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Snap4cCity R Studio Development 0.11
User: ipsaro.palesi, Org: File Edit Code View Plots Session Build Debug Profile Tools Help ipsaro [ (@
DISIT Q-0 HRI = Go to file/functior - Addins - R Project: (None) ~
R R Lo Console  Terminal Jobs e [ alysisScaledWithout0.R @ | NoWeekendWitohut0 R* imputedDataO[imputedData0$clust. . » =
~/-WifiAP/ : | Source on Save | Q - i “Run | %= | 4 Source -
+ median{imputedData®[imputedData@$cluster == idcluster, 18:18]), - 95  imputedData@%cluster=km7¢cluster -
+ median{imputedData®[imputedDatad@$cluster == idcluster, 19:19]), 96 table(imputedData@écluster)
My Data Dashboard Dev Kiba + median{imputedData®[imputedData@$cluster == idcluster, 20:20]), 97 plot(table(imputedData@écluster))
+ median(imputedData@[imputedDatad$cluster == idcluster, 21:21]), a8
X + median(impu e T T I L ety er, 22:22]), 99
Extra Dashboard Widgets ~ + median(impufedDatas| 1r|put903cta.3¢clu= er == idelusfer, 23:23]), 100
+ median(impufedDatad[impute Jcta.ﬁ[lu: er == idclusfer, 24:24]), 101 idcluster=6
Data, my Data, OpenData = + median(impufediatad[i R Q == idclusfer, 25:25]), 182 - for(idcluster 1 g?qel Q4d O[‘
+ median(impufedData®[imputedDa aJiclus_c—r‘ == idclusfer, 26:26]), 103 vy=c(©,1,2,3,4,506,7, ,Q,l 1,12,13, 15,716 ,18,19,29,21,22,23)
Knowledge and Maps + median(impu ﬂdJa aB[imputedData@$cluster == idclusfer, 27:27]), 184 x=c(median(impufedData®@|imputedDatald hluster idclustfer, 6:6]),
+ median{impule = = = er, 28:28]), 185 median( impu e e ; —= Ferex r, 7:71),
|OT Applicati - + medlan(1mputedData@[1mputedData@$[luster == idcluster, 29:29])) 186 median(imputedData@[imputedData®fcluster idcluster, 8&:8]1),
pplications + plot(y,x,main = paste("Cluster",idcluster),sub = paste("Festivo",median le7 median(imputedData@|imputedData@icluster idcluster, 9:9]),
) . (imputedData@[imputedData®$cluster == idcluster, 5:5])),xlab = "HH", ylab = 188 median(imputedData@|imputedData@icluster == idcluster, 18:10]),
IOT Directory and Devices | "nConn™) 109 median(imputedData@[imputedData®fcluster idcluster, 11:117),
110 median(imputedData@[imputedData®icluster idcluster, 12:127), -
Resource Manager v} 111 madianiimnutadNatadl imnutednatafécrlnctar —— ideloctan 12-121)
112 3
’ 102:1  E3 (Untitled) 2 R Script 2
Development Tools a
Files Plots Packages Help Viewer = Environment  History = Connections = M
] Access to: Web Scraping @ | B zoom | Jexport - | O ’I %, Publish - <= | | 72 Import Dataset - | & List - o
[# Access to: R Studio Develd 7} Global Enviranment -
[# R Studic Development km_sil_scaled List of 9
@ R Studio Devel . t0. Cluster 6 O km_sile List of 9 :
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Installing and loading R
packages

install.packages("cluster”)

From GitHub
install.packages("devtools")

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

T
-'- .

¢V SNAP/crry 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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Hierarchical
* Agglomerative Clustering

Partitioning

* K-Means Clustering
* K-Medoids

* CLARA - Clustering Large
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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, ...

e @Goals and drivers:

— adaptive user engagement, customer
experience

— Advanced user profiling, user behaviour
analysis

— |OT and instrumentation
— Predictive models for engagement
— Integrated in city customer experience
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FeedBack Admin Tools

FeedBack Engagement Tools I

0 Sensor Network
% Manager Manager
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Customer & Product Clustering,

Recommendations
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Sales
Director
Tool Admin User Tracker and
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Strategiesand | -~ |\
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Clustering ot Item Descriptions: Features

J
FieldlD  |[itemDescripton  |Bample
I Tipe “1AOI4S, “1A0333,..
Configuration “DRESS” ,“JACKET”,...
Color “White”, “Red”, “Navy blue”,
Alphanumeric code model “1A0145”, “1A0333”, ...
Type packaging "Packaging Basic PE", "Packaging Basic-Contin, ...
Production category "Accessories", "Clothing", "Jeans", ......
Merchandise type “Basic, Preview”, “Women”, “Main Women”, ......
Merchandise typology “Preview Women SS”, “Main Women AI”, “Women PE”, ......
Merchandise family “Coat”, “Bag”, “Dress”, ......
Merchandise group “Jewelry”, “Dress”, “Shirt”, ......
m Gender “Accessories Women”, “Child”, “Women”, ......
Brand “VA”, “GM”, “PW”, ......
Style “P,CY,
Season “202017, “20062”, 200717, ......
Periodicity “C”,“S”, .

IS_CLOTHING_ITEM Marking if the item belongs to a clothing category 1,0 (yes/no)
5 X NRM_CAT_LVL Code normalized business classification level 1....5 “Shopping”, “Dress”, “Jacket”, ......

Price 1580.00
Whether an item is available or not 1,0 (yes/no)

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

tasche, abalze,...

