Pattern Recognition VII

Classification Performance Assessment

Michal Haindl

Faculty of Information Technology, KTI
Czech Technical University in Prague
Institute of Information Theory and Automation

Czech Academy of Sciences
Prague, Czechia

UTiA|

http://ro.utia.cz/

Outline

@ Postprocessing
@ Thematic Map Filtration

@ Performance Assessment
@ Bayesian error
@ Contingency Table
@ ALI - kNN Classifier
@ Error Probability Estimation
@ Experimental Comparison of Classifiers
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P ™ P ™

thematic map - matrix whose elements are class indicators
objective to increase TM homogeneity, P(error) \, using a prior
knowledge

Requirements

e P(error) ™\
e f:Q — Q, not injective

Dome London
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Examples

@ an alternative low-pass filtering of a feature space
- | . - .

I 13 x 13
© between-class object generation (mixels)

© localization precision reduction

@ majority filter
@ median filter
@ HFIL, controllable 2D
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Examples
@ an alternative low-pass filtering of a feature space

@ majority filter

Examples
@ an alternative low-pass filtering of a feature space

@ majority filter

o o o 5 9 3 S ONES o o o @ median filter
13 20 25 — 13 5 25 ° 5 9 3 ceoeoe 5 90 3
e o o ® 1 B 6 1 5 ®nieiie 163 210 255 %135569132025% 163?255
© median filter e HFIL, controllable 2D
e HFIL, controllable 2D
(OTiA]
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P ™ PA BE CT ALI EPE ECC
Examples
@ an alternative low-pass filtering of a feature space How goc?d is our classifier? -
AR Can we improve our recognition rate?
@ majority filter i i .
i (Preprocessing, postprocessing, trainee set, data model, features,
o median filter learning, classifier, context, ensemble of classifiers, etc.?)
@ HFIL, controllable 2D
[} [ ] [ [ ] [ ] [ [} [ [ J [ ] [ ] [ [ ] [ J [ ]
[ ] [ J [ J [ ) [ J [ [ J [ ] [ ) [ ] [ J [ J [ J
[} [ ] [ o [ [} [ ] [} [ ] [} [ ] [ [ [ ] [ ]
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How good is our classifier?
Can we improve our recognition rate?

@ Subjective Evaluation (human evaluator)
@ Objective Evaluation

e Analytical Methods
e Empirical Methods

© M. Haindl MI-ROZ - 07
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@ lack of inherent superiority of any classifier (context & usage
dependent)
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@ lack of inherent superiority of any classifier (context & usage
dependent)

@ important — prior information, data distribution, training set
size, cost function
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@ lack of inherent superiority of any classifier (context & usage
dependent)

@ important — prior information, data distribution, training set
size, cost function

@ off-training set error estimation
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@ lack of inherent superiority of any classifier (context & usage
dependent)

@ important — prior information, data distribution, training set
size, cost function

@ off-training set error estimation

@ no assumptions — no prefered feature representation

PA BE CT ALl EPE ECC

Bayesian error probability - only numerical solution

P(error) =1 — /

_max {P(w;)p(X|wj)}dX
s Jj=1,...K
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maximum dissimilarity sampling
Class 1 Class2 = Class 1 Class2 =
L 1 L 1 1 L 1 1
I I iy
Required properties: 0.6 . 0.6 0 .
@ representative @ - ., " | O " ik
B 049 oo . 2 - 3044 3 3 F
@ random data selection ¥ . _‘g., : 3 $16 5 o
~ | o i) | | | '='? L
e card(T;) — oo 02 ﬂ" 1 21,9 s
' g 1213
0.0 T -.I. T T 5 0.0 T |6 T T A
0.0 0.2 0.4 0.6 0.0 0.2 0.4 0.6
Predictor A Predictor A
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the most Elissimilar samples — 7~',-
. ={2,3,...}
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O type | error, omission error (misdetection)
occurs for true if assignment is made for w; j#i

Mikes, S. - Haindl, M. Texture Segmentation Benchmark, |IEEE Transactions on Pattern Analysis and Machine
Intelligence ,vol. 44, no. 9, pp. 5647-5663, DOI 10.1109/TPAMI.2021.3075916, ISSN 0162-8828, September,

2022.
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© type | error, omission error (misdetection)
occurs for true if assignment is made for w; j# i

