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Installing and loading R
packages

install.packages("cluster”)

From GitHub
install.packages("devtools")

devtools::install github("kassa
mbara/factoextra")

T e
-.. .

¢V SNAPcrry B o

* Getting help with functions in
R
’kmeans

* Importing your data into R
# .csv file: Read comma (",")
separated values

my_data <-
read.csv(file.choose())
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Partitioning Hierarchical
* K-Means Clustering * Agglomerative Clustering
* K-Medoids

* CLARA - Clustering Large
Applications
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* Feedback Project: * Aiming to solve current State of the Art issues:

— Flexible Advanced Engagement Exploiting — Cold start problems in generating recommendations for
User Profiles and Product/Production new users, also addressing seasonality of products and
Knowledge items

— VAR, PatriziaPepe (Tessilform), DISIT, — GDPR compliance

Effective Knowledge, SICE
— Keywords: retail, GDO, ...

* Goals and drivers: psa E [’

— adaptive user engagement, customer

experience &. =
— Advanced user profiling, user behaviour

analysis . »
— 10T and instrumentation )
— Predictive models for engagement ' ()
— Integrated in shop customer experience Lo
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Sales
Director
Tool Admi !g?r
— 00 min {
S T : User1Tacker§nd ~]—
Engager Engine
K B Strategies and
. .. Campaigns
SN—

Suggestions

Tool Engager

1 Tool Engager

v

Customer & Product Clustering,

Recommendations

Recommender
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Clustering of item I 5 Features engineering |_

Knowledge descriptions | for customers
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& \ and adjust ’*”K‘é o
—= ARS= LA
B\ ltems o
=" 4 ==
AN N ':‘t Usters 1 Complementary and
L : MR - associated Iltems ., @
= = and adjust m' s 9}‘(.'
- . ““Computin
_)I .Clusterlng. e I > Association Rules .
il profiles I Suggestions
%
“BPOR s hack
("*’ CreO%Eégu'L:z.ONE o b C
Fondo suropeo c i regional (Fesr Lo al alle tue idee SnapACity (C), November 2023




UNIVERSITA ~
sy | DINFO | DISIT R
FIRENZE | BEERN-" | RERer CITY .

- J b

Clustering of Item Descriptions: Features

J
FieldD |item Description

Type “1A01457, “1A0333",...

CONFIGURATION Configuration “DRESS” ,“JACKET?”,...
PATTERN Color “White”, “Red”, “Navy blue”, ...

Alphanumeric code model “1A0145”, “1A0333”, ...

PACKAGING_TYPE Type packaging "Packaging Basic PE", "Packaging Basic-Contin, ...
PRODUCTION_CATEGORY Production category "Accessories", "Clothing", "Jeans", ......

MERCHANDISE_MCR_TYPE Merchandise type “Basic, Preview”, “Women”, “Main Women”, ......
MERCHANDISE_TYPOLOGY Merchandise typology “Preview Women SS”, “Main Women AI”, “Women PE”, ......

MERCHANDISE_MCR_FAMILY Merchandise family “Coat”, “Bag”, “Dress”, ......

MERCHANDISE_GROUP Merchandise group “Jewelry”, “Dress”, “Shirt”, ......
D Gender “Accessories Women”, “Child”, “Women”, ......
Brand “VA”, “GM”, “PW”, ......

Style ST CLOP
Season “202017, “200627, “20071”, ......
Periodicity “C”, 487, ...

IS_CLOTHING_ITEM Marking if the item belongs to a clothing category 1,0 (yes/no)

5X NRM_CAT_LVL Code normalized business classification level 1....5 “Shopping”, “Dress”, “Jacket”, ......
NET_SOLD_PRICE Price 1580.00
IN_STOCK Whether an item is available or not 1,0 (yes/no)

132 X Hashtag Hashtag website 1,0 (yes/no)
tasche, abalze,...

Snap4City (C), November 2023



UNIVERSITA DINFO DISIT byl fot
DEG Ll STUDI IMENTO DI DISTRIBUTED SYSTEMS b‘
FIRENZE | Boecuens " | SiEaser CITY .

Clusterin tions: Results

Distribution items / cluster

DT Item Descrip

Method: K-medoids

000

Calculate optimal number of clusters: Silhouette

analysis (The location of the maximum is considered
as the appropriate number of clusters) I I I I

R

- BAG 969

- DRESS 1171

. | I TROUSERS 794

° 4 KNIT 678

. 5 ] T-SHIRT 674

s _ ACCESSORIES (HAT - FOULARD - SCARF 596
. - NECKLACE)

° SHIRT 838

. | 8 | COAT 388

= 9 SHOES 341

_ SKIRT 530

= JACKET 292

BELT 237

ooty o s e o meme e ® CHILDREN'S CLOTHING 126
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Interest | Interest Interest | # buyed | # buyed # buyed Q RECenCy iS definEd as the number Of
Clusterl | Cluster2 Clusterl | clusterl | cluster2 clusterl . . .
3 3 days passed since the last visit or

access in a store or on//ne,

\ /\ j 2 Frequency represents the frequency
\/ Y of purchase in number of days;
Max interest for item in the Number purchased item in the i .
cluster cluster 0 Average spendlng is the average

Saolinteregl _ value of single ticket for the customer
1: Observed (Totem, Online, etc.) . ) .