Snap4City (C), December 2024
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Clustering ot Item Descriptions: Results

Distribution items / cluster

oQ

B0

Method: K-medoids

G000

Calculate optimal number of clusters: Silhouette

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

Optimal number of clusters

o | BAG 969

- DRESS 1171

o | 3 TROUSERS 794

B 4 KNIT 678

. 5 | T-SHIRT 674

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

= SHIRT 838

y | 8 | COAT 388

s [ 9 SHOES 341

_ SKIRT 530

s JACKET 292

BELT 237

T CHILDREN'S CLOTHING 126

Snap4City (C), December 2024
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rediures engineering 1or Customer

Interest | Interest Interest | # buyed | # buyed # buyed d Recency iS defin ed as the n Umber Of
Clusterl | Cluster2 Clusterl | clusterl | cluster2 clusterl . . .
3 3 days passed since the last visit or

access in a store or online;

\ /K j 2 Frequency represents the frequency
\/ Y of purchase in number of days;
Max interest for item in the Number purchased item in the o )
cluster cluster 2 Average spending is the average
Sgiolineerses | value of single ticket for the customer
1: Observed (Totem, Online, etc.) . ] .
T (estimated on the basis of the admin
3: Purchased item track record)

Snap4City (C), December 2024 12
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Clustering on user profiling

= -
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 3
RFM_PRS_ONPREM_DaysRecenc Recency presence store %
y 5
FidelityUsageRange Fidelity card use %

Q
CUS_FIDELITY_CARD_LEVEL _CD Fidelity card level g
Cluster_k_Interest size[13] Max interest for each cluster §
Cluster_k_Purchased size[13] Number of items purchased <

1234567 89101112131415161718192021222324
Number of clusters k

Snap4City (C), December 2024 13
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Clustering on user protiling

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

STIAP4TITy (CJ, DECEMDEr ZUZ%
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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 6000 o s
cluster analysis custome
r 5000
1.1 Customers with average spending amount 5167 1000 W 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 | -
and #12
14 Customers with: recency of about 23 days, 173 Lh 2 3124 5 6 7138 5 1011 1213 14 15 14
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), December 2024 15
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customer similarity for each customer cluster the most Item Complementary Item Clusters
representative items are suggested; e | e e e oo
item similarity: considering the last items purchased by the z DTBEEE LG L2520 1E
. . . . . . . 1 3 0.24465057 0.5606231 1.213722 11948
customer according to the information contained into its profile, and C 0.24336057 0.5576670 1277549 11885
- - . - 4 0.22298667 0.5109797 1.282096 10890
randomly selecting items in the same item clusters; 3 0.34351004 0.6259701 135519 | 16776
. - N - 7 0.32391425 0.5902612 1.298495 15819
item complementary: considering items that may complement the 2 s 031302182 0572022 T3i054 | 1531
last items that have been bought by the customer according to a table . — — ALl
of complementary items; AR R
item associated: in order to improve a customer's purchase a 0.27753548 0.6008511 1507592 13554
. 1 0.24465057 0.5296569 1.213722 11948
frequency, we generated suggestions for customers who purchased an 2 0.29840080 0.7487156 T36a37 | 214573
- - . 3 0.27753548 0.6963625 1.507592 13554
item in the last three months; 4 ; 0.26578205 0668722 1467029 12580
suggestions for serendipity: randomly selecting items to be - e e

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

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

2014 A tasAv
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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.

Snap4City (C), December 2024
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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

®
@ |#[eme0 | B8 vARGROUP PATRIZA PEFE SE> (37 consulting
sicetelecom.it
| O
= PO R OPERATIVO REGIONALE t k
<. CreO«=non aC
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Multi Clustering Recommendation System for Fashion Retail

Plerfrancesco Bellini' - Luclano Alessandro Ipsaro Palesi' - 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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XAI: Explainable artificial
intelligence
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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

Explainable Explainable

Learned
Function

Training data Learning
Process

Model Interface

Improve prediction models

AU XA Increasing productivity
Building trust and adoption

Ethical

Snap4City (C), December 2024 21
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A white-box model is explainable A black-box model is not

by design. Therefore, itdoesnot  explainable by itself. Therefore, to
require additional capabilities to be make a black-box model
explainable: .

explainable, we have to adopt
several techniques to extract
explanations from the inner logic or
the outputs of the model.

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

e Naive Bayes,

. CNN
2alvNINS . LSTM

Snap4City (C), December 2024 22
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Model Developers: To improve or debug the model.

Business Owners/Administrators: To evaluate Al capabilities, ensure
regulatory compliance, and guide adoption decisions.

Decision-Makers: To build trust in Al and make informed decisions
based on its outputs.

Impacted Groups: To seek recourse or contest decisions that affect
their lives.

Regulatory Bodies: To audit for compliance with legal, ethical, and
safety standards.

Snap4City (C), December 2024
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m Ways to explain Example XAl methods

How (global model-wide)

Why (a given prediction)

Why Not (a different prediction)

How to Be That (a different prediction)

How to Still Be This (the current
prediction)

What if

Asking about the general logic or
process the Al follows to have a global
view

Asking about the reason behind a
specific prediction.

Asking why the prediction is different

from an expected or desired outcome.

Asking about ways to change the
instance to get a different prediction.

Asking what change is allowed for the
instance to still get the same
prediction.

Asking how the prediction changes if
the input changes.

Snap4City (C), December 2024

ProfWeight, Global feature
importance, Global feature inspection
plots, Tree surrogates

LIME, SHAP, LOCO, Anchors, ProtoDash
CEM, Counterfactuals, ProtoDash
CEM, Counterfactuals, Counterfactual

instances, DiCE
CEM, Anchors

PDP, ALE, ICE
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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
11
|||||

SHAP

Output =0.4
1

— Age =65
«— Sex=F
=
-]
T

— BMI =40
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Advantages and Limitations
Advantages:
Fairness: Based on Shapley values from game theory.
Model-Agnostic: Works with any ML model.
Additivity: Attributions sum to the model’s prediction.
Visualization: Intuitive plots for interpretation.
Captures Interactions: Handles individual and feature interaction effects.
Limitations:
High Computational Cost: Expensive for large/complex models.
Approximation Errors: KernelSHAP may introduce inaccuracies.
Baseline Sensitivity: Results depend on the chosen baseline.
Scalability Issues: Struggles with high-dimensional data.
Expertise Required: Can be challenging to interpret.
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*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