@ type Il error, commission error (false identification)
occurs for class w; if true class is J # i, but assignment
is made to w;

Mikes, S. - Haindl, M. Texture Segmentation Benchmark, |IEEE Transactions on Pattern Analysis and Machine
Intelligence ,vol. 44, no. 9, pp. 5647-5663, DOI 10.1109/TPAMI.2021.3075916, ISSN 0162-8828, September,

2022.
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Contingency table (a confusion matrix, error matrix) C = {C;;}
where p; ; = n'i is the probability that a unit has true class w;
and is assigned by the decision rule to wj

interpretation reference data
il 2 I K
1 ni  np Nk | Ne
2 (7 p) mK | Ne
K nK1 NK2 Nk | NK,e
Ne 1 Ne 2 B no,K
K K
Nie = 2 i1 Nij Nei = D iy Nji
K K
card{T} = E o = E i
—— )
j=1 j=1 (OTiA)
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Contingency table (a confusion matrix, error matrix) C = {C;;}
where p; ; = n'i is the probability that a unit has true class w;
and is assigned by the decision rule to wj

interpretation reference data
1 2 SE K
1 nip nK | Ne
2 " no K no e
K 510 NK.e
Ne. 1 Ne 2 B no,K
K K
Nie = i1 Njj Neji =D i1 Nji

K K
card{T} = Z o = Z i
j=1 j=1
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PA BE CT ALl EPE ECC

interpretation GT reference data
1 2 . K
. 1 nai N nK | Ne
number of omissions for w; = (i = i 5
ni N2 mK | Ne
number of commissions for w; G o= i =t L :
K Nkl NK2 NKK | NK,e
W . Ne 1 Ne 2 s Ne K
number of erroneously classified pixels
K K GT reference data
Ne = § Oj = § Cj : . 2 E = priilsllon GT reference data
1 1 | mi me @me WA | G 1 2 3 4 |precision
J= J= 12 | my mp ma ma| 22 i1 |10 0 4 1| 066
=3 i2 |1 12 1 2 0.75
i3 | n3;1 M2 N33 n3q ,137’ i3 0 1 7 5 0.54
: o i4 |2 3 0 9| o064
4 | ma1 Mo M3z Mg g0 recall [0.77 0.75 058 0.53
recall | L1 ™22 3,3 T4
o Ne,1 "e,2 Ne,3 Ne,4
[1112]
@ M. Haindl| MI-ROZ - 07 12/3 @ M. Haindl| MI-ROZ - 07
PA BE CT ALI EPE ECC PA BE CT ALI EPE ECC
- - @ class accurac
interpretation GT reference data y
nji
1 2 . K caj = ;1) 1t
1 ni o Np nK | Ne 0j + ¢ + nij
2 i e MK | N2e @ interpretation accuracy (recall, hit rate, sensitivity)
. n;;
K coj = (0:1) 1
NKi1 NKp2 NK.K | NK,e o,i
Ne1  Ne2 Ne K

GT reference data Recall matrix Precision matrix

1 2 8] 4 | precision GT reference data GT reference data
il 10 0 4 1 0.66 1 2 8] 4 1 2 3 4
i2 1 12 1 2 0.75 il{0.77 0 0.33 0.06 i1{0.67 0 0.27 0.07
i3 0 1 7 5 0.54 i2(0.08 0.752 0.08 0.12 i2]0.06 0.75 0.06 0.13
i4 2 3 0 9 0.64 i3 0 0.06 058 0.29 i3] 0 0.08 0.54 0.38
recall [0.77 0.75 0.58 0.53 i4(0.15 0.19 0 0.53 i4(0.14 021 0 0.64
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@ object accuracy (precision)

