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Context

Goal: Diagnosis and correction of a system without model

Diagnosis of a system without physical model can be achieved with Data-Based
methods

Correction of a faulty system requires isolation/explanation of the fault

—> Data provides meaningful information but important knowledge can be leveraged
from Model-Based Diagnosis

TS ANITI At®S 2



Model based"diagnosis kr‘.lov'vledge
SYSEM

Diagnosis indicator

inputs 70 e v outputs A relation R(a&’, 3'c", ) = r(t), with input x’, a subvector of the observables
u (unknown) —) Y x and output a scalar r named residual is a diagnosis indicator d if, for each
f: faults x measured in the system under nominal conditions, the relation is fulfilled,
i.e.,, ¥ = 0 (or tends to 0 when time tends to oo in the case of a dynamic
obs system)
Diagnosis indicators (Analytical Redundancy Relation):
X: e vars
nknown)
Model ——)> Relations R(obs) = r(t) such that thm r(t) = 0 for all obs consistent with normal behavior.
A

T Faulty | Faulty | Faulty | Faulty | Faulty
F T M1 M2 M3 Al A2
— U
inputs  C B :m outputs R1:A.C+B.D-F=0
T R2:EC+B.D-G=0 0 o X X 0 X

D G
R3:AC—-EC-F+G=0 0 X 0 X X X
W
E
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Problemgand objective

Let D = {(x!, 1))} a dataset of labeled samples with
 x' € R"™ avector of observable variables
« AeA= {Ak}k=0..npthe set of labels with 4, the nominal label and 4, ..., Ay, the faulty labels associated to

faults Fy, ... By,
Fault Diagnosis Objective (case of maximal diagnosability*)
Based on observable variables obs, find a function that partitions D into a set of classes C so that

* Faulty samples are separated from nominal samples (detectability)
* Faulty samples labeled by 4; are separated from faulty sampled labeled by 4y if j # k (isolability)

*If some faults are non detectable or non isolable = find the best solution
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Data based diagnosis: mqlt.ii/ariate decision trees

SYSTEM

inputs outputs

X : state vars
) l f : faults y
§ obs ﬁ ’

Diagnosis tests:

Nominal data

{ Fault2
data

, Dataset Faultd
\ data
data data
R(obs) = r(t) such that L]im r(t) =0 ﬁ/
—>00
for all obs consistent with normal behavior. Symbolic

Nominal data
classification

Relation 2

Relation 1 ‘
Fault3 Fault2
data data
Faultl Faultl
data data

Relation 3

Nominal data

Fault4 Relation 4f Fault5

data data
LAAS
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DT4X — Eron Class'Separation to Data-Based ARRs

* Other methods = seek separators between classes
* Our method = seeks relations of the form R(obs) = 0 that are satisfied by some classes and not others

Conceptual shift
* Inspired by ARRs for model-based diagnosis
* Nodes generate non-linear multivariate expressions representing input-output relations of the system

Interpretability & Diagnosis
* These expressions reflect system’s physical reality, not just data separation
* In fault diagnosis, input-output relations are known as ARRs and used as fault indicators

—> DT4X discovers what we defined as data-based ARRs i.e fault indicators discovered from data

LAAS
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Symbolig,cldassification” g 4

Known or chosen by the user

Algorithm to estimate a function f = t o f such as:

unknown
f t
x = (x,%x, ...,%,) € R » a€R > label € {0, 1}

/ Genetic algorithm \
' Dataset D of p pairs (x, label) | (" . ) R (" )
::::::::::::::::::::::::::::::::::::::::::::::::‘,I Symbollc f(X) £
' Set of operators Regressor >
(exi4, %/, sin, arctan, In, %) > Candidates 2 Class 0/1
heeshold e S J \ J
Thresholde L Symbolic classification )

Evaluation of the candidate c with the log-loss fitness function

Fitness(f) = ! 2 [label * In (t(c(x))) + (1 — label) * In (1 — t(c(x)))]

(x,label)ED
Stopping condition
IF Fitness(f) < € THEN algorithm stops and f is « found » ~ ELSE Mutate(f) AND Repeat
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DT4X: Diagnbsis Tree for'ex'plainability

Diagnosis

Meta-knowledge \ \
Symbolic
classification

Train a symbolic classifier to find f

LAAS
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DT4X - Principle,

Dataset
LAAS
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DT4X - Rrinciple,

