pasa c nomoubto ConvTranspose2d — noay4nm KapTy
cermeHTauum (FCN-32s) 15



FCN-32s

YBenuueHue c nomouibto ConvTranspose2d

¢ BepeM stride, paBHbI KpaTHOCTW YBENUYEHUS, @
kernelSize — B 2 pasa 6onblue

HepocTtaTku

e CnuwKoM HU3Koe pa3peLleHue feature map nocne pools
= CJIULLKOM rpy6as cermeHTaLus
* PelleHe — MOXKHO Mepencnosib30BaThb BbIXOAbI

NPOMEXYTOUHbIX croeB (pools, pool,), ToXe nx
yBeniMumMBasn TPaHCMOHMPOBAHHOMN CBEPTKOA

+ Monyunum mopenun FCN-16s u FCN-8s, oHu 6onee
TS)KE/IOBECHbIE U KaYeCTBEHHbIe



BapuaHTbl FCN

32x upsampled
pool3 conv4 pool4 conv pool5  conv6-7 prediction (FCN-32s)

16x upsampled

2; 7
pool4xlﬂy’7 prediction (FCN-16s)
>
8x upsampled
4x conv? prediction (FCN-8s)
2x poold [ | ]
poold [ | ] ||

FCN-32s FCN-16s FCN-8s Ground truth

.

oy

e
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Dilated convolutions

MNpo6nembl
e PaHHMe CBEePTKM BUASIT Mano KOHTEKCTa

® [lo3gHne CBEPTKM BUOAT HN3KOE pa3peLleHme

PeweHnne

® rate = 2:

® UcnonbsytoTtca B DeeplLabvi...v3 (Chen et al.)

Opyrne SOTA: PSPNet, HRNetV2, ...



BepHemcs K object detection

One-stage detection

¢ PasbvBaeM KapTUHKY Ha (parMeHTbI
- Bbes nepekpbITua (ceTka)
+ C nepeKkpbITUEM (CKOJIb3SILLIEE OKHO C LLIAroM step)
¢ [lpegnonaraem, Yto hparMeHT COAEPXKUT He 6osiee
0AHOro o6bekTa
* [logaem parmeHT:

+ KnaccudukaTopy — BEPOSITHOCTU KNacCcoB
* perpeccopy — npegackasbiBaeTt bbox (unu drkcupoBaHHoe
konunyecTBo bbox) u ero confidence

¢ [1pumepbl: OverFeat, YOLO, SSD, ...



e O6y4yeHue Ha pparMeHTax 221 x 221

¢ Inference: 6beM HECKOJIbKO BEPCUI KapTUHKM
(multi-scale) Ha dparMeHTbI, NpeAckasbiBaeM AN
dbparmeHTa Knacc n bbox

e BbinosiHaeM cnvsiHue npegckasaHHbix bbox no npoctomy
anroputmy
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YOLO (Redmon et al., 20

S X S X B bounding boxes

confidence = Pr(object) x loU(pred, truth)

Bounding boxes + confidence

S xS grid on input Final detections

Pr(Class, | object)

Class probability map

e Kak nonyunTtb puHanbHble NpeackasaHusa?
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Non-maximum suppression

Input :B={by,...bn},S = {s1,...s8}. V¢
B is the list of initial detection boxes
S contains corresponding detection scores
N, is the NMS threshold

begin
D+ {}
Before non-max suppression After non-max suppression while B # empty do
9 9 m < argmax S
M by,
Non-Max | D(—DUM;B<—B—M
Suppression |3

for b; in B do

{if iou(M,b;) > N, then
i | B+ B—-b;S+S—s;

i end NMs
8; < 8; f(iou( M, b;
(iou( ) Soft-NMS  §
end
end
return D, S
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Yero cerogHsa He 6b1J10

Two-stage detection
¢ [lepBblit 3Tan — region proposal
® R-CNN, Fast[er] R-CNN, Mask R-CNN

Jpyrue mogenu

L4 I'Iponon)KeHme npo cerMeHTauunto (BKJ'II'OL-IaFI TeKyLLI,IAVI
SOTA)

e [lpyrve 3agaum (pose estimation, text detection &
recognition, Bugeo, ...)

¢ Quantization, yckopeHune nHdepeHca
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