T

i®

CcCi =

@ overall classification accuracy

K
1
oa = —Zn--
n 4 i
J=1
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97 Single Object
. . . sk Multiple Object
@ mean square root proportion estimation error
07
1 1l
1 : i ’ |
Nie  Njj % o5}
m= |— E (22 -2y 10?2 =- _E (g —9)*| 107 .
K < n n n| K+ 04l
Jj=1 J=1
03} .
e 3 views ey ~
@ mapping score 02l | ———5views e, BT .
7 views I
- o1t
1,@
ms; = 1.5co; — 0.5— <17 0 o
Ne i ] 0.1 02 03 04 05 06 07 0.8 09 1
’ precision
@ if P-R curve; encloses P-R curve, = classifier; is better
. e if P-R curve; intersects P-R curve, — P-R area / specific .
(oAl curve location only
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Precision is the probability that a (randomly selected) retrieved Wl
object is relevant (correct interpretation). ol s O
TP 07t
Precision = ——
TP+ FP e
T osf
Recall (sensitivity) is the probability that a (randomly "l
selected) relevant object (from the class) is retrieved ual
e A R EEEEL R AEEEER A EERR MMM | oo | e 3 views .
in a search. — tol | === 5viewe ST S
7 views T *
Recall = ——— ol TN
TP + FN ' 3
(probabilistic interpretation for the uniform distribution over objects) DD I]I1 DIQ DIS D‘A DIS DIB DI? DIB I]IEI 1‘

precision
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unequal costs to different errors:
healthy - diagnosis for cancerous patient Dhealthy > Will

ill - diagnosis for non-cancerous patient @jj, Whealthy

PA BE CT ALl EPE ECC

card{T;} > card{T;}

Example:
Gill, < Chealthy, K — 9
LK card{T,} 998 e ie
€rrofcost—sensitive — Z Z (1 i 5(f(X/)7 o‘-)i))cj,i Card{ Tp} = Wpear
J=1 F(Xi)=%; g(Xi) = wapple = erroryppie = 0,002
oo~ o =i
G > 0, otherwise.
(OTiA)
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k=0.75 criteria x100 in [%] R GT, R MS

card{T;} > card{T;}

if possible
undersampling T;

oversampling T;

© M. Haindl

MI-ROZ - 07

i (correct detection (0;1)): [Rm; Rn] iff
Q@ card{RnNR,} > k card{Rn}
Q card{RnNR,} > k card{R,}
CS =67.74%

} OS (over-segmentation (0;1)):
el ole o /e ol Wl ]

OO e 1l sy @k R N R 2 et
@ Y7, card{Rmi N Ry} > k card{R,}
0S =0.0%

© M. Haindl MI-ROZ - 07
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k =0.75
} US (under-segmentation (0;1)):
[Rmi Rats - -5 Rax], 2 <x < N iff
O >, card{RmN Ry} > k card{Rpm}
O Ll e criblRa Ol R = s @l R
US=0.0%

criteria X100 in [%] R GT, R MS

1 ME (missed (0;1)): [R,] iff
@ R, ¢ correct detection
@ R, ¢ over-segmentation

0 R, ¢ under-segmentation

PA BE CT ALl EPE ECC

k =0.75
1 NE (noise (0;1)): [Rm] iff
© R, ¢ correct detection

@ R, ¢ over-segmentation

criteria X100 in [%] R GT, R MS

© R, ¢ under-segmentation
NE = 28.15 %

1 O (omission error — the overall ratio of wrongly interpreted
pixels):

N
O = median { O }
no,i i=1

where O; is the i-th class omission error

0;1) ,

& || = A o N
= median {—(n°" nz7,)}

Ne,i i=1

)

ME =31.61 %
— { )
UTiA O0=174%
@ M. Haindl MI-ROZ - 07 21/3 @ M. Haindl MI-ROZ - 07
PA BE CT ALI EPE ECC PA BE CT ALI EPE ECC

1 C (commission error — the overall ratio of wrongly assigned

pixels):
G\ M e — )"
C = median { } = median {u}
n’i,o | ni,o Al

where C; is the j-th class commission error

(05 L

C=6.67%

1 CA (the weighted average class accuracy):

K
1 n;;n
CA=— 0;1
n ; Ne i+ Nje — My 6
CA =83.44 % UTiA

© M. Haindl
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1 CO (recall, the weighted average correct assignment):
1 1 &
CO e ; z; Ne CO, e ; Zl ng’,' <0, 1>
1= 1=

CO =90.10 %

1 CC (precision, object accuracy, overall accuracy):

il i S m,i Ne,i
CC = ;Zn.,,-cc,-: ;Z—

n/\
i=1 e

(0;1)

CC =92.86 %

© M. Haindl MI-ROZ - 07
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1 L (type | error, the weighted probability of wrong assignment of
classes pixels):