*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-

uxvessit | DINFO | DIS! :
PEOE T | Resmeon ™ | pemm 6" - ternretal
FIRENZE | D8N imazione | TEGHNOL J J J JfJ b :) f r-) f 'j 5 :J _,J
with tf.device('/device:GPU:8"'):
explainer = shap.TreeExplainer(MODEL)
shap_values = explainer.shap values(X_train)
Dey: I b High
aiTemosIR et
Lo R s
Letuce | s
. umidity
D ——|
Humidity MaxTemperature
MaxTemperature | e
: recip
PrecipSIR [
g LevelSIRFre o e
Lot Fre s S prediction.
= . S
Day! [ - o
] Longitude bl
Longitude |G 2
Temprerature ®
Temprerature | Day30 0
Day30 |
’ VelMedSIR
VelvedsIr NN VelMaxSIR
Vetias. el
WindSpeed |
) ; MinTempSIR
iTonps R I i
ituce I i
y A'I'ttl_'de Vegetation
egetation |NEGCG_—— .
MinTemperature Low
MinTemperature [ I NRNEREEEEEE , , , , , , , )
Y. 04 05 08 100 6 4 2 0 2 4 6 axis.
Mean(|SHAP value|) ' SHAP value (impact on model output)

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

shap.summary_plot(shap_val
ues, X_train,features_names)

_)llqp )
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with tf.device('/device:GPU:8"):
shap.TreeExplainer(MODEL)

explainer

shap_values explainer.shap values(X_train)

—

base value -
0.4311 1.00

)y ) ) {{ {({({§

MaxTemperature Humidity Day3 MaxTempSIR VelMaxSIR Temperature Day15 MinTempSIR

higher lower

(a)

base value higher = lower

0.4311 1.00 1 (b)
-9 ) {{ |
WindSpeed Humidity LevelSIRIdr Day15 Day3 Temperature Day1 MaxTemperatu
f(x) base value
0.00 0.4311 (c)
B EEEEEEEEeeeeccc«

Day3 MaxTempSIR MaxTemperature Temperature LevelSIRIdr Day15

shap.force_plot(explainer.expected value,
shap_values[7,:],fields)

Snap4City (C), December 2024

The ability to explain each prediction, is a very

important promise in an explainable Al.

(a) value of VelIMaxSIR, 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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erpretability — 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
>)))//;q_—(((
S4304 3S871 S854 RedoxFeCl3Pot diff_S904B diff_S854 S484 S851

Explanation of prediction generated by model for normality

0.2428 0.2528 0.2628

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

>W’—-{%%\

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.Deep
shap values mis

Explainer(classifierLoad,X test df)

= DE_mis.shap values(X test df[(minutes-21):(minutes-28)])

Snap4City (C), December 2024
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Predictive Maintenance

RN E q

s Y N Data Analytic
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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

¢“SNAP/ciry 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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Ccomplex
e Elements:
— Machines: A...C

— Storage: silos...
— Flows:...

 Dependencies
— Cascade effects

* Early warning
— Reduction of costs

— Recovering from failure is more expensive
than correcting in advance

— Possible advanced replan and reschedule:
secondary solutions

Al

Critical functionality

Snap4City (C), December 2024

Plan Adapt

System
resilience

Time
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Data acquisition
Production - Maintenance

Workriow ¢“SNAP/crTy &

Business Intelligence for

A

Feature selection,
Feature engineering

CNN-LSTM Training

Validation Al
Model

CNN: Convolutionary NN

CNN-LSTM
Engine

F/NF

Maintenance

Explainable/XAl

LSTM: Long Short-Term Memory

(deep learning model)

Structure of the plant

SnapA4City (C), December 2024

Classification JJ
Model

(Shap)

{features (t)}

integration of workflow management system for

maintenance with general control systems and
data flow

- ﬁ =4 Decision making
e b B on more cases



IPARTIMENTO DI DISTRIBUTED SYSTEMS

FIRENZE | Rocauismn | avgivienser’” 10
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DEGLI STUDI DINFO DISIT - J -

Plant
Status

’Real T|me *

Production Synoptlc

S iy @ . Control

— — ==

Dashboard for -
Production Control

=)

1,865

R
%ﬁess Intelligence

Business
Logic 2

Snap4City (C), November 2022

Supervisor |
loT App 1 R
OpenMaint
_____ loT App

Maintenance
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Dashboard for monitoring: e

ACIDO G OROROD

310

» Tool: ElasticSearch — Kibana ordinary and
» Realtime extraordinary |
maintenance

[rem———

prove3

Count
ORDINARIO MECCANICA SPECIALIZZATA
mp temperature eneygy

datetime

des_forecast 2020

value_type keyword: Descending - Count ¥ deviceName keyword: Descending - Count
CARBONATO DI PDTASSID
ACIDO CLORIDRICD

cloruro Ferroso  IPOSODIO o

CLORURO FERRICO STANDARD

production

cancoc\oruro‘emcostanda(d

misuradensitasoluzioneinproduzione
= Pressionegasailimitidibatteriaimpianto  1€MPperaturareattoreR4003

contatoreBigbags1000kgKOHscaglie Tempei

1linea

RedoxFeCi3Pot

eattoreR4001

antitaN.

% PortataKOHdaelettrolisiastocks30p_tot  NaOHrampa3caricoprodotti_tat
portatacloroaR4001reattoreproduzione 54303  QuantitaNaOHpe:

press\onefondocotonnaCQOQ caricocloruroferrosa_tot
54305 portatacloro  KOHrampa2caricoprodotti 5954 gpac portataHCla 54304 ConversioneKOHlinea2
" . 3 .. pressionefondocolonnaC980
f"”“’["""""e"”””""fd ' NaOHrampa3caricoprodotti 54306 S904A S2226B S488  sg71 S879 Pre ,\cnereattoreR4U:,\jH )

y ; 100 59048 S822 5874 S904E  Pressionecollettoreaspirazione  caricoiposodio

portatacloroaHCl4linea ConversioneNaOH ., oo o (??fl,(,, 5877 5484 S810A S810B S873 S904D o NaO =
ConversioneKOHiinea3 ggo il s Mo S5104 5486 S487 $5101 - PortataNaOHdaele t PortataKOHdaelettrolisiastocks30p

