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Description

Nesne tespiti ve ornek boliitleme gibi gorsel tespit problemlerinde daha iyi yontemlerin gelistirilebilmesi igin performans
Olglimii agamasinin biyiik 6nemi vardir. Giinimiizde yaygin olarak kullanilan “ortalama kesinlik” (average precision, AP)
ol¢iitiindn, zayifliklarinin oldugu bilinmektedir. Bu konusmada “ortalama kesinlik” 6lgiitiiniin zayifliklarini gideren LRP
(localization recall precision) hata metrigini sunacagiz. Bu metrigin, AP'nin ve Panoptik Kalite 6lgitiiniin avantajlar ve
dezavantajlarini karsilastirdiktan sonra daha giincel olarak 6nerilmis olasiliksal tespit kalitesi (probabilistic detection quality),
sabit AP, havuz AP, sinir kesisim-boli-birlesim dlgiitii ve eniyi diizeltme masrafi (optimal correction cost) 6lgiitlerini
tanitacagiz. Konugsma genel olarak asagidaki ¢galismalari baz alacaktir.

K. Oksugz, B. C. Cam, E. Akbas, S. Kalkan, “Localization recall precision (LRP): A new performance metric for object detection”,
In Proceedings of the European Conference on Computer Vision (ECCV), 2018.

K. Oksuz, B. C. Cam, S. Kalkan, E. Akbas, "One Metric to Measure them All: Localisation Recall Precision (LRP) for Evaluating
Visual Detection Tasks", IEEE Transactions on Pattern Analysis and Machine Intelligence (PAMI), 2022.
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Intended Audience

Researchers and practitioners working on visual

detection problems:
Object detection

Instance segmentation

Keypoint detection
Panoptic segmentation

Recall

Image source: COCO. Ground truth plots: Detectron2

Interested in the evaluation of visual detectors?
Curious about the limitations of common performance measures?

How can we unify the training and evaluation of visual detectors?



Outline

O Introduction to Visual Detection Tasks, and Motivation
O Performance measures:

O Average Precision (AP)

O Panoptic Quality (PQ)

O Localization Recall Precision (LRP)
U More recent advances:

O AP variants: AP-fixed, AP-pool

O Probabilistic Detection Quality

U Boundary loU

O Optimal Correction Cost
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What is visual detection?

Detections: Each detection d; has

D ={dy,d,,..,dy} -~ catesory,
confidence score and

spatial support

Visual
detector

A 4

An example object detection output:
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Visual Detection Tasks

They may differ in:
- Type of spatial support
- Soft vs hard predictions

Panoptic Segmentation

Image source: COCO. Ground truth plots: Detectron2




Evaluation

Each d; has
_ Detections: - category,
| Visual D = {dy,dy, ..., dy) - confidence score,

detector

- spatial support

How similar is D to G?

Ground-truth: Each g; has
> >G =1{91, 92 > 9u} - category,
- spatial support
Human
annotator
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Intersection over Union (loU): localization quality

A detection d;: A ground-truth g;: d; overlayed on g;:

zebra(0.82)

|intersection |

loU = :
|union|
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Evaluation is important!

Detections:
D = {dl’ dz, e dN}

Visual
detector

How similar is D to G?

Ground-truth:
> G — {glr gZ! '"rgM}

\ 4

Human

* An important factor that drives progress!
annotator

* Should be complete (i.e. properly reflect all

important aspects of performance), interpretable
and practical.
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AVERAGE PRECISION (AP)

The de facto performance measure in visual detection



Average Precision (AP)

Detections D: Ground-truth G: Given a score threshold (e.g. T=0.3), and
a loU threshold (e.g. 0.5), do

zebra'(0.81)

zebra (0.9) 1. Eliminate detections with low scores

NN
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Average Precision (AP)

Detections D: Ground-truth G: Given a score threshold (e.g. T=0.3), and
a loU threshold (e.g. 0.5), do

1. Eliminate detections with low scores
2. Match detections to ground-truth
based on loU

‘ Match! loU>0.5

Match! loU>0.5

Does not match

with any detection!
Does not match with

any ground-truth!
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Average Precision (AP)

Detections D: Ground-truth G: Given a score threshold (e.g. T=0.3), and
a loU threshold (e.g. 0.5), do

1. Eliminate detections with low scores
2. Match detections to ground-truth
based on loU

3. Count true-positives, false-negatives

= Match! loU>0.5 Nrp = 2
Match! loU>0.5 _
Does not match
with any detection! Ngy =1