2: Tried (estimated on the basis of the admin
3: Purchased item track record)

Snap4City (C), November 2023 17
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Clustering on user proftiling
M —
Name profile feature Description Method. K-m_eans .
RFM_TRN_DaysFrequency Frequency transaction Calculate optimal number of clusters: Silhouette
RFM_TRN_DaysRecency Recency transaction analysis (The location of the maximum is considered

_ . as the appropriate number of clusters)
RFM_TRN_AvgAmount Average spending transaction

RFM_PRS_ONLINE_DaysFrequen Frequency presence online

cy Optimal number of clusters
RFM_PRS_ONLINE_DaysRecency Recency presence online

RFM_PRS_ONPREM_DaysFreque Frequency presence store %
ncy E
RFM_PRS_ONPREM_DaysRecenc Recency presence store o
y 5
FidelityUsageRange Fidelity card use %
)
CUS_FIDELITY_CARD_LEVEL_CD  Fidelity card level 8
Cluster_k_Interest size[13] Max interest for each cluster §’
. : g

Cluster_k_Purchased size[13] Number of items purchased

1234567 8 9101112131415161718192021222324
Number of clusters k

Snap4City (C), November 2023 13
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Clustering on user profiling
- J -
Derived Description from Customer cluster analysis # total customer
1 Customers with average spending amount not defined; the frequency is not defined neither in store neither online; day of the 9195
last purchase not defined

2 Customers with low average spending amount, mainly online with undefined frequency and last purchase older than two 3158

years
3 Customers with undefined average spending amount, mainly in store, with undefined frequency and last purchase older than 2433

two years mainly online
4 Customers with low average spending amount, last purchase older than one year. 2302
5 Customers with low average spending amount in store, with frequency of about 4 months in store; last purchase has been 2302
made within one year. often using the fidelity card

6 Customers with low average spending amount, more frequent in store with annual frequency; last purchase older than one 1657

year.
7 Customer with low average spending amount, more frequent online, but also buying in store with frequency of about 2 1493

months online and about 6 months in store; last purchase older than one year, use fidelity card
8 Customer with average spending amount not defined, mainly online; last purchase mid term days 1186
9 Customer with very high average spending amount in store 887
10 Customer with medium average spending amount more frequent in store but also buys in store with frequency about 230 819
days; last purchase about 262 days, use fidelity card

11 Customer with average spending medium amount in store; last purchase one year ago; frequency is not defined 797
12 Customer with average spending amount not defined, mainly online, with frequency of about 270 days; last purchase one 717

year
13 Customer with medium average spending amount, mainly in store, with not defined frequency and last purchase older than 391

one year

14 Online customers with annual frequency 9

SMNdpP4aLity (L), NOvVEIMDeEr ZUZS
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Clustering on user protiling

Cluster Derived Description from Customer cluster analysis # total customer

1 Customers with average spending amount not defined; the frequency is not defined neither in store neither online; day of the 9195
last purchase not defined

Cluster  Derived Description from Customer  # total 6000y crorcing
cluster analysis custome
r 5000
1.1 Customers with average spending amount 5167 1000 m First Level Cluster
undefined; the frequency is undefined neither in Second Level Cluster
store nor online; day of the last purchase 3000
undefined
1.2 Customers with low average spending amount. 2411 2000
They mainly buy in the product cluster #12
1.3 Customers with very low average spending 1330 1000
amount, mainly in the product clusters: #2, #10 ) I I I I | - K
and #12
1.4 Customers with: recency of about 23 days, 173 Lh2 5l a5 6 7138 9 101 125 14 1o 4
frequency of about 18 days
1.5 Customers with average spending amount of 148
about 150 Euro; mainly buying in the product
cluster #1

Snap4City (C), November 2023
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customer similarity for each customer cluster the most ltem Complementary Item Clusters
: : . Cluster cluster support confidence lift count
repreS?ntatlv_e Items are SuggeSted’ . 2 0.26486066 0.6069351 1.106003 12935
item similarity: considering the last items purchased by the Z O S D5 L2500 o
. . . . . . . 1 3 0.24465057 0.5606231 1.213722 11948
customer according to the information contained into its profile, and 8 024336057 05576670 1277549 11885
- - - . 4 0.22298667 0.5109797 1.282096 10890
randomly selecting items in the same item clusters; 3 034351004 06259701 1355196 | 16776
item complementary: considering items that may complement the 2 : I T e
last items that have been bought by the customer according to a table . — — e
1 . 7 0.30397035 0.6580814 1.447690 14845
Of Complementary Items’ . 3 8 0.29868747 0.6466442 1.481385 14587
item associated: in order to improve a customer's purchase s 027753548 06008511 1507592 13554
. 1 0.24465057 0.5296569 1.213722 11948
frequency, we generated suggestions for customers who purchased an 2 025840080 0.7287156 1364367 | 214573
- - . 3 0.27753548 0.6963625 1.507592 13554
item in the last three months, 4 7 0.26578209 0.6668722 1.467029 12980
suggestions for serendipity: randomly selecting items to be - e it e

suggested from the whole present collection, taking also into account
what is available in the physical shop;
Item selection

1. Item previously not purchased
2. Confidence recommended item. Confidence established with Market Basket Analysis

27,
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* Where: store located in Florence

How

— data collected until December 2019 to test and tune the solution, verifying if the suggestions produced were also
provided by the Assistant in shops and finally acquired by the customers.

— January - June 2020, through transactions and verifying the shop assistants (which are the reference experts), if
there was a match between suggestions and items purchased by customers. This analysis showed that on about
400 customers who bought, about 10000 suggestions were generated. On suggestions generated, the 6.36% items
were purchased or tested.

— July 2020 until December 2020, the recommendation system was tuned on operative to stimulate a certain class of

users, entering in the store, using the totem in the store and by mail for ecommerce. This analysis with the
stimulated customers showed that from 67 selected customers in the trial, 3050 suggestions have been generated,

while only about the 20% has been actually sent to the customers (on shops and/or email). On the items suggested,

the 9.84% of them were actually acquired or tested.