B e misuraportatacloro e 5852 5872 S878 gg57 NaOHrampa2caricoprodotti 59548

caricoiposodio ot b o oo ttoreR4001 RedoxFeCI3Pot2  ConversioneKOHlineal t  portataHClastock tot |
QuantitaNaOHperBatchNaClO_tot portatacloroaHCl3linea  NaOHrampa2caricoprodotti_tot P PesoreattoreR4002

contatoresacchi25kgKOHscaglie F_KOHK2CO3 TemperaturareattoreR4002

QuantitaNaOHperBatchNaClO_2_tot F_KOHScaglie
caricocloruroferricopotabile

s461 misuraportataSoluzioneFeCi2ba:

eNaOHresiduaApplikon

KOHrampa2caricoprodotti_tot yort

misuradensitasoluzioneinproduzione_temp

vaiue_name keyword: Doscending - Count | [ ] ‘ 1 F-‘

SR VWY I Y mET = o= = i
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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,

60

chemicals compounds produced _%
« List all the details: event datetime, Permission List, : I ]| .
Plant, Signature, Specialty, Status, Job Type, Air =l ]

Temperature, air humidity and rain

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

Snap4City (C), December 2024 37
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Jverview reatures
Feature Plant Description Unit of measure
°C

TempreactoreR4001 - chlorine paraffins (CPS) reactor temperature indication

(e

TempreactoreR4002 -

TempreactorR4003

Potable Ferric std Storage level indication %
sa304 chlorine paraffins (CPS) Storage level indication %
Potable Ferric std flow rate measurement and totalization m3
Potable Ferric Chloride flow rate measurement and totalization m3
Potable Ferric Chloride Storage level indication %
AEOIILCa flow rate measure and totalization It — m3
AcClalltoln electrolysis load adjustment (production) KA
NaOH KOH flow rate measure and totalization m3
NaOH KOH Storage level indication %
sodium hypochlorite quantity of material produced m3
sodium hypochlorite Storage level indication %
HCI Storage level indication %
Ferric Chloride std potential measure redox Ferric Chloride mV

Snap4City (C), December 2024
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For S857, S856, S851, S852, S854, S871, S487, S484,
S5104, S904E, S904D, S4304, S904C, S904B, S904A
(level of the storages)

I 43 features for 343183 minutes

difference with the previous minute to highlight the total 37286 minutes of failure leading to downtime.
daily production of a given substance.

| 2 AP J
oYY n on o

. r r r & r r r
| € / J J ( J

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

(Xl,Xz, ...... ,Xzo) (Ygo)
(X21X3l ------ ,X21) (Y81)

(Xn!Xn+1' """ ,Xn+19) (Yn+79)
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2 e , @
Classiticat)
Layer (type) Output Shape Param #
otw (ST Qlove, 2, 20) 155200
lstm_1 (LSTM) (Nome, 20, 200) 320800
1stm_2 (LSTM) (None, 20, 200) 320800
Istm_3 (LSTM) (None, 20, 200) 320800
Istm_4 (LSTM) (None, 100) 120400
dropout (Dropout)  (None, 16@) )
dense (Dense) (None, 1)

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

oNn model

0.8 4

Tue Positive Rate

02 A

0.0 4

C"s NAP/city s

LSTIV

r""w.m,

0.6 1

0.4 1

=== No Skill
—=— Model LSTM

AUC: 0,822

0.0 02 04 06
False Positive Rate

Predicted Class
191 ACtuaI CIaSS “

Normallty

3229
1436

43485
3246

IJB 10

Accuracy
0

0,874

- Precision % Recall % F; score %

weighted avg

Snap4City (C), December 2024

40



UNIVERSITA
DEGLI STUDI

FIRENZE

Input

Convld

AveragePooling

DINFO | DISIT

lPART!MENT oDl DISTRIBUTED SYSTEMS
INGEGN AND INTE!
DELL’ INFORMAZIONE TECHNOLOGIES LAB

Output

) 9 PO , @
Classification model
Layer (type) Output Shape Param #
Ccomld(ConviD) | (Nome20.64) 8320
average_poolingld (AveragePo (None, 10, 64) 0
Istm (LSTM) (None, 10,200) 212000
Istm_1 (LSTM) (None, 10,200) 320800
Istm_2 (LSTM) (None, 10, 200) 320800
Istm_3 (LSTM) (None, 10, 200) 320800
lstm_4 (LSTM) (None, 100) 120400
dropout (Dropout) (None, 100) 0
dense (Dense) (None, 1) 101

Total params: 1,303,221
Trainable params: 1,303.221
Non-frainable params: 0

Snap4City (C), December 2024

]
&3
:
E
-1}
= -
N AUC: 0,934
. -
e -=- Mo Skill
ool & —— Model LSTM
0.0 02 D4 06 0.8 10

Predicted Class
Normallty 45811 0
3306 1376 0 9 1 8

F; score

welghted
avg
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Deep Learning: LSTM, CNN-
LSTM approached

Explainable Al: Identification
of possible causes of fault

_ Precision % | Recall % |F; score % T

< = Model L5TM

welghted avg 0.90 0.92 0.90 . , , . : ;

Tue Positive Rate

0.0 0.2 04 0.6 0.8 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 0.3¢

D

S904C S871 KOH_2_charge KOH_1_charge RedoxFeCl3Pot diff_S904B potFerricChloride diff S484 S484  diff S857 diff S4304 S851 S487 diff_S904D

Snap4City (C), December 2024
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Explainable/XAl - CNN-LSTM (SHAP)

Explanation of prediction generated by model for fault

higher — lower

base value fi(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
>>))»3/_,!!_—$((
S4304 S871 S854 RedoxFeCI3Pot diff _S904B diff_S854 5484 S851

Explanation of prediction generated by model for normality

0.2428

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

D S N S E—— WA

S904C S871

KOH_2 charge KOH_1_charge RedoxFeCI3Pot diff S904B potFerricChloride diff _S484 S484 diff_ S857 diff_S4304 S851 S487 diff_S904D

y Mon 23 Aug 09:54:43
Organization:iotobsf:MaintPredHistory - prediction (Bm) © o
i ﬂ n_nﬂ M
o
25 29.Dec 30 IDec Ldan 230 3den 4Jan 53an &Jan 7.an 8.3an 9.Jan @dan Ndan 1zJan T3dan 16Jen Tsdan 163an TW.Jan 18.dan 19320 20.0an 2.0 22.3an 253 28080 22.3an 30
Dee Dee
Time trend comparison (Em) ©

“‘ff'}nf\u‘i" oY ,‘-a:' i

| | | | \ ‘ ‘ F\!I. I i
1 ".""“I" ,‘M ‘L“‘“ “ly‘fw h l: m’ l" ‘ | * jla q” .,

28.Dec 30.Dec L3an 33an s3an 7.3an 9.3an LENY oan 3an LENY 1930 2380 25390 25.3an 22330 2930 EENY
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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," dol:
10.1109/ACCESS.2022.3158328.