Does not match with

any ground-truth! |G| = Ntp + Ngy  [D] = Npp + Ngp
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Average Precision (AP)

Detections D: Ground-truth G: Given a score threshold (e.g. T=0.3), and
a loU threshold (e.g. 0.5), do

1. Eliminate detections with low scores
2. Match detections to ground-truth
based on loU

3. Count true-positives, false-negatives

‘ Match! 1oU>0.5 Nrp = 2 Recall = 1G] ~ 3

Match! loU>0.5 —
NFP - 1 — N 2
Does not match Precision = —& = =
with any detection! Npy =1 |ID| 3
Does not match with —

any ground-truth! |G| = Ntp + Ngy  [D] = Npp + Ngp
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Average Precision (AP)

Detections D: Ground-truth G: Given a score threshold (e.g. T=0.3), and
a loU threshold (e.g. 0.5), do

1. Eliminate detections with low scores
2. Match detections to ground-truth
based on loU

3. Count true-positives, false-negatives

1 Recall = 212 - 2
Match! I0U>0.5 Nrp = 2 6 T3
Match! loU>0.5 Nowp = 1
FP = — N 2
Does not match Precision = —& = =
with any detection! Npy =1 |ID| 3
Does not match with Gl= N N Dl = N N -—C‘\A )
any ground-truth! IG1= Nrp + N [D] = Nrp + Nep .9 .
'S
Do a systematic sweep of T, repeat =
y P P a- JRecall
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Average Precision (AP)

AP is the area under the recall precision curve.

4 1.0 -

0.8

0.6 -

Precision

AP: AUC

Precision

0.4

v

Recall 1 0.2 -

0.0 . T T .
0.0 0.2 0.4 0.6 0.

Recall
[Figure from https://nlp.stanford.edu/IR-book/]

PASCAL-style AP

* Sum over 11 points
e loU threshold 0.5, i.e., AP,

* Average over all classes: mAP

COCO-style AP

* Sum over 101 points

e 10 different loU thresholds
in [0.5,0.95], i.e., AP, ...,
AP, ..., APqy,.

* Average over all classes: AP

“Nesne Tespitinde Giincel ilerlemeler” EuroCC-Turkey c¢alistayi — Emre Akbas (2022)


https://nlp.stanford.edu/IR-book/html/htmledition/evaluation-of-ranked-retrieval-results-1.html

Limitations of AP

Localization quality is only loosely
taken into account in AP.

T nce s *aia

| Dtetion 2

T

| Detetion 1

PRI

_— These 3 detections have
Ground-truth

loU>=0.5. So, they are all
equally good for APs,.

o BRI

Detection 3
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Limitations of AP

The AP score itself does not provide any insight in terms of the important performance

aspects, namely, FP rate, FN rate and localization error.
Detector 1 Detector 2 Detector 3

Blue: ground-truth

N9}
Q:) .
g White: true pos.
Orange: false pos.

v 08 0.8 0.8
t [ g { o
S 206 306 306
@ 2 %04
A, «04 a 0.4 T

0.2 0.2 0.2

0 02 04 06 08 1 0 02 04 06 08 1 % 02 04 06 08 1

o Recall Recall Recall
= Total | Loc | FP | EN Total | Loc | FP | EN Total | Loc | FP | EN
S
£ AP | 050 | NA | N/A | N/A AP | 050 | NA | NA | N/A AP | 050 | NA | NA | NA
~
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LOCALIZATION RECALL

PRECISION (LRP) — ERROR
METRIC

* Oksuz et al, “Localization Recall Precision (LRP): A New Performance Metric for Object

Detection”, ECCV2018.

* Oksuz et al, “One Metric to Measure them All: Localization Recall Precision (LRP) for

Evaluating Visual Detection Tasks”, TPAMI 2021.
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Localization Recall Precision (LRP)

Detections D: Ground-truth G: Given a score threshold (e.g. 7=0.3), and
a loU threshold 7 (e.g. 0.5), do

1. Eliminate detections with low scores
2. Match detections to ground-truth
based on loU

3. Count true-positives, false-negatives

NTP:2 NFP:1 NFN:1

Match! IoU>0.5 Match! loU>0.5

Does not match with  aliminated Poes not matf:h
any ground-truth! with any detection!
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Localization Recall Precision (LRP)