Snap4cCity (C), November 2023
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Using the stimulus of the recommendation system, we have
increased the customers’ attention of the 3.48%

* The solution is also functional in presence of a low number of
customers and items

* The solution solved the cold start problems
* GDPR compliant

®
Dilriny[omeo |25 vARGROUP PATRIZIA PEPE @@ 3\7| Consulting
mte | FIRENZE | ST i i inspiring innovation x
sicetelecom.it
M| O
282 POR i SO t k
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Multi Clustering Recommendation System for Fashion Retail

Plerfrancesco Bellinl' - Luclano Alessandro Ipsaro Palesl' - Paolo Nesi'
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Abstract

Fashion retail has a large and ever-increasing popularity and relevance, allowing custom-
ers to buy anytime finding the best offers and providing satisfactory experiences in the
shops. Consequently, Customer Relationship Management solutions have been enhanced
by means of several technologies to better understand the behaviour and requirements of
customers, engaging and influencing them to improve their shopping experience. as well as
increasing the retailers’ profitability. Current solutions on marketing provide a too general
approach, pushing and suggesting on most cases, the popular or most purchased items, los-
ing the focus on the customer centricity and personality. In this paper, a recommendation
system for fashion retail shops is proposed, based on a multi clustering approach of items
and users’ profiles in online and on physical stores. The proposed solution relies on mining
techniques, allowing to predict the purchase behaviour of newly acquired customers, thus
solving the cold start problems which is typical of the systems at the state of the art. The
presented work has been developed in the context of Feedback project partially founded
by Regione Toscana, and it has been conducted on real retail company Tessilform, Patrizia
Pepe mark. The recommendation system has been validated in store, as well as online.

Keywords Recommendation systems - Clustering - Customer and items clustering
composed

1 Introduction

The competitiveness of retailers strongly depends on the conquered reputation, brand
relevance and on the marketing activities they carry out. The latter aspect is exploited to
increase the sales and thus a retailer, through marketing, should be capable to stimulate
customers to buy more items or more valuable items. Today, consumers tend to buy more
on ecommerce and the COVID-19 situation also stressed this condition. Online shopping

=1 Paolo Nesi
paolo.nesi @ unifi.it

! DISIT Lab., University of Florence, DINFO dept, Florence, Italy

Published online: 13 January 2022 & Springer
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Explainable artificial
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Explainable artificial intelligence (XAI) is a set of
processes and methods that allows human users to
comprehend and trust the results and output created
by machine learning algorithms.

Machine
Learned

Function

Explainable Explainable

Training data Learning
Process

Model Interface

Improve prediction models
A” mn Increasing productivity

Building trust and adoption
Ethical
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A white-box model is explainable
by design. Therefore, it does not
require additional capabilities to be
explainable:

® Linear regression,
e | ogistic regression,
e Decision Tree,

e Naive Bayes,

e KNNs

U J//, /(/) =1L
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A black-box model is not
explainable by itself. Therefore, to
make a black-box model
explainable, we have to adopt
several techniques to extract
explanations from the inner logic or
the outputs of the model.

e CNN

e LSTM
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SHAP (SHapley Additive exPlanations) is a game theoretic
approach to explain the output of any machine learning model. It
connects optimal credit allocation with local explanations using the
classic Shapley values from game theory and their related
extensions

https://github.com/slundberg/shap
l
Hit
SHAP
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with tf.device('/device:GPU:8"'):
explainer =
shap values =

shap.TreeExplainer(MODEL)
explainer.shap values(X train)
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SHAP value (impact on model output)

High

Feature Value

Low

shap.summary_plot(shap_values,
features_names, plot_type="bar")

dn L) Bl aVatatal

shap.summary_plot(shap_val
ues, X_train,features names)

JIIGP“TLILY \“~/), I‘IUVCIIIUCI rAvyae)

*Feature importance: Variables are
ranked in descending order.

eImpact: The horizontal location shows
whether the effect of that value is
associated with a higher or lower
prediction.

*Original value: Color shows whether
that variable is high (in red) or low (in
blue) for that observation.

*Correlation: A high level of “Day3” or
“PrecipiSIR” content has a high

and positive impact on the classification.
The “high” comes from the red color, and
the “positive” impact is shown on the X-
axis.
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with tf.device('/device:GPU:8"):
explainer = shap.TreeExplainer(MODEL)

shap _values = explainer.shap values(X_ train)

higher =
base value g

0.4311 1.00

lower

(a)

) ) ) ) {({{{(§
MaxTemperature Humidity Day3 MaxTempSIR VelMaxSIR Temperature Day15 MinTempSIR

higher = lower
S R
))))-__((((( |
WindSpeed Humidity LevelSIRIdr Day15 Day3  Temperature Day1 MaxTemperatu
f(x) base value
0.00 0.4311 (c)
B EEEEEEECeecc««

Day3 MaxTempSIR MaxTemperature Temperature LevelSIRIdr Day15

shap_values([7,:],fields)

shap.force_plot(explainer.expected_value,
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The ability to explain each prediction, is a very

important promise in an explainable Al.

(a) value of VelMaxSIR, MaxTempSIR, Day3
and Humidity contributed significantly to the
classification of the observation as a
landslide event.

(b) values related to rainfall in the last days,
LevelSIRIdr and Humidity given a relevant
contribution to the landslide event prediction.