K
1
| ==

= Z (n.y,- i n@,-) =1- CO

(=il

(0;1)

PA BE CT ALl EPE ECC

methods

@ resubstitution (S, apparent) estimate
1iF = iy i

E{P,(error)} < P(error)

[.=9.90 % =S v =0 BrEuoen) —Flemey)
1 1. (type Il error, the weighted probability of commission error):
1 men n;in
|| == 7,0 e i 2,0 e,i .
n Z n— Ne j <0’ 1>
i=1 ’
I.=1.62 %
(oTiA]
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methods @ cross-validation (leave-one-out, U, deleted) estimate
@ resubstitution (S, apparent) estimate . . .
Ti=U;’Ti “TinITi=0 Vk#j
=R card{¥T;} = card{ T;}} Vk,j
E{P,(error)} < P(error) G
=S v =0 Br(Eren) — Femey) i ' |
. T =Ti = {'X} ViXj e T
@ hold-out estimate i i
Tl )
/"LI7 1
N al ()
TinTi=0 vi el ~
card(T;) a2l
E{P,(error)} = ———— I P, (error
E{Py(error)} > P(error) {Pulerron)} card(T;) JZ_; A )
© inefficient data use A A

MI-ROZ - 07
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@ cross-validation (leave-one-out, U, deleted) estimate

leave-one-out

7= Ti - {x} VX € T,
j[zl'a Jil
1 card(T;)
E{P,(error)} = ——— Ip,(error
Pleel= s 3, TR

E{Py(error)} > P(error)

Test sets are independent.
© Training sets are interdependent (significant overlap).
& Computationally demanding.
© Which of the card(T;) classifiers to use?

PA BE CT ALl EPE ECC

@ bootstrap
JT; C T; randomly generated with replacement

ITin'Ti£0 j#1 card{/T;} =n VjeJ
1 card(J
= J
E{Py(error)} =] 2 Py(error)
Simplicity.

Asymptotically consistent (under some conditions).
© Computationally demanding.

© Which of the card(J) classifiers to use (one /
ensemble / complete T;)?

© M. Haindl MI-ROZ - 07 24/3 © M. Haindl MI-ROZ - 07
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bootstrap e
bootstrap - out-of-bag estimate A
if T is created by nx one sample randomly picked from T, the Wty
chance for a training sample not being selected for T: o
[} [ (]
o ]- n 1 [ [} [ J
lim (1——) = = =~ 0.368 ¢ *
n—00 n e i @ @
N ~ A [ J [} [}
shenliifiE RN A= N ORI
\

© M. Haindl
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@ rotation 7 estimate

ji—i:{ixl,...,in} ISJS%(TI)
W A A R = 0 I P, (error)

E{Px(error)} = ni ijPﬁ(error)
Tl
E{Py(error)} > P(error)

j=1—= U method, j = — H method
usually more biased than U estimate but has smaller variance

card(T;)
2

PA BE CT ALl EPE ECC

@ rotation 7 estimate

@ Toussaint's estimator

P:(error) = aE{Px(error)}+(1—a)P,(error)

o= =

i P:(error) ~ P,(error)

© M. Haindl MI-ROZ - 07 25/3 © M. Haindl MI-ROZ - 07
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MSS LANDSAT

MSS4 pm | (green) Bayes classifier X; # X | P(error) [%]

MSS5 | 0.6 - 0.7 um | (red) resubstitution 27.6

MSS6 | 0.7 - 0.8 um | (near infrared) hold-out 33.9

MSS7 | 0.8 - 1.1 um | (near infrared) et e 30.4
Toussaint v = 0.5 28.9

Gl =4l =7
(clover, wheat, wood, water, maize, residential area, grass)
194 < card(T;) <1525 p(w;) =2