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

E-1-8654-3483-471 /831 00 @202 ] IEEE | DOL: 10,1 108 BigDatabervica$2 382 202100007
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2021 TEEE Seventh Intcrnational Conference on Big Data Compuoting Service and Applications (RigDataService)

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

Pierfrancesco Bellimi, Daniele Cenni, Luciano Alessandro Ipsaro Palesi, Paolo Nesi, Gianni Pantaleo
Dristribaed Systems snd Intemet Tach lab, Deparmment of Infonmation Enginesring, University of Florence
DASIT Lab, hitpe‘wivw.disit org , https-//worw. snapdindustry.org : email <name sumame=-Zumifi it
Corresponding Anthor: Paols Nesi, paolo. nesii@unifi it

Absiract — Predictive Maintenance has gained more and
muore rezearch and compmercial interests, being 2 pivotal topic
for improving the efficiency of many production industrial
plants to minimize downtimes, as well &3 to reduce operational
cozts for infer i Sohtions reviewed in Liferstwre are
inryessingly bazed on machine learming and desp leaming
method: for prediction of fault promeness with respect to
narmal working conditions. hfany state-of-the ant sohmtions are
not acmally applied in real scenarios, and have restrictions to
e exeouted in real-time in the production emviromment Jir this
paper, 3 framework for predictive maintenance iz presanted It
has been built upon a desp leaming model based on Lang-
Zhort Term Memory MNewral Neramrks, LSTM and
Convolutional LETKL The proposed model prowides a one-
hour prediction of the plant status and indications on the areas
in which the lm:n‘amm should be performed by using
explainable LETM . The solusion has been validared
against redl data of ALTATR chemical plant, demonsirating an
high scomracy with the capability of being exeomed in real-
time in 3 production operstive scensrio. The paper also
imtroduced bosines: imtellizence tools on maintenance data
and the architectural infrastructure for the imtesration of
predictive maintsnancs approach.

Keywords—Pradiciive  Maintenance, indusoy 40,
Learning, Comeolurional Neural i\,dw.rh, CNN, Lomg-Short
Term Memory Nevworks, LT

L INTRODUCTION

In real world Industry 4.0 scenarios, it iz pecessary
mazimize the effidency and productivity of plants, in order to
improve competitiveness in the market To this end, a cnacial
role iz played by the production plant maintenance In addition
to efficiency and producivity, good maintensnce reduces
operative costz, improves the produoct quality, and rationalizes
resources. Tvpical kinds of maintensnce policies are
Comrective Maintenance (CM) and Preventive Rlaintenance
(PhD). The CM [Elanchard et al, 1005] or mm-to-failure is
quite expensie, it consists of the intenvention after a failure in
the production cyrle that in maet cases leads to the production
plant sop. The P is defined 3= maimensnce camied oot
according to predetermined technical criteria [Gentles, 20207
PAI can reduce the member of faihres/'stops and can also be
cychical (timebazed maintenance TEM) and predictive
{condition-basad mamtenance, CELI). In TEM the decisional
process iz determined on the basiz of failure time anahyses
[Yam et al, 2001], [Jardine et al, I004]. In complex
production plants, kinds of (-3

production linez. For PR sohitions and techmiques proposed
in research kitersture cam be classified in three
based an: physical, dats-driven and hybrid [Liso and Fothg,
2016].
Inthispapa,animegntedmhﬂimfm'pmdicﬁve
maintensnce in chemical plant is presented Most of the
chemical plants are critical infrastroctares which present a
production process never stopping and nmning 24H7D per
week The caze taken imto accoumt presents a production
process incloding chemical prodocts which have to be
carefully treated for their potential impact on the environment
in case of arcident. This implies that early waminz and an
eﬁdmmﬂememmm?pu]idawbe
estahlished to become opx ve The aspects in this
paper are: (1) the usage of desp leaming techmigues for
predictive maintenance, specifically Long-Short Term
MMemory Mearal MNetworks, LETIM and Convohmtional LETRL
with same techmique for explaining the prediction which can
be uzad to help the maintensnce teams; (if) the integration of
workflow management system for mantensnce with general
control syztems and data flow {also developing Mode-Red
library for integrsting dsta flow and weordlow ticketing
system); and (iif) a business intellizence tool for maintenanca,
ThesolmmhasbeendnﬂnpadmlmhngﬂnluTlnﬂumv
4.0 iz and ok called
Snap4Industry, which in tum is based on Snap4City which is
100% open source (and licence free) and it iz awvailable at
[Efttps:/fwwwe snapdcity.oop], [Badii et &1, 2020a], [Badii ot
al, 2020b). The new capsbilities have been exploited to
implernant the higher-level contral in the larze chemical plant
of ALTAIR.

Thiz paper is srocmred as follows: in Secton IT, a8 review
of related work in the context of Predictive hMaintensnce iz
repomted In Section IT1, the general architecture of the solution
iz presemted, where the action to put in place a predictive
maintenance asperts to work in real time are evident Section
I B describes the Business Intellizence for the anabysiz of the
maintenance data In Section IV, am early version of the
FredlcnveMmmmx.nﬂe\IDdalhsedunLSTMmdﬂmhed
with itz asseszment Section V prezents an advanced Predictive
Nzimtensnce hipde]l based on CHM-LETM and its walidation
resultz. All the validations have besn performed by taking into
account deta of ALTATF. chemical plant. In section W.C, an
approach for explain the results in real time and thus for
the area in which to operate has been reported Finally, Section
VI reports conclusions.
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L
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) ;n::EE - 7 Longitude of the area in the EPSG:4326 format Deg 11.51586