(c) the value of features: Day3, MaxTempSIR,
MaxTemperature, Temperature and
LevelSIRdr have been determinant for the
classification of the observation into a no
landslide event.
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Local interpretability — CNN-LSTM

Explanation of prediction generated by model for fault

higher — lower

base value f(x)
0.8809 0.8814 0.8819 0.8824 0.8829 0.8834 0.8839 0. 8844 0. 8849 0. 88540 89 0. 8859 0.8864
S4304 S871 S854 RedoxFeCIl3Pot diff_S904B diff_S854 5484 sS851

Explanation of prediction generated by model for normality

higher — lower
base value f(x)
0.2428 0.2528 0.2628 0.2728 0.2828 0.2928 0.3(0.30 0.3128 0.3228 0.3328

D ——— o S

S904C S871 KOH_2 charge KOH_1_charge RedoxFeCI3Pot diff_S904B potFerricChloride diff_S484 S484 diff_S857 diff_S4304 S851 $S487 diff_S904D

DE mis = shap.DeepkExplainer(classifierLoad,X test df)
shap values mis = DE_mis.shap values(X test df[(minutes-21):(minutes-28)])

Snap4City (C), November 2023
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Predictive Maintenance

= o

Data Analytic

[T
LLECLCLETRELRRELELEY
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* ALTAIR SODA-4.0 project

— maximize the efficiency and
productivity of plants, reducing
downtime

— in order to improve
competitiveness in the market

(3 -..m.
put70] ]
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e Goals and drivers:

— Business intelligence tools on
maintenance data

— predictive maintenance approach
into the whole control and
management systems Predictive
models for engagement

— predict plant failures 60 minutes
before it happens

— Provide indications on the area of
failure via XAl
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Complex cause-efrect realtionshij
* Elements: o —~

— Machines: A...C Q@—.

— Storage: silos...

— Flows:... @@

 Dependencies

— Cascade effects Q@

* Early warning
— Reduction of costs |

— Recovering from failure is more expensive
than correcting in advance

— Possible advanced replan and reschedule:
secondary solutions

Al

Plan Adapt

X
-z
o
o
L=

Critical functionality

System
resilience

Time
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Business Intelligence for

Feature selection,
Feature engineering

CNN-LSTM Training

A

Validation Al
Model

CNN-LSTM
Engine

F/NF

Maintenance

Explainable/XAl

Classification JJ
Model

(Shap)

{features (t)}

integration of workflow management system for
maintenance with general control systems and
data flow

Structure of the plant

Decision making
on more cases

CNN: Convolutionary NN
LSTM: Long Short-Term Memory o EE

. PR /{ .
(deep learning model) § %E =
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Status

Plant -

Real Time™ =

Production Synoptic

Control
e w Supervisor

j !

loT App

Open Malnt

loT App

‘m m;* ‘VT* = %

Dashboard for. . ™
Production Control

=a|

1,865

#%
~ Bustess Intelligence

Business
Logic 2
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Altair ¢ Stato Manutenzione

Dashboard for monitoring: s

ACIDO C1LOROROO

310

» Tool: ElasticSearch — Kibana ordinary and
: I

> Realtime extraord!"gmﬂn }
mainteng{){%ﬁm |

19,138,118 wd

Count
aluetype @ L AsTIEA '
ORDINARIO MECCANICA SPECIALIZZATA
s VECCAN RICA
status
r temperature energy
canceller datetime
value_type keyword: Descending - Count ¥ deviceName.keyword: Descending - Count

CARBDNATD DI POTASS\D
ACIDO CLORIDRICO

cLoruro FeRROs0 IPOSODID e

CLORURO FERRICO STANDARD

production

cancocloruro‘ernccsmndard
sruroferr

suradensitasoluzioneinproduzione
ssionegasailimitidibatteriaimpianto
contatoreBigbags1000kgKOHscaglie Tempe

srareattoreR4003

Temper

portatacloroaHCl1linea OH:
NaCl( RedoxFeCI3Pot
QuantitaNaOHper

areattoreR4001

sntitaNaOHperBatct

PortataKOHdaelettrolisiastocks30p_tot ~ NaOHrampa3caricoprodotti_tot

portatacloroaR4001reattoreproduzione 54303 pressmnefondocolonnaCQOG caricocloruroferrosa_tot
$4305 portatacloro  KOHrampa2caricoprodotti 59544 spac portataHCla 54304 ConversioneKOHlinea2
5 S904A B & pressionefondocolonnaC980
caricoclorurofericostandard.tot oy 2 mascaricoprodotu 54306 S904A S22268 488 871 S879 PressionercattoreR4003

cattor
parraracloroaNCl-’lhnea ConvermcneNaOH

5851 59048 S822 S484 S810A S810B + S904E  Pressionecollettoreasplrazione  caricoiposodio
KOHram j t
ConversioneKOHiinea3 i ) )

oprodott 537‘7 S5104 5486 S487 S5101 o> S904D  port: 1o PortatakOHdaclettrolisiastocks30p
F_KOHK2€03
5852 5872 5878 attorer4003 59548
caricoiposodio tot o o ttorera001 RedoxFeCi3Pot2  ConversioneKOHlineal
QuantitaNaOHperBatchNaClO_tot atacloroaHCI3li NaOHrampa2caricoprodotti_tot
contatoresacchi25kgkOHscaglie F_KOHK2C03 TemperaturareattoreR4002
QuantitaNaOHperBatchNaClO_2_tot F_KOHScaglie
caricocloruroferricopotabile
misuradensitasoluzioneinproduzione_temp

S876 misuraportatacloro NaO} Harrpazkau(oprodom

5857

ataHClastock

s461 misuraportataSoluzioneFeCi2base  Anatizzator

oncentrazioneNaOHresiduaApplikon
KOHrampa2caricoprodotti_tot 2

value_name.keyword: Descending - Count 1 1 1
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Production:
» 1-minute observation from 2020-04-28 to 2021-01-
04 Example of a failure

« 343.183 observations for 147 features/variables
 production, storage, status, several temperatures of
elements, gear plants, process/safety parameters,

chemicals compounds produced 4%

60

hloride load

Fault: § 28

 List all the details: event datetime, Permission List,
Plant, Signature, Specialty, Status, Job Type, Air
Temperature, air humidity and rain