Select 2 labels
(preferably the nominal label)

LAAS
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Dataset
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DT4X - Rhinciple,

LAAS
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DT4X - Rhinciple,

Reducing the majority label

0O

LAAS
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Balancing sets

H’

Increasing the minority label
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DT4X -Principle,

Label=1 Label =0

LAAS
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DT4X -'Principle,

A

Use symbolic classificationtofind f =t o f

Label=1

» a€R

Label =0

LAAS
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DT4X -Principle,

f ¢

Label=1 ie 0 meta-

knowledge of
"~ model-based

\ diagnosis

Label =0 —

-€ O + £

€ is a hyperparameter of DT4X

LAAS
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V
DT4X - Rainciple, *

f is found

LAAS
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f is not found
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DT4X - Rrinciple,

f is found

LAAS
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f is not found

Choose another pair

Dataset




DT4X -Principle,

f is found

LAAS
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Repeat steps

f is not found
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DT4X - Rhinciple,

f is found f is not found

Repeat steps

Label=1

~
(‘f

aeR

Label=0

LAAS
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DT4X -Principle,

f is found f is not found

Repeat until you find f

Choose a pair

@ : Labe' = 1 @ .
f t -

" aelR
@ Label =0

Symbolic classification Balancing sets

LAAS
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DT4X - Rhinciple,

f is found f is not found

IF
all pairs have been tried on
AND
f is not found

THEN
Stop the algorithm

LAAS

o= /INITI AtSS 21



DT4X - Rrinciple,

f is found

The entire
dataset is
evaluated by

tof

LAAS
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Dataset

f is not found

Repeat until you find f

Choose a pair

o'
ey il

" aelR
w Label =0

t

Symbolic classification

Balancing sets
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f is found

LAAS

_o=- /INITI AUSS

)

f is not found

Repeat until you find f

Choose a pair

@ : Labe' = 1 @ .
f t -

" aelR
w Label =0

Symbolic classification

Balancing sets

23



f is found

The decision
tree appears

LAAS
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f is not found

Repeat until you find f

Choose a pair

- @ .

Label =0

: f t
" aelR

Symbolic classification

Balancing sets
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f is found

Repeat the
process with the
new nodes

LAAS

_o=- /INITI AUSS

f is not found

Repeat until you find f

Choose a pair

- @ .

Label =0

: f t
" aelR

Symbolic classification

Balancing sets
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Data-based ideal pr’oper‘tips'

Let D = {(x%, 1))} a dataset of labeled samples with
 x' € R"™ avector of observable variables

« NeA= {Ak}k=0.nythe set of labels with A, the nominal label and 4, ..., Ay, the faulty labels associated to
faults Fy, ... B,

Data-based ARR

A relation R(a&’, x', ) = r(t), with input x’, a subvector of the observables x and output a scalar r, named residual, is a data-
based ARR for the dataset D if, for all x such that (x,A,) € D, it holds thatr =, 0.

LAAS
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Data—base'd.liti‘eal, propefties’

Let C be a set of classes
Based on observable variables obs, we partition D so that there exists a surjective application §: R™ — C such that S(x‘) = C!

A fault Fj, associated to label A, is data-based detectable on a dataset D if and only if there exists a surjective application
d: R™ - C such that
V (x,A4) €D,k +0,V (y,A,) € D,6(x) # 6(y)

= A fault Fy, is said to be data-based detectable on a dataset D if there exists a surjective application that matches
faulty samples labeled A;, and nominal samples labeled A, to different outputs. Otherwise, it is non-detectable.

Two faults Fj and F, associated to labels A; and 1 are data-based isolable on a dataset D if and only if there exists a surjective
application §: R™ — C such that
Vv (x,4;) €D,V (y,A) € D,6(x) = 8() (j # k)

- Two faults are data-based isolable if there exists a surjective application that matches faulty samples labeled by the 2
different faults to different outputs. Otherwise, they are non-isolable

Data-based diagnosability on D: data-based diagnosability encompasses both data-based detectability and data-based
isolability.

LAAS

o= /AINITI AtOS 28



U . ' ‘
Data—based.p‘rac,tice}I.prc‘)p.erfies

A relation R(J&’, x', ) = r(t), with input x’, a subvector of the observables x, and output a scalar r, named residual, is a data-
based ARR for the dataset D if, for at least a proportion a €]0, 1], @ = 1 of samples x feraltx-such that (x, 1) € D, it holds
thatr =, 0.