Detections D: Ground-truth G: Given a score threshold (e.g. 7=0.3), and
a loU threshold 7 (e.g. 0.5), do

1. Eliminate detections with low scores
2. Match detections to ground-truth
based on loU

3. Count true-positives, false-negatives

NTP:2 NFP:1 NFN:1

Total matching error 1 1—1qg(i

Total sources of error Z 1—171

iIETP

Z = Ngy + Npp + Npp lg: localization quality, e.g., loU
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Localization Recall Precision (LRP)
LRP can be expressed explicitly in terms of its components:

1
LRP(G,D) = ~ ( WiocLRPLoe +WpnLRPpy + wigpLRPgp )

Localization error: Recall error: (1 - recall) Precision error: (1 — precision)
N N N N

. LRPpy = 1 — 1P — FN LRPgp = 1 — TP _ FP

LRP . = — z 1—1g0) |G| Ngy + Npp |ID|  Ngp + Ntp
Nrp \.
LETP

Wioc = 1NTP wry = 1G] wgp = |D|

T




Localization Recall Precision (LRP)

A systematic sweep of confidence threshold T yields the s-LRP curve:

2

1 o e e e - e o p—
\ P 1
J
V 4

LRP

v

0 s* 1
Confidence score threshold

OLRP = Minimal achievable LRP error.

oLRP is interpretable, gives insights
through its components:

- OLRP,

- OLRPgp

- OLRPgy

More on the analysis of LRP and how it
addresses all the limitations of AP in Part 2

More on how LRP can be used as a training
objective in Part 3
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Localization Recall Precision (LRP)

LRP can be applied to other visual detection tasks.
You just need to define an appropriate localization quality function.

e.g., keypoint detection ; ;
. exp(—||ky — ky||?)

1 1—1q(i)
LETP

(D Oksuz et al, “One Metric to Measure them All: Localization Recall Precision (LRP) for Evaluating Visual Detection Tasks”, TPAMI 2021.
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PANOPTIC QUALITY

Kirillov et al., “Panoptic Segmentation”, CVPR2019.
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Panoptic Quality (PQ)

Unlike AP, and similar to LRP, PQ propery takes into account recall, precision and
localization.

N
1 TP

Z loU (g’i ) dgi )

1=1

PQ(G,D) =
UG, D) Ntp + :Npp + 3 Npy
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Panoptic Quality (PQ)

PQ = Z(p,g)eTP loU(p, ) v, | TP
| 7P| [ TP|+ |FP|+ §|FN]|
Segmentation Quality Recognition Quality

Interpretable -> Segmentation (localization) and recognition quality. But limited
since recall and precision is not explicitly given.

Limited to hard-predictions (those without confidence scores).
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MORE RECENT ADVANCES



AP variants:; APfixed - pAppool

Standard AP implementations (e.g., as in
COCO) limit the number of detections per
~ image.
This creates problemes:
 rare classes are disfavored -- they usually
have lower confidence scores.
. * Cross-category confidence calibration is
ignored.
» AP for a single class is not really
Figure 1. The standard object detection average precision AP)  jndependent from other classes.

implementation can be gamed by an unintuitive re-ranking
strategy.

Baseline +

(D Dave et al., “Evaluating Large-Vocabulary Object Detectors: The Devil is in the Details”, 2022
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AP variants: APfixed  Appool
Apfixed:
Instead of limiting # detections per image, limit it per
class over the entire dataset.
» Ensures class-independent evaluation

» But cross-category score calibration is ignored.

Dave et al., “Evaluating Large-Vocabulary Object Detectors: The Devil is in the Details”, 2022
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AP variants: APfixed  Appool
» Standard AP and APfixed compute AP per class, and
then take average.
» This ignores cross-category score calibration.

» To reliably take this into account, APP°°/ pools
detections from all images of all classes and a single
recall-precision curve is computed.

» Rewards properly calibrated detectors.

(D Dave et al., “Evaluating Large-Vocabulary Object Detectors: The Devil is in the Details”, 2022
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Probabilistic Detection Quality (wacv2020)

g '= 'E A ground-truth item A detection

£ LB

§ i § /

- N

2 =3 oPDQW!, D)) =/Qs(6], D)) Qu(g!,D)).
%) |y | \ ) | Y J

|
Spatial quality Label quality

Bounding Box Gaussian Corners  Bounding Box Spatial Probabilities

Probabilistic object detection

1
PDQ(G.D) = =x Z Z a’
’ f / f
> =1 Npp+ Npy + Npp 5—1 5
Spatial quality can take into account the mask of the object

PDQ can evaluate probabilistic spatial outputs.
(D Hall et al., ” Probabilistic Object Detection: Definition and Evaluation”, WACV2020.
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Boundary loU

For evaluating instance
segmentation.