 Ticket and stop classification as "GENERAL PLANT
STOP", "ORDINARY", "PLANT STOP" and ‘ - =
"EMERGENCY "

potableferri

Snap4cCity (C), November 2023 34
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°C

TempreactoreR4001 - chlorine paraffins (CPS)

TempreactoreR4002 -

TempreactorR4003

Potable Ferric std

chlorine paraffins (CPS)
Potable Ferric std

Potable Ferric Chloride
Potable Ferric Chloride
NaOH KOH

NaOH KOH

NaOH KOH
NaOH KOH
sodium hypochlorite
sodium hypochlorite
HCI
Ferric Chloride std

reactor temperature indication

Storage level indication
Storage level indication
flow rate measurement and totalization
flow rate measurement and totalization
Storage level indication

flow rate measure and totalization

electrolysis load adjustment (production)

flow rate measure and totalization
Storage level indication
quantity of material produced
Storage level indication
Storage level indication

potential measure redox Ferric Chloride

Snap4City (C), November 2023
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For S857, S856, S851, S852, S854, S871, S487, S484,

S5104, S904E, S904D, S4304, S904C, S904B, S904A

(level of the storages)

difference with the previous minute to highlight the total
daily production of a given substance.

-

Input: Time series 20 minutes
Prediction 1 hour in the future

(X1, X2, e o, , X20) (Yg0)
(X2, X3, oo . , X21) (Ya1)

(Xn: Xn+1; ------ »Xn+19) (Yn+79)

Snap4City (C), November 2023
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l 43 features for 343183 minutes

37286 minutes of failure leading to downtime.
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‘_.’ﬁﬂl'

36



UNIVERSITA
DEGLI STUDI

FIRENZE

Input

Output

DINFO |DISIT
IPARTIMENTO DI DISTRIBUTED SYSTEMS
NGEGNERIA D INTE!
DELL'INFORMAZIONE TECHNOLOGIES LAB
(w 2 F9 , @
— —~ - -
Classiticati
Layer (type) Qutput Shape Param #
Lstm (LSTM) (None, 20, 200) 195200
lstm 1 (LSTM) (None, 20, 200) 320800
lstm_2 (LSTM) (None, 20, 200) 320800
Istm_3 (LSTM) (None, 20, 200) 320800
Istm_4 (LSTM) (None, 100) 120400
dropout (Dropout)  (None, 10@) )
dense (Dense) (None, 1) 101

Total params: 1,278,101
Trainable params: 1,278,101
Non-trainable params: @

M

¢“SNAPlcrTy

LS TV

10 1 ==~ No skill
—=— Model LSTM o

08

0.6

0.4

Tue Positive Rate

0.2 1

AUC: 0,822

0.0 02 04 06 08 10
False Positive Rate

Predicted Class

Normallty 43485 3229
3246 1436

0.0 1

Accuracy
0

0,874

- Precision % Recall % F; score %

weighted avg

Snap4City (C), November 2023

37



UNIVERSITA
DEGLI STUDI

FIRENZE

Input

Convld

AveragePooling

DINFO

DIPARTIMENTO DI
INGEGNERIA
DELL'INFORMAZIONE

DISIT

DISTRIBUTED SYSTEMS
AND INTE!
TECHNOLOGIES LAB

Output

2 fpe . @ )
assification model C
Layer (type) OQutput Shape Param #
T comvld (ComviD) | (Neme,20,64) 8320 .
average poolingld (AverageP o (None, 10, 64) 0 E
lstm (LSTM) (Nene, 10,200) 212000 §
lstm_1 (LSTM) (None, 10,200) 320800 02- f_,.a*"f AUC: 0,934
lstm_2 (LSTM) (None, 10,200) 320800 . v e
lstm_3 (LSTM) (None, 10, 200) 320800 00 02 04 06 08 10
lstm_4 [LSTM) (None, 100) 120400
T TSR ma™ 2 | s | [ Accuracy
_ _ Normallty 45811 %
dense (Dense) (None, 1) 101 3306 1376 0,918

Total params: 1,303,221
Trainable params: 1,303,221
Non-trainable params: 0

F; score

Recall % %

Precision %

0.92 0.90

38

weighted
avg
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Deep Learning: LSTM, CNN- He
LSTM approached 08

0.6 -

Explainable Al: Identification
of possible causes of fault

e o 0.2 1
_ Precision % | Recall % |F; score % - e Sl

0.4 A

Tue Positive Rate

weighted avg 0.90 0.92 0.90 004 ! - | | | - Model l_frTr:l
00 02 04 06 08 10

higher = lower
base value f(x)
0.2428 0.2528 0.2628 0.2728 0.2828 0.2928 0.3(0.30 0.3128 0.3228 0.3328

B re——————

S904C S871 KOH_2_charge KOH_1_charge RedoxFeCl3Pot diff S904B potFerricChloride diff S484 S484  diff S857 diff S4304 S851 S$S487 diff_S904D

Snap4City (C), November 2023
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Explainable/XAl - CNN-LSTM (SHAP)

Explanation of prediction generated by model for fault
higher — lower
ase value f(x
0,8I809 0.8?14 0.8I819 0‘8:‘524 0.8?29 0.8?34 b0.8:‘33:9 0.8:844 0.8:‘349 0.8?540.8)9 0‘8:‘359 0.8:‘564
>>»»,)/—’!~_—€«
S4304 3S871 S854 RedoxFeCl3Pot diff _S904B diff_ S854 S484 S851
Explanation of prediction generated by model for normality
higher — lower
base value f(x)