A fault Fj, associated to label 1, is data-based detectable on a dataset D if and only if there exists a surjective application
§: R™ — C such that at least a proportion a €]0, 1], @ = 1 of samples x and of samples are such that
(x,Ax) € D,k #0,(y,20) € D, 6(x) # 6(y)

Two faults Fj and F, associated to labels A; and 1 are data-based isolable on a dataset D if and only if there exists a surjective
application §: R" — C such that at least a proportion a €]0, 1], a = 1 of samples x and of samples y are such that

(x,4) €D,y 4) € D, &(x)#6() (J#k)

Data-based diagnosability on D: data-based diagnosability encompasses both data-based detectability and data-based
isolability.
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Data—based‘diég‘noS(qbiIity deduced from DT4X tree

Let T be the decision tree produced by DT4X, and L(T) the set of its leaf nodes
D; = {(x,A) € D, x reached leaf L} the subset of samples assigned to leaf L
L; ={A,(x,A) € D, }is the set of labels in leaf L

A fault F, associated to label 4, is data-based detectable iif:
VLeELT),AEL, = A, & L,

—> A fault Fj, is said to be data-based detectable on a dataset D if no leaf contains both nominal and 4;, labels
Otherwise, it is non-detectable.

Two faults F; and Fj associated to labels 4; and A are data-based isolable iif:
VLeEL(T),A € L2, ¢ L;

- Faults F; and F, are data-based isolable if their labels never appear together in the same leaf. Otherwise, they are non-
isolable.

 Data-based detectability and isolability are induced by the structure of the DT4X tree
O They depend on how data samples are grouped into leaves that correspond to distinct behavioral relations R(obs) =, 0
L Diagnosability is not infer from a model but directly from data through the DT4X tree = data-based diagnosibility

LAAS

_e== /INITI AtSS



LAAS

o=~ /INITI A%SS 31



tof,(x)=1

Predicts the class of a tofr(x)=1
new sample tofz3(x)=0
Label is F4 !

LAAS
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Polybox

Type: static
Known ARRs: yes
Data: simulated

A >
‘ M1 a
Al > F
B >—
C ,': M2 B
D >
A2 » G
M3 Y
E >

Louis Goupil, Elodie Chanthery, et al. (2023). "Tree based diagnosis enhanced with meta knowledge". In: 34th
International Workshop on Principles of Diagnosis (DX'23).
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PolyBoxgRestilts — SinglepFaults

M1

:A*C+B*D—F=0 0 0

R2:E*C+B.D-G=0 0 0 X
0 X 0 X X X

X 0 X

R3:A*C—-E*C-F+G=0

f, =B*D+E*C-G

B*D + E*C - G
Sample repartition during training:
fault 0 (Nominal) occurrences: 723
fault 1 (M1) occurrences: 125
fault 2 (M2) occurrences: 139
fault 3 (M3) occurrences: 155
fault 4 (Al) occurrences: 144
fault 5 (A2) occurrences: 148

f1 —_A*C-B*D +F / . fl —A*C+B*D-F

A*C + B*D-F

-A*C -B*D + F
Sample repartition during training: Sample repartition during training:
fault 0 (Nominal) occurrences: 723 fault 2 (M2) occurrences: 139
fault 3 (M3) occurrences: 155

fault 1 (M1) occurrences: 125
fault 4 (Al) occurrences: 144 fault 5 (A2) occurrences: 148

=0 =0

=0 =0

Diagnosis in this leaf: M2
Sample repartition during training:
fault 2 (M2) occurrences: 139

Diagnosis in this leaf: M3
Sample repartition during training:

fault 3 (M3) occurrences: 155
fault 5 (A2) occurrences: 148

Diagnosis in this leaf: Al
Sample repartition during training:

fault 1 (M1) occurrences: 125
fault 4 (Al) occurrences: 144

Diagnosis in this leaf: Nominal
Sample repartition during training:
fault 0 (Nominal) occurrences: 723

Nominal Fault M1 & Fault Al Fault M3 & Fault A2 Fault M2

LAAS
o=~ /INITI AtSS
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LAAS
CNRS -~