© M. Haindl
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PA

BE CT ALl EPE ECC

Bayes classifier ; # ¥; | P(error) [%]
resubstitution 27.6 ™ LANDSAT
hold-out 33.9 TM1 | 0.45 - 0.52 um | (blue)
rotation 30.4 TM?2 pm | (green)
Toussaint o = 0.5 28.9 TM3 pm | (orange)
TM4 | 0.76 - 0.9 um | (near infrared)
_ TM5 | 1.55 - 1.75 pm | (short wave infrared)
classifier Presubstitution(error) [%] TM7 | 2.08 - 2.35 um | (infrared)
R DY 27.6 TM6 | 10.4 - 12.5 um | (thermal infrared)
NEED Y 32.4
xj = diagl.. ] 29.6 8 bits/pixel (256) , 30 x 30 m? (120 x 120 m® TM6) 460 Mbit
Yi=1 33.4
(oTiA]
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class | Bayesian Euclidean  linear linearized
T AL Vi) E=1Vi Y, =X Vi classifier
™ LANDSAT T . 502 .
TM1 | 0.45 - 0.52 um | (blue) 2 | o8 0.65 0.45 0.7
TM2 ,LLm (green) 3 0.99 0.82 0.85 0.91
4 i 0.81 0.71 0.8
T™M3 pm | (orange) 5 | 098 0.93 0.9 0.94
TM4 | 0.76 - 0.9 um | (near infrared) 6|1 1 098 1
TM5 | 1.55 - 1.75 um | (short wave infrared) 4 = g;: g:: gzi
TM7 | 2.08 - 2.35 um | (infrared) Al L ST i
TM6 | 10.4 - 12.5 pm | (thermal infrared) 10 | 097 097 09 096
L3l i 0.89 0.89 0.91
12 il 0.91 0.9 0.93
K =15, d =7, Bayes classifier ¥; # ¥;, resubstitution )l 0.6 0.89 0.9
14 0.92 0.88 0.9 0.91
1. water, 2. red clover, 3. white clover, 4. wood, 5. wheat, 15 | 0.95 0.58 023 0.65
6. maize, 7. mixture, 8. millet, 9. grass, 10. harvested rapeseed, accuracy | 0% 081 079 088
11. rapessed, 12. sugarbeet, 13. wheat Il, 14. mixed clover,
15. residential area oa=0.774 # = 2337 khat = 0.772 =—ef{i

© M. Haindl
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K Reference Data K Reference Data

) 1 2 3 3 5 & [ 7 [ 8 ] 9 10 L] 2] B [1&] 5[ n
L 2 3 : > 6 | 71819 W0 U BIBIWIDBE YN 7 T T o @ 2[5 3 5 [ 3 [ 5 6 [ 47 3] 3

T o T [ 2 [ of [ 7 | 2L | 5 [ 3 [ 5 [ 3 [ 10 [ 5 6 | & 7 |13 3%
N| o1 9 | o 0 0 0 o oo o o |o]| o|o]o] o 49

N |1 4 | o 0 0 0 o oo ol o |o]| o|o]o] o 49
T | 2 o | 66 | o 0 1 o [s|e|w|] o || o |00 e 88

T 2 o | 66 | o 0 1 o | s |o || o |o]| o o]o] o 88
E | 3 0 o |57 | o 1 o |oflo|o| o |o]| o]o]o] o 528

z | = 0 o [ 527 | o i o loe|e|o| o |o|o|o]o]| o 528
R | 4 0 0 o || @ o le|e|e| e |o|o|e]ao]| s 199

R | 4 0 0 o ||| @ o lo|o|ce| @ |0 o |00 s 199
P | 5 0 2 3 o |z | o |oe|]eo|e|] o |0 o|ola]| s 243

P | 5 0 2 3 D |z | o |lo|le]|o| @ || e |o0]o]| e 243
R 6 0 0 0 0 o |ww|o|o]|i|] o |00 |o]a]|e 108

R| 6 0 0 0 0 o |lww|o|e|i|e|o|] e |o]o]e 108
E| 7 0 1 0 0 0 o || e a| o || o |00 e 69

z| 7 0 1 0 0 0 o |a|o|a]| e |0 o |00 o 60
T | 8 0 0 0 0 0 o |o|=m|e| 2 |0 o |00 2 53

T || ® 0 0 0 0 0 o |o|=m|e| 2|0 o |00 2 53
Al o o | 57| o 0 a o |1 ]of7m| o |o| o oo o 132

Al o o | s7 | o 0 4 o |1 |o|7| o |o]| o|o]o] o 132
T |10 0 0 0 1 0 o o] 2]0 13| o0o| oo o] 1w 116

T | 10 0 0 0 1 0 o | ol 2] 0 13| o] o | o] o] 10 116
1| 1 0 0 0 4 0 o | o|lo|o| o 4] 0o |o0o|o] 1 45