0.2428 0.2528 0.2628 0.2728 0.2828 0.2928 0.3(0.30 0.3128 0.3228 0.3328

B ————————— e

S904C S871

KOH_2 charge KOH_1_charge RedoxFeCI3Pot diff_ S904B potFerricChloride diff _S484 S484 diff_S857 diff _S4304 S851 S487 diff _S904D

= shap history

Mon 23 Aug 09:54:43

Organizationiotobsf:MaintPredHistory - prediction e o

0s ﬂ M

0
5 2 30 3.Dec 1Jan 2Jan 3Jan 4Jan S5Jen 6Jan 7.Jan SJan 9Jan 1Jan Tlan 12Jan T3Jan 14Jan 1SJan 15Jan 17.Jan 18.Jan 19.Jan 20.Jan 213
O O

Time trend comparison (Gm) ©

AW, 0 WL
1 [ S T A
“m o ‘ RS HFI!» “ e

L W w v‘(} g .} LI i'v*‘ J

@)

mic)

26.Dec 30.Dec 13an 330 5.3an 7.3an 220 Taan Wan 15,320 .3an 12330 230 23320 25.3an 2n.3an 22,020 3an
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Experimental results shown an average Accuracy of 91.8% and an
average F1-score of 90%, which are very satisfactory results

Explanation of the predictions provides suggestions for the
maintenance teams in terms of areas of intervention.

Large renovation of the production infrastructure.
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7th IEEE International Conference
on Big Data Service and Machine
Learning

e P. Bellini, D. Cenni, L. A. Ipsaro Palesi, P.
Nesi, G. Pantaleo, " A Deep Learning
Approach for Short Term Prediction of
Industrial Plant Working Status," doi:
10.1109/ACCESS.2022.3158328.

https://ieeexplore.ieee.org/abstract/d
ocument/9564391

Snap4City (C), November 2023
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2021 TEEE Seventh International Conference on Rig Data Compuoting Serviee and Applications (RigDataServiee)

A Deep Learning Approach for Short Term Prediction
of Industrial Plant Working Status

Pierfrancesco Bellini, Daniele Cenni, Luciano Alessandro Ipsaro Palesi, Paclo Nesi, Gianni Pantales
Dristributed Systems and Internet Tech lab, Deparment of Infonmation Enginesring, University of Florence
DASIT Lab, hitps fwww._disit org , hitps://vevew snspdindustry.org - email <name somame=-@umifi it
Caorresponding Awthor: Paolo Nesi, pacolo. nesii@umifi it

Absiract — Predictive Maintenance has gained more and
more rezearch and conumercis] interests, being a pivotal topic
for improving the efficiency of many production industrial
p]mwmnmmmmm,un\ellastnmducemm
costs for inter i Sohstions iewed in literstre are
incressingly based on machine leaming and desp leaming
methods for prediction of fault proneness with respect to
narmal working conditions Many state-of-the art solutions ars
not actually applied in real scenarios, and have restrictions to
b executed in resl-times in the production emdromment B this
paper, 3 framework for predictive maintenance iz presented Tt
haz been built upon a desp leaming model based on Long-
Zhort Term MMemory MNewral MNemomeks, LETM and
Conwvolutional LSTR. The propased madel provides a one-
hour prediction of the plant status and indications on the areas
in which the II.I:EI'\-'EH:I.DCB shonld be performed by using
explainable LETM . The solution has been validated
apainat real data of AT TATR cherical plant, demonstrating an
high scrurscy with the capshility of being exacited in real-
time in 3 prodoction operstive scensrio. The paper also
inirodwced buosinesz imtellizence tools on maintenance data
and the architechoral infrastrocture for the intesration of
predictive maintenance approach.

Keywords—Predicive Maingenancs, Frdusory 40,
Learning, Comvoluional Newral Mrmrh, CNN, Long-Shornt
Term Memaory Neoworks, LT

L INTRODUCTION
In real world Indusiry 4.0 scenarioz, it is necesary o
marimize the efficiency and productivity of plants, in order to
improve competitivensss in the market To this end, a crocial
role iz played by the production plant maintenance. In addition
to efficiency and productivity, good maintensmce reduces
operative costs, improves the produoct quality, and rationalizes
respurces. Tyvpical kinds of maintensmce policies are
Corrective Maintenance and Prevestive Maintenance
(PMD). The CM [Elanchard et al, 1005) or nm-to-failure is
quite expensive, it cansists of the intervention after a faihire in
the production cytle that in most cazes leads to the production
p]msmp.T‘hePMudeﬁnedssmmmamnnemdm
according to technical criteria [Gentles, 2020].
FM can reduce the menmber of failures/stops and can also be
cyclical (time-based maimtenance TEM) and predictive
({condition-basad maintenance, CEML). In TEM the decisional
process iz determined on the basiz of failure tme snalyses
[Yam et al, 2001], [Jardine ot al, 2006]. In complex
prodoction plants, different kinds of maimensnce strategies
may be adopted at the zame time for different pans and

TR 1-6EH-E-E2 153,00 6002 TEER
DO1 10,1 109 BigDataServiee 52360 2021, 00M7

production lines. For PR sohrtions and techniques proposed
in research literature can be claszified in three
based on: physical, dsta-driven and hybrid [Lizo and Eottiz,
20161