Polyboxes Siffgle fadis

f1—score =

Accuracy =

Optimal minimal

Method Accuracy | F1 - scores | Inference Time Extra parameter:
tree depth
HHOCART 0.49052 0.35725 0.18s 20
CcO2 0.51045 0.36537 0.09s 4
Oblique L-BFGS 0.53938 0.47204 0.002s 25
0oC1 0.49534 0.33698 2.78s 15
RandomForest 0.41241 0.33375 0.07s Default
LogisticRegression 0.49309 0.32568 0.003s Default
NaiveBayes 0.49309 0.32568 0.01s Default
SVC 0.49309 0.32568 2.66s Default
KNN_Classifier 0.47219 0.36238 0.04s Default
Stree 0.50787 0.36471 1.6066s 15 kernel="rbf’
XGBoost 0.57666 0.50772 0.02s 6 n_estimators=200
max_expression_hei;
SREDT 0.79781 0.77761 0.0009s 5 function_set=
(’mul’, ’add’, ’sub’)
DT4X % 0.79909 0.73210 0.00074s 3

2TP

TP+TN

P+ N

True label

* DT4X also finds the analytical expression of model based ARRs

ZINITI AtOS

2TP + FP+ FN

2 3
Predicted label

300

250

200

150

100

50

35



BoxgResults —Doub

m

o

=A*C+B*D-F

A*C + B*D -F

Sample repartition during training:

fault O (Nominal) occurrences: 5456
fault 1 (M1) occurrences:
fault 4 (Al) occurrences: 356

fault 8 ([M1, Al]) occurrences: 353

Diagnosis in this leaf: Nominal
Sample repartition during training:
fault 0 (Nominal) occurrences: 5456

LAAS
CNRS

Diagnosis in this leaf: M1

Sample repartition during training:
fault 1 (M1) occurrences:
fault 4 (Al) occurrences: 356

fault 8 ([M1, Al]) occurrences: 353

le =S

E*C + G
ition during training:
al) occurrences: 5456
) occurrences: 368
fault 2 (M2) occurrences: 358
fault 3 (M3) occurrences: 379
fault 4 (A1) occurrences: 356
fault 5 (A2) occurrences: 364
fault 6 ([M1, M2]) occurrences: 360
fault 7 ([M1, M3]) occurrences: 363

fault 8 ([M1, Al]) occurrences: 353
fault 9 ([M1, A2]) occurrences: 363
fault 10 ([M2, M3]) occurrences: 351
fault 11 ([M2, Al]) occurrences: 365
fault 12 ([M2, A2]) occurrences: 349
fault 13 ([M3, Al]) occurrences: 361
fault 14 ([M3, A2]) occurrences: 377
fault 15 ([Al, A2]) occurrences: 364

-A*C - B*D + F
Sample repartition during training:
fault 2 (M2) occurrences: 358
fault 3 (M3) occurrences: 379
fault 5 (A2) occurrences: 364
fault 6 ([M1, M2]) occurrences: 360
fault 7 ([M1, M3]) occurrences: 363
fault 9 ([M1, A2]) occurrences: 363
fault 10 ([M2, M3]) occurrences: 351
fault 11 ([M2, Al1]) occurrences: 365
fault 12 ([M2, A2]) occurrences: 349
fault 13 ([M3, Al]) occurrences: 361
fault 14 ([M3, A2]) occurrences: 377
fault 15 ([Al, A2]) occurrences: 364

368

Diagnosis in this leaf: M3
Sample repartition during training:
fault 3 (M3) occurrences: 379
fault 5 (A2) occurrences: 364
fault 14 ([M3, A2]) occurrences: 377

368

R1
R2
R3

:A*C+B*D—-F=0

X

) =

Diagnosis in this leaf: M2
Sample repartition during training:
fault 2 (M2) occurrences: 358
fault 7 ([M1, M3]) occurrences: 8
fault 9 ([M1, A2]) occurrences: 10
fault 13 ([M3, Al]) occurrences: 11
fault 15 ([Al, A2]) occurrences: 10

A*C-E*C-F+ G
Sample repartition during training:
fault 2 (M2) occurrences: 358
fault 6 ([M1, M2]) occurrences: 360
fault 7 ([M1, M3]) occurrences: 363
fault 9 ([M1, A2]) occurrences: 363
fault 10 ([M2, M3]) occurrences: 351
fault 11 ([M2, Al]) occurrences: 365
fault 12 ([M2, A2]) occurrences: 349
fault 13 ([M3, Al]) occurrences: 361
fault 15 ([Al, A2]) occurrences: 364