THAA 2 a o S S VAT Altitude of the area m 467.204

L aanaa ARAsamaa e ] =y T Acclivity of the area % 45.942

@ NAaas A A Foire Vegetation of the area % 0.262

tina (1 - ASAaaans EEE;E S NI soil type at the event site (class UCS) 223-Oliveti

a - A NATh Rainfall on the day before the observation mm 12.453
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F'r:""_“'_ ] E%’:‘E ;22:5:225555 Average wind speed on the observation day (SIR) m/s 0.9
Bsaér?- . A AR Maximum wind speed on the day of observation (SIR) m/s 1.8
J 88e Eb phreatimetric data on the observation day (SIR) m -4.34
mn:;::?:ﬁ@_';'---__h Water (river) level recorded on the observation day (SIR) m 0.8
1 o WIS precipitation on the observation day (SIR) mm 0
°C 0.5

. landslide events A rain gauges grid Minimum temperature on the observation day (SIR)
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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.
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Predicting and Understanding
Landslide Events with Explainable Al

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

1]D]Sl'1']a'quthﬁommEhgma'mg huetps:www disit are, bitps aww OIE,
2) ST, Dept. of Earth Science, University of Frarence, mp, AW st umif |
University of Florence, rgfemail: paodo. nesimmi i

ABSTRACT Rainfall induced landshde 15 one of the mam geological hazard in Italy and in the world. Each
wvear it causes fatalifies, casualties and economic and soctal losses on large populated areas. Accurate short-
term predictions of land:=lides can be extremely important and useful, in order to both provide local authorities
with efficient prediction/early waming and increaze the resilisnce to manage emergencies. There is an
extensive literature azddressing the problem of computing landslide susceptibility maps (which is a
classification problem exploiting a large range of static featwres) and only few on actual short terms
predictions (spatial and temporal). The short-term prediction models are still empireal and obtain
unsatisfactory results, also in the identification of the predictors. The new aspects addressed m this paper are:
(1) a short-term prediction meodel (1 day in advance) of landslide based on machine learnng, (1) real time
features as good predictors. The mmtroduction of explamable artificial mntelligence technigues allowed to
understand global and local feature relevance In order to find the best prediction model, 2 rumber of machine
leammg solutions have been implemented 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, demoenstrating that it 15 the most reliable
and robust against false alarms. Finally, we applied explainable artificial intellizence techmques locally and
glebally 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 their impact
i the local cases and global prediction model. Sclutions have been implemented on Smap4City.org
infrastructure.

INDEX TERMS landslide prediction. machine-learning, explainable artificial mtellizence, spapdeity

L. INTRODUCTION and hills, is quite piible to landshde. These ph

Land:lides are increasingly frequent zeologic events which
may involve rural areas, as well as cities and impact on
largely populated areas. These phenomena are responsible
each vear of several losses and casualfies; according to [1],
from 2004 to 2016, 55997 pecple were killed i 4862 non
seismic landslide events worldwide, with a major incidence
in Central America, Canbbean islands, South Ameriea, along
the Andes mountain cham, Asiz, East Africa, Twrkey and the
Alps in Ewrope. The same authors identified ramfall as the
maimn the mgzgering factor of 79% of non-seismic landslidas.

Italy is the European country most affected by landshdes,

with about 2/3 of know landslide im Furope [2]; in fact, over
620000 known landshides, coverng almost 24°000 km?®
(7.5% of the whole national territory), are present, according
to the Itzlian land:=lide inventory [3]. From 15971 to 2020,
1079 fatalines have been caused by landshides in Italy, along
with 1416 casualties and over 146’000 evacuated and
homeless [4]. Tuscany is an Italian region highly affected by
landshides, simce zbout 91700 landslides are present [5].
covering 2107 km® (9% of the temitory). The province of
Florence, due to its geological seting, mamly made of clay-
sandy deposits and its morpholozy, made of altemnating valley

VOLUME 3¢, 2017

pose a real nisk for the pomllaunn and one of the possible
solutions for its reduction is the setfing up of early warning
systems. Typically, "wake-up call” and early warnmg
systems are setup to inform the population about the
occwrence of landslides m quasi real tme. Shert term
predictions, ranging from a few howrs to one'two days, could
save a relevant number of people. Thus, the short-term
prediction of landslide events could be a very powerful tool
in the hands of authorifies to ocrganize evacuations a.nd
manage an gency smee ifs I ton, thus pr £
bhuman mjuries due to such catastrophic events.

The most commeon approaches mly on stafistical or
empirical approaches mixmg static information desenbmg
the terrain with real time data computed on the basis of recent
days. In particular, as to ramfall induced landshides, m [6] and
[7] authors highlizhted the comelaton of the amount of
ramfall 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 methed of rainfzll thresholds to
identify rzin conditions associated with such landslide
tnggening [8]. [9]. Machine leaming approaches are widely
used in landslide hazard mapping [10] which can be regarded

Thiis work i licensed umder 2 Creattve Commons Attribution. NonCommencial. NoDetvattves 4.0 License. Fo more informasion, see hitpe. creasvecommons ongficensesiby- nc-ndiasy

56


https://ieeexplore.ieee.org/abstract/document/9732490

:; 4|CITY |
v

—"‘ﬁm‘

E‘M

UNIVERSITA Y= X
DEGLI STUDI BF(‘ITIMNEN'E Dlo R}\‘sgm?ggﬁi%s%mms
FIRENZE | D8tESimazione | TECHNOL OGIES LaB CITy

Predicting free parking slots
Explaining temporal impact of features

Parking 58C

= FYgT Capacity Free Slots 9m  Occupanc... 9m

85§ 744 12.9%

OverparkingSlots m Unknown State Slots  9m

0#

- -
Cennunr*

X\ O--..
AT ="

9m 0

©

X ' 7/ 7.

¢
LT

bl

Time Trend Comparison Cane

> >>>>>@"'""

Thursday, Oct 86 2023, 0420
Previous: 47

Snap4City (C), December 2024



g:‘

A§re
0- 'Pﬁm g

hsr
SN %,

DINFO

INGEGNER
DELLINFORMAZIONE

UNIVERSITA

DISTRIBUTED SYSTEMS
AND INT] ET
TECHNOLOGIES LAB
Fe ip

DISIT | Cc+SNAp4C|Ty

Integrated Gradients is an explainability technique that attributes
the importance of each input feature to a model’s prediction.
Measure the contribution of each input by integrating the gradient

of the predictive function along a path between a baseline input
and the actual input.