In thiz paper, an imtegrated zolubion for predictive
maintensnce in chemics] plant is presented Most of the
«chemical plantz are critical infrastocores which presest a
production process never stopping and running 24H/7D per
week The case tsken into accoumt presents a production
process inclodng chemical prodocts which have to be
carefully treated for their potential impact on the environment
in case of accdent. Thiz implies that early waming snd an
efficient comective maintenance are mandstory policies w be
establizhed to become operstive. The aspects addresszad in thiz
paper are: (i} the usage of deep leaming technigues for
predictive maimensnce,  specifically Long-Short Term
Ilemory Mearal MNetworks, LSTM and Comvvolhmionsl LETRL
with same technique for explaining the prediction which can
‘be used to help the maintensnce teams; (if} the intesration of
workflow management systam for mantenance with general
cummlsg-mmddamﬂm(slmﬁwalomgl\ode-m
libeary for i data flow and workflow ticketing
system); and (iii) a business inellizence tool for mainenance.
Thesnhmnnhasbeendewﬂnpadmphmngﬂ:eluTlumm
4.0 12 callad
Snap4Industry, wlm:hmmubasedenWh which =
1009 open source (znd licence free) and it is available at
[Efttps: [ fnrww srapdcity.org], [Badii et al, 2020s], [Badii et
al, 2020b]. The new capsbilities have been exploited to
Wmmmﬂmﬂmmwmmm
of ALTATF.

Thiz paper is sorochared as follows: in Section IT, a review
of related woork in the context of Predictive Maintenance is
reponed In Section ITT, the general srchitecture of the solmion
iz presented, where the action to put in place a predictive
maintensnce aspects to work in real time are evident Saotion
I B describes the Business Intellizence for the ansbysis of the
maintensnce data [n Section IV, am early verson of the
Predictive Maintenance \-inclal'ttueduﬂLSTMudﬂcnbed
with itz Section V pr dvanced Predictive
MIsintenance Mﬂ-dalbmduncb]NLSTMandmwhdmm
reznits All the validations have been performed by taking into
accoumt data of ALTATR. chemical plant. In section V.C, an
approach for explain the results in real time and thus for
the area in which to operate has been reported Finally, Section
W1 reports conclusions.
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tors: static + dynamic

[GETE Observation date, in the format YYYY-MM-DD

Latitude of the area, EPSG:4326 format

Longitude of the area in the EPSG:4326 format
VGO Altitude of the area

N Acclivity of the area

Vegetation of the area

NI soil type at the event site (class UCS)

Rainfall on the day before the observation
Rainfall on the 3 days preceding the observation
Rainfall on the 15 days preceding the observation
Rainfall on the 30 days preceding the observation
Mean Temperature on the observation day (lIMeteo.it)

Minimum temperature on the observation day (lIMeteo.it)
Maximum temperature on the observation day (I|IMeteo.it)
Humidity (average) on the observation day (IIMeteo.it)
Average wind speed on the observation day (lIMeteo.it)
Average wind speed on the observation day (SIR)
Maximum wind speed on the day of observation (SIR)
phreatimetric data on the observation day (SIR)

Water (river) level recorded on the observation day (SIR)
Precipitation on the observation day (SIR)

Minimum temperature on the observation day (SIR)
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15.072
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51.515
6.965
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9.942
92.96
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Comparing Predictive Model/ar

et e 0
encoder

I3 0.000173 0.000334 0.000600 0.009218
0.000173 0.000334 0.000259 0.009218

0.0131 0.0182 0.0160 0.0960

Accuracy 0.99 0.99 0.99 0.99
Sensitivity 0.79 0.36 0.24 0.19
Specificity 0.99 0.99 0.99 0.99
TSS 0.78 0.35 0.23 0.18
0.01% 0.02% 0.01% 0.11%

0.63 0.35 0.33 0.64

0.70 0.36 0.27 0.29

0.70 0.36 0.28 0.35

2.40 1.72 1.55 1.64

0.70 0.36 0.27 0.29

0.89 0.68 0.99 0.92

Global Explainable Al
-  Feature relevance
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 Comparative results showed that the method based on XGBoost
achieved better results in terms of Sensitivity

* A deeper understanding of the predictive model outputs, as well
as the relevance of features and their interdependency, has been
provided.

Snap4cCity (C), November 2023
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Predicting and Understanding
Landslide Events with Explainable Al

E.Collini', L. A. Ipsaro Palesi’, P. Nesi', G. Pantalea’, N. Nocentini2, A. Rosi?

1]D]SlT]ath:nhjemmthmsmg ‘hetps: ' www disit are, hitps- ‘WM 002,
1) DST, Dept. nﬂhﬂhSam:!.Imwmifeﬂhmr!.mp, \Porw st i |
University of Florence, rqfemail: paolo. nesiunid it

ABSTRACT Rainfall induced landshde 15 one of the mam geological hazard in Ifaly and in the world. Each
wear It causes fataliies, casualties and economic and social losses on large populated areas. Accurate short-
term predicions of landslides can be extremely important and useful, in order to both provide local authorities
with efficient prediction’early waming and increase the resilience to manage emergencies. There 1s an
extensive literature addressing the problem of computing landslide suseeptibility maps (which is 2
classification problem exploifing a large range of static features) and only few on actual short terms
predictions (spatial and temporal). The short-term prediction moedels are still empirical and obtain
unsatisfactory results, also in the identification of the predictors. The new aspects addressed m this paper are:
(1} a short-term prediction model (1 day in advanece) of landslide based on machine leaming, (1) real time
features as good predictors. The introduction of explamable artificizl intellizence techniques allowed to
understand global and local feature relevance In order to find the best prediction model, 2 number of machine
leammg solutions have been mmplemented and assessed. The models obtained overcome those of the
literature. The validation has been performed in the context of the Metropolitan City of Florence, data from
2013 to 2019. The method based on X GBoost achieved best results, demonstrating that it is the most reliable
and robust against false alarms. Finally, we applied explainzble artificial intellizence techmiques locally and
globally to derive a deep understand of the predictive model’s oufputs and features’ relevance, and
relationships. The analysis allowed us to identify the best feature for short term predictions and therr impact
imn the local cases and global prediction model. Sclutions have been implemented on Snap4City.org

infrastructure.