MaskloU does not capture the

Ground Truth (LVIS [16]) Mask R-CNN [17]
m m boundary quality.
BMask R-CNN [8] PointRend [22]
Mask R-CNN  BMask R-CNN PointRend
Mask IoU 89% 92% (+3%) 97% (+8%)
Boundary IoU 69% 78% (+9%) 91% (+22%)

(D Cheng et al., “Boundary loU: Improving Object-Centric Image Segmentation Evaluation”, CVPR 2021
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Boundary loU

r

(GanG)N (PanP)| )

Area
k Ground Truth Prediction L 5
{QN\D Boundary IoU = = =

. |(Ga N G) U (Pg N P)

Area

- J

Given ground truth mask G and prediction mask P, Boundary loU first computes the set of the original masks' pixels
that are within distance d from each contour, and then computes the intersection-over-union of these two sets:

(GaN G) N (PyN P)
(GaNG)U (PyN P)|’

Boundary IoU(G, P) =

where boundary regions G4 and P, are the sets of all pixels within d pixels distance from the ground truth and
prediction contours respectively.

(D Cheng et al., “Boundary loU: Improving Object-Centric Image Segmentation Evaluation”, CVPR 2021
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Detector B Detector A

Detector C

A
)

OC-cost: 0.29

Optimal Correction Cost (cvpr2022)

OC-cost: 0.45

OC-cost: 0.38

o

OC-cost: 0.32

[ W Duck|0.6

L 4

mAP?T  OC-cost |

Best

(11 0.37

(0.56, 0.0)
/[
AP . AP

OC-cost: 0.6

duck donky
OC-cost: 0.6

OC-cost: 0.51

0.28

0.51

-

(0.56, 0.0)

OC-cost: 0.6

OC-cost: 0.076

Donkey|0.8

Donkey|0.8
Donkey|0.7

Best

0.40

(0.0,1.0)

Otani et al. “Optimal Correction Cost for Object Detection Evaluation”, CVPR2022
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Optimal Correction Cost (cvrr'2022)

OCC: cost of optimal transportation between detections and ground-truth.
Ground truths

' ”
il () 24 48
|
o o o o o o e o o

Dummy ground truth

o
B

Detection result

Normalized optimal transportation plan

6171 fru fﬁ-l.”“
. Iﬁ"L,‘]
Ci,j : " —_—
“ L]

Unit correction cost C; ; - . . —T
Classification cost + Localization cost . . . ESE IR IR IR (| X

person | 0.8 Cmdf eee | coe| oo [Cmyn : ¢

per50n|1.0 /6 o o o o o 0 e o 0 o o 0 /8 - m+1 n+1 _

OC-cost ¢ = E E CijT 5
Dummy detection Cost matrix =1 j=1

OCC can measure accuracy per image.
(D Otani et al. “Optimal Correction Cost for Object Detection Evaluation”, CVPR2022
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For all materials & more info: https://sites.google.com/view/performance-measures-cvpr2022/

Performance Measures in Visual Detection and
Their Optimization

Tutorial overview

il

Emrékbas, SinanﬁKaIkan, Keml Oksuz

MIDDLE EAST TECHNICAL UNIVERSITY «
DEPARTMENT OF COMPUTER ENGINEERING /4
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Outline for the Tutorial

O Part 1: The Basics of Evaluating Visual Detectors
* Motivation and Introduction on Visual Detection Tasks
e Performance Measures in Visual Detection: Average Precision (AP), Panoptic Quality
(PQ) and Localization Recall Precision (LRP).
 Recent Advances: AP-fixed, AP-pool, Probabilistic Detection Quality, Boundary loU,
Optimal Correction Cost

O Part 2: An Analysis of Performance Measures and Localization-Recall-Precision Error

* An Analysis of Performance Measures
* Localization-Recall-Precision Error

O Part 3: Optimization of Performance Measures
* Identity Update to Optimize Ranking-based Loss Functions
* AP Loss for Object Detection

* Average LRP Loss for Object Detection
* Rank & Sort Loss for Object Detection and Instance Segmentation
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