Applications: Effective for deep learning models, image
classification, natural language processing, and more.
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— F(x) predictive function
, 1 OF(x' + C((X . x/)) ] — x actual |npUt
1G; = (x; = x;) O @ —x' baseline input
a=0 Xi
— «a interpolation parameter between

the baseline and the input

* Baseline:
— Represents a “neutral” input, e.g., a black image or an empty sentence

e Path Integral:
— Computes the integral of the model’s gradients along a linear path from the baseline to the
actual input.
* Desirable Properties:
— Sensitivity: Features with no impact on the prediction receive zero attribution

— Linearity: Attributions are additive for linear models
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Advantages and Limitations
Advantages:

Works with complex models.
Guarantees sensitivity and completeness properties.
Requires only access to the model’s gradients.
Limitations:

Choice of baseline can affect results.

Computationally intensive for high-dimensional data.
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: ABSTRACT Looking for available parking slots has become a serious issuc in urban mobility, since it
influences traffic and emissions. This paper presents a set of metrics and techniques to predict the number
of available parking slots in off-strect parking facilitics. This study deals with deep learning model solutions
according with a mid-term prediction of 24 hours, every 15 minutes. Such a mid-term prediction can be
uscful for citizens who need to plan a car transfer well in advance and to reduce as much as possible
any computational cffort. Since most solutions in literature are focused on 1-hour ahead prediction, the
proposed solution has been also tested in these cond: . The proposed sol is based on Convolutional
Bidirectional LSTM models. Results have been compared in terms of precision metrics based both on
occupancy and free slots. The paper also provides a framework to pass from an assessment model based on
occupancy to models based on free slots and vice-versa. The obtained results have improved those already
available in literature. A formal study has been conducted to perform feature relevance analysis by using
explainable Al technique based on gradient and grated d and prog g new heatmaps which
highlighted the difference from LSTM and Bidirectional L.\T\l feature relevance (base line, weather, traffic,
ctc.) and the impact of scasonality on predictions, namely the temporal relevance of features. The comparison
has been performed on the basis of data collected in garages in the arca of Florence, Tuscany, Italy by using
Snapdcity platform and infrastructure.

: INDEX TERMS Sman city, available parking lots, prediction model, machine lcaming, decp learning,
explainable Al

L INTRODUCTION (c.g.. hospitals, stations, parks, sport stadium). Scarching for

Traffic management and sustainable mobility are central
topics for intelligent transportation systems (ITS) so as to
monitor and reduce vehicular traffic congestion [1]. [2] and
cmissions [3], [4]. [5]. Services providing available parking
slots (in real time or as predictions) are becoming relevant for
urban mobility management duc to the increment of vehicles
which need to park in cities. Drivers do waste a considerable
amount of time while trying to find a vacant parking lot,
especially during peak hours and in specific urban arcas

The associate editor coordinating the review of this manuscript and
appeoving it for publication was Bo Pu

available parking spots can be a time-consuming task that
simultancously increases traffic congestion, thus leading to
a peak of 25-40% of the traffic flow [6], [7] and greenhouse
gas pollution.

Parking slots can be located on the street (they are called
on-street parking) or in parking garages with gates (named
as off-street parking). Scarching for an available parking
space has a harmful impact on both transportation system
cfficiency within the urban tissue and sustainability. Actually,
any car parking scarching activity gencrates unnecessary traf-
fic workload and may affect the environment negatively due
to increased vehicle emissions. These issues are surely valid

This work s bcimsead under & Crastive Commans Attsution. Non Commercid- NoDerhvatives 4.0 Licene.
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LIME is a model-agnostic interpretability method that explains individual
predictions by approximating a complex model locally with a simple
interpretable model. Focus on a small area around a specific prediction
to create explanations using simpler models (e.g., linear models or
decision trees).

Select Instance: Choose the data point for which you want an explanation.
Perturb Data: Create slightly modified versions of the input.
Predict: Use the model to make predictions on these perturbations.
Weight Samples: Assign weights to perturbations based on their proximity to the original input.

Fit Local Model: Train a simple interpretable model (e.g., linear regression) on the weighted data to
approximate the prediction locally.

Generate Explanations: Use the simple model to identify feature contributions.
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Advantages and Limitations
Advantages:
Flexible: Supports various interpretable models (e.g., linear, trees).

Easy to Implement: Straightforward methodology and tools available.
Human-Readable: Produces intuitive explanations for non-experts.
Limitations:

Stability Issues: Explanations can vary depending on the perturbations generated.
Computational Cost: Requires retraining the local model for each prediction.

Interpretability of Perturbations: Artificial perturbations may not always make sense in
the context of the data.

Scalability: May struggle with high-dimensional data or very large datasets.



UNIVERSITA |
D I N Fo DISTRNIEUTE% TsYSTEMS

NEZRS7,
STEING,
3 0 .
= .
3| & z | DEGLI STUDI I ppagmiventooi
W= | FIRENZE | Nosoneria AND INTERN
" S DELL'INFORMAZIONE | TECHNOLOGIES LAB
LIsya Ny

¢“SNAP/ciry

Evaluate XAl methodologies on the time series analysis in the Al models, focus is on global XAl aspects
— With seasonality Shapley
Values
Without short- P o T
Time series > term € fhalgal Ry g eg.ra e
seasonality NG HOCo0eE: radients
> LIME

— \\/ith outliers

Snap4City (C), IEEE BDS 2024, 15-18 July 2024

66



UNIVERSITA
DEGLI STUDI

FIRENZE

ol na'm,

DISIT z
= v ¢“SNAP/cry

Han © 'P*m,,e

DINFO

IPARTIMENTO DI
INGEGNERIA
DELLINFORMAZIONE

Worktiow

- XAl Global Explanability
eature ..
Temporal Explanability e
Model Training SHAP LIME

Snap4City (C), IEEE BDS 2024, 15-18 July 2024 67



UNIVERSITA DISIT
FIRENZE D%!%IEO T A
F I RE N Z E DELLINFORMAZIONE TECHNOLOGIES LAB

Time-series with seasonality

Cardinality Sampling rateistr(minutes) | Target variable
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freeParkSlots over time
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f(freeParkSlots;_1,SOD;_4, POD;_4, temperature,;_, humidity,_,)— freeParkSlots;