Diagnosis in this leaf: [M2, Al]
Sample repartition during training:
fault 6 ([M1, M2]) occurrences: 360
fault 7 ([M1, M3]) occurrences: 355
fault 9 ([M1, A2]) occurrences: 353

fault 10 ([M2, M3]) occurrences: 351
fault 11 ([M2, A1]) occurrences: 365
fault 12 ([M2, A2]) occurrences: 349
fault 13 ([M3, A1]) occurrences: 350
fault 15 ([Al, A2]) occurrences: 354

X

Faulty | Faulty | Faulty Faulty FauIty
M1 M2 M3

0

X
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Dynamic systems * |

Static: x = (x4, x5, ..., X,,) € R"
Dynamics: x = (x;, v, Xy Xy ooy Xy ooy XD, o, 2, (D) € REHDN
\ )

)y
|
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Water tanks *

LAAS
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T1

_______

Y4

Type: dynamic
Known ARRs: yes
Data: simulated
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Water tanks *

ode : 48

il
(d3/d_y1 - d_y2/d_y3)*d5*d6*d_y3*2 + d_y4*%0.5/d6)*0.5%(-(d_y1 - d_y4**2 - d_y4)*2 + d_y4*0.25*y4*(-d6 + d_y3)*(d_y3*d_y4 + d6/d2)**1.0%(d1*d5*d_y3*y4*(d_y1/y2)*0.5 - (d_y1 - d_y4*+0.5 - d_y4)*2)*(d1*d6%d_y3*y4*(d_y1 + (d3¥2 + d_y4*+0.5)¥%0.5) - (d3*2 + d_y4*0.5 - d_y4*2)=2)+2/d1)
8vs5
gini : 0.4978

Sample repartition during training:
class 0 (Faultless) : 10
class 5 (f f2): 316
class 8 (£ 13) : 560
class 10 (f ¢2) : 22

LAAS
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Water tanks *

0218615 ek}

200000

. . . 59 54296
Method Accuracy | F1 - scores | Inference Time Optimal minimal Extra parameters 1
tree depth L 175000
HHCART 0.32261 0.17241 0.98 4 ’
CO2 0.29381 0.133443 0.09 9 ] oo
Oblique L-BFGS 0.99954 0.99954 0.02 15
0C1 0.61184 0.54916 15.9 30 .
RandomForest 0.99979 0.99979 0.92s Default _ 122000
LogisticRegression 0.72886 0.69385 0.02s Default 5,
NaiveBayes 0.68449 0.67732 0.05s Default £ 100000
SVC 0.92699 0.92513 1694.93s Default 6
KNN_Classificr 0.99900 0.99900 0.64s Default 5000
Stree 0.99960 99960 142.7398s 14 kernel="lincar” 7
normalize=True
XGBoost 0.99973 0.99972 0.13s Default ’
max_cxpression_height=4 ,
SREDT 0.99768 0.99768 0.0733s 9 function_set= 25000
("'mul’, ’add’, ’sub’, 'sqrt’) o
DT4X 0.98604 0.98601 0.014s 5} 0

Predicted label

Please note:

 DT4X does not find model-based ARRs * Performance close to the best algorithms
(syntactically) but data-based ARRs

* |solation of classes structurally non-isolable
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Conclusions'
" 2

> DT4X is not only a data-based diagnosis system but it discovers the expressions of
diagnosis indicators that provide explainability

Paradigm shift: identify input-output relations instead of finding separators

Message: do not forget the interpretable concepts and results of model-based
methods !

Ideas for future work

> Boost symbolic classification with information extracted from the physical model
of the system to reduce computation time and improve reliability (mostly for
dynamic systems)

> Compare the genetic algorithm with deep symbolic regression (done) or
reinforcement learning

> Analyse fault non-diagnosability in relation to symbolic classification
convergence (not good f)

L. Goupil, L. Travé-Massuyes, E. Chanthery, T. Kohler, and S. Delautier. Tree based diagnosis
enhanced with meta knowledge applied to dynamic systems. Best Theory Paul M. Frank paper Award,
IFAC Safeprocess, June 2024, Ferrara, Italy. IFAC-PapersOnLine, 58(4):1-6, 2024.
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