INDEX TERMS landslide prediction, machine-learning, explainable artificial intelligence, snapdcity

L INTRODUCTIOMN

Landslides are increasingly frequent geologic events which
may involve rural areas, as well as cities and impact on
largely populated areas. These phenomenz are responsible
each year of severzl losses and casualties; according to [1],
from 2004 to 2016, 55997 people were kllled in 4862 non
seismic landslide events worldwide, with a major incidence
in Central America, Canbbean islands, South America, zlong
the Ande: mountain cham As1a, East Africa, Twkey and the
Alps in Ewrope. The same authors identified ramfall as the
mam the mggering factor of 79% of non-seismic landslides.
Italy is the Ewropesn country most affected by landshdas,
with about 2/3 of know landslide m Europe [2]; in fact, over
620'000 known landslides. coverng almost 247000 km’
(7.9% of the whole nattonal ternitory), are present, according
to the Italian landshide inwentory [3]. From 1971 te 2020,
1079 fatalities have been causad by landslides in Italy, slong
with 1416 casualties and over 146’000 evacuated and
homeless [4]. Tuscany is an Italian region highly affected by
landshdes, smee about 91700 landshides are present [5]
covering 2107 km® (9% of the temtory). The province of
Florence, due to its geological setting, mamly made of elay-
sandy depostis and its morphology, made of altemating valley

VOLUME 30K, 2017

and hills, is quite susceptible to landshde. These pk 13
pose a real nisk for the popu]auon and cne of the possible
solutions for its reduction is the setting up of early wmm.ug
systems. Typically, "wake-up call® and early wammg
systems are setup to inform the population about the
occwrence of landslides in quasi real fime Short term
predictions, ranging from a few howrs to one'two days, could
save 3 relevant number of people. Thus, the short-term
prediction of landslide events could be a very powerful tool
in the hands of authorities to orgamize evacuations and
manage an emergency sice its meeption, thus preventng
human mjuries due to such catastrophic events

The most common appreaches rely on statistical or
empirical approaches miving static information desenbing
the terrain with real ime data computed on the basis of recent
days. In particular, as to rainfall induced landshides, in [6] and
[7] authors highlizhted the corelation of the amount of
ranfall in the days preceding the landslide event (from 3 to
245 days), by means of statistical analysis [6], [7], while other
scholars used the empirical method of rainfall thresholds to
identify rain conditions associated with such landslide
tnggering [E], [9]. Machine leaming approachss are widely
used mn landshide hazard mapping [10] which can be regarded

Thits work & licemsed under 2 Creattve Commans Attribution- NonCommercial. NoDerivatives 4.0 Licenss For hitpe/creasvacommens. ong;t fby-nc-ndian
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 Gradients

— Gradients measure the slope or
variation of a quantity with
respect to another. In
mathematics, the gradient of a
function represents the
direction and magnitude of its
maximum change.

af af d
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* Integrated gradients

— Integrated gradients are a
generalization of gradients that take
into account the accumulation of
variations along a path.
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ABSTRACT Looking for available parking slots hes hecome a serions issue in urban mohility, since it
influences traffic and emissions. This paper presents o set of metrics and sechniques so predict the namber
af available parking =lots in off-street parking facilities. This stedy desls with deep lesmning model solutions
according with a mid-term prediction of 24 bours, every 13 minutes. Such a mid-term prediction can be
mseful for citizens who need w plan a car mansfer well in advance and 1w redwce as much as possible
any computational effost. Since most solutions in Hierabare ape focused on | -hour ahesd prediction, the
proposed solution hes been aleo iesied in these conditions. The proposed solution is hased on Convolaticonal
Bidirectional LSTM models. Resuls have been compared in terms of precision metrics based bath on
occupancy and free hots. The paper also provides o framework to pass from an sssessment model based on
oocupancy to models based on free slots and vice-versa. The obtained resalis have improved those alresdy
available in Eeravore. A formal sudy has been conducted 1o perform festure relevance analysis by using
explainsble Al technique based on gradient and iniegrated gradiem and proposing new hestmaps which
highlighted the difference from LSTh and Bidirectional LSTM, festure relevance (hase line, weasher, raffic,
et pand the impact of seasomality on predictions, namely the temparal relevance of festures. The comparison
b been performed on the basis of dota collecsed in garages in the area of Florence, Tuscany, Haly by using
Snapdcity platfomn and infrestruciure.

INDEX TERMS Soart city, available parking lois, prediction medel, machine learning. deep leamning,
explainable Al

I INTRODUCTION

Traffic management and sussinable mobility are cenral
wopics for intelligent transportation systems (ITS) 50 as w0
monitor and reduce vehicular traffic congestion 1], [2] and
emiszions 3], [4], [5]. Services providing available parking
slots {in real time of & predictions) are becoming relevant for
wrban mobility management due to the incremen of vehicles
which need 1o park in cities. Drivers do waste o considemble
amount of time while irying to find & vocant parking bot,
especially during peak howrs and in specific urban sreas
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{e.g.. bospisals, siations, parks, sport stadivm). Searching For
available parking spots can be a time-consuming task tha
simalianeously increases mffic congestion, thas leading w
a peak of 25-30K% of the traffic flow [6]. |7] and greenhouse
gas pollation.

Parking sbots can be kocated on the street (they are called
a-greeed parking b or in parking gareges with goies (named
as off-srvess pavkiag). Searching for an awailable parking
space has & harmiful impact on both transponation system
efficiency within the urban tissue and sustainshility. Actally,
any car parking searching activity generstes unmecessary traf-
fic workload and may affect the environment negaiively due
0 imcreased vehicle emissions. These issues are surely valid
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