L1 0 0 0 4 0 o |oflelle] @ |@| @ |0 o] 2 45
ol 12 0 0 0 0 0 o le|e|oe| o |0|=|0|]ac]| e 52

o 12 0 0 0 0 0 o [oe|oe| @ |o0|=|0]o]| o 52
N | 13 0 0 0 0 0 o | oo o o o] o |3]1]| 2 34

N | 13 0 0 0 0 0 o lofofol| oo o |3]|1]| 2 34
n 0 o o o o o lololol i loloaldlals pa 14 0 0 0 0 0 o |oflo|o| 1 |o]| o os]| s 87
e i 5 i 5 i s s s A S A o 15 0 0 0 0 0 o lollello]l @ @] @ | o 7] s 50
e ] 53 | 148 | 621 | 273 | 262 | 202 | 73 | 57 | 94 | 115 | 45 | 58 | 35 | 90 | 211 || 1808 | _ "e.i 23 W4 S| I i 275 2 2 | 202 7 0 740 . I O 2 5 0 L5 5 S5 L OOMN 2 110 || IR L6505
a 9 | 39 | 8 | 70 | 87 | 97 | 82 | 83 | 45 | 8 | 80 | 90 | 82 | 84 | 23 % & I N Pl R G R R N E R o o Ch o (e .- %
a5 92 | 45 | 8 | 71 | 90 | 98 |83 | 88 | 74 | 90 | 80 | 90 | 8 | o0 | 23 % &y BB | BT DB | D | D D A %
e wl ol aelelal|lalalalalslolalsl s o g 100 | 75 | 100 | 97 | 97 | 99 | 93 | 94 | 53 | 89 | 89 | 100 | 91 | 93 | o8 %

2. red clover x 9. grass 15. residential area
— N R ) )
o = LT # = 2337 it =072 UTiAY 0a = 0.774 # = 2337 khat = 0.772 oris)
© M. Haindl | MI-ROZ - 07 30/3 © M. Haindl | MI-ROZ - 07
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- . ok —
— ?
15. residential area 0. unclassified
2. red clover 0.23 0.64

0.45

MI-ROZ - 07
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Testing set choice - different testing sets may rank differently
classifiers. Thus conclusions drawn from a single test
set can be unreliable.

Training set choice - some classifiers (e.g. decision trees, neural
networks) are unstable. Small changes in the training
set can cause substantial changes of the classifier
trained on this set.

Learning randomness - some learning methods have a random

component (e.g. initialization in the backpropagation
algorithm, genetic algorithms). Thus the same T;

PA BE CT ALl EPE ECC

C1 Co | Ny
i 1 | Nip
0 | Nyg two classifiers C1,Co
0 No1
0 0 | Ny
o (s = 0] = OF
X No1 + Nig

if x? > 3.841 then Hy (no difference) is rejected
on the level of significance 0.05

Np1 number of objects classified using C, as , C1 wrong

can produce different classifiers. Nigp number of C; , Co wrong
(OTiA)
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2= (INo1 — Niyo| — 1)
No1 + Nio multiple data sets Dy, D5, ..., Dy & K > 2 — Friedman test

if x2 > 3.841 then Hy (no difference) is rejected
on the level of significance 0.05

No; number of objects - C as , C1 wrong Nyo number of objects - Cq , Cy wrong
Example:

Ci Co Ngp

i 203

1 0 14

0 1 5

0 0 27

2 _ (5141 0% _ 3368 < 3.841
5+ 14 19 [oTia)

Hp accepted - both classifiers are similar
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© M. Haindl

12N
o5 e

(Z ,  K(K+ 1)2>
ri averaged rank of the i-th algorithm

small K, N:

(N — l)sz
TN(K-1) -7,
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PA BE CT ALl EPE ECC

Dataset | A7 A Az
Dy 1 2 3
D; 1 25 25
D3 1 2 3
D, 2 1 3
Ds 1 2 3

7 1.2 19 29

3
60 Wllias
T2 = — (§ 1 ——> —14.6
G 4

4.6 > 4.459,—0.01

i h
4.6 > 3.113,4—0.05 } = hypothesis that A7, A>, A3 have

the same performance is rejected
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