Bilotta, S., Palesi, L. A. ., & Nesi, P. (2023). Predicting free parking slots via deep learning in short-mid terms explaining temporal impact of
features. IEEE Access.
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[ime-series without short-term seasonality
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Bellini, P., Bilotta, S., Cenni, D., Collini, E., Nesi, P., Pantaleo, G., & Paolucci, M. (2021). Long Term Predictions of NO 2 Average Values via Deep Learning. In Computational
Science and Its Applications—ICCSA 2021: 21st International Conference, Cagliari, Italy, September 13—16, 2021, Proceedings, Part VIII 21 (pp. 595-610). Springer
International Publishing.
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P. Bellini, D. Cenni, L. A. I. Palesi, P. Nesi and G. Pantaleo, "A Deep Learning Approach for Short Term Prediction of Industrial Plant Working Status," 2021
IEEE Seventh International Conference on Big Data Computing Service and Applications (BigDataService), Oxford, United Kingdom, 2021, pp. 9-16, doi:
10.1109/BigDataService52369.2021.00007.
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Input —— E— E— E— _— O — Prediction
- 1024 32
te O )
~—
Conv1D + AvgPooling1D LSTM Dropout LSTM Dense

Convolutional network for locality patterns detection
Recurrent network for temporal patterns detection

With Seasonality 2.0100000 15.50000 0.995
With no Seasonality in the short-term 0.7200000 0.98300 0.968
With outliers 0.0000093 0.00164 0.939
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Experimental result
|

Time series with seasonality

freeParkSlots Shap values local means freeParkSlots Integrated Gradients FPS Lime value local means
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* The methodologies show consistent behavior in capturing the seasonality of the target variable of this
time-series
* The scales of the results are different while the substance is very similar
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Time series without short-term seasonality
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* The methodologies show consistent behavior

* LIME shows very drastic passage from green to white and red dividing areas between the signs of impact
LIME is actual less stable than SHAP and IG seems to be the smoother
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* LIME and IG seems to provide more coherent results between each other, highlighting alternating influences on the

Difficulty for SHAP to compute feature impact on time-series with outliers (effect of the last negative peck)

model output, at a different scale and losing a part of the smoothness
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Plot Shap, IG and LIME values for the feature diff _S871 which is one of the variable

determining the anomalies/outliers.
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* |G exhibits better behavior in the presence of anomalous values, while SHAP and LIME are more sensitive.

*  LIME actually shows again instability and saturation of its behavior with respect to the trend of the variable.
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SHAP 4204.58
With Seasonality IG 32.95
LIME 1598.82
SHAP 60.87
With no Seasonality in the short-term IG 0.61
LIME 45.54
SHAP 1162.38
With outliers IG 0.81
LIME 2763.81

Dell Precision 5820 Tower equipped with 12cores from Intel(R) Xeon(R) W-
2235 CPU @ 3.80GHz, 32GB of RAM and 1.5TB of space
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____ coherent behavior from the XAl methodologies

Without short-term

(SHAP, IG, and LIME) compared

. . seasonalit
Time series L
SHAP was not able to provide insights on the target variable
— compared to LIME and IG. Between these two IG was able to
With outliers provide more coherent explanations with respect to LIME
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|G resulted faster than SHAP and LIME
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Abstract—Antificial  Intelligence models have been
employed in various fields, leading 10 3 growing interest in
the subject and in the development of the models. The direct
involvement of complex Al models in decision-making
processes stressed the needs to explain the rationales behind
the results, globally and locally for cach prediction/result via
eXplainable Artificial Intelligence (XAI) techniques. This
paper compared three XAl techniques (SHAP, LIME and 1G)
with aim of using them for temporal explainability of
prodictive results regarding time-series in order 1o understand

if these methods are able provide temporal explanation of
decp learning Al models. The comparison provided has been
qualitative and quantitative and addressing computational
performance. This work has been partially supported by the
CON MOST, national center on sustainable mobility in Italy,
on CAMDSA of FAIR, and has been developed on the
SnapdCity platform

Keywords—time-series, XAl LIME, SHAP, Integrated
Gradients

L INTRODUCTION

In recent years, technological advancements have
facilitated the collection and exploitation of Internet of Things
data over tme. They are tme-series adopted in vanous
scenanios, from Smart Cities to Industry. Decision Support
Systems (DSS) exploit this mformation, grounding the
decision on carly waming and predictions. Time-senies can
describe a multitude of behaviors across vanous domains,
including wrban mobility (c.g. taffic flow), energy
production (solar pancls), environment (pollution levels), as
well as tounsm (people flow), cach of which with different
kinds of trends. Regarding time-series, the increasing data
availability and computing power cnabled the development of
Al that outperformed traditional statistical methods in vanous
task  such as anomaly detection, carly waming,
forecasting. However, the success of Al in resolving a vaniety
of problems has been met by increasing model complexity and
employing black-box models that lack transparency. The
process of explaining the rationales behind the models has
been focus of multiple rescarch works. Ridley in [1] reported
the importance of providing explanations for experts of Al and
for the final users towards human-centered explainable Al
(HCXAI. More recently, multiple explainable Al
methodologies have been proposed, and the overall scenario
regarding the explanations process in the Al Life Cycle is
quite large. Furthermore, when explaining time-series data,
the complexity of pattems such as scasonality, outhiers, and

noise pose challenges 1o explainable artificial intelligence
(XAI) algorithms and techniques [2]
{. Related work

Decision making systems can leverage data-dniven insights
derived from time-scries analysis to anticipate trends,
wdentify patterns and forecast. Regarding Time-series

analysis, Al based solutions demonstrated to be capable of
gencrating optimal results in vanious ficlds. These models are
complex and often operate as ‘black boxes'. Providing
explanations of the results would improve the Al trust and
problem understanding of Decision makers

LIME [3] XAl methodology generates a set of neighbors
around a specific instance and cvaluates the black-box
model's predictions on these neighbors. LIME suffers from
stability problems: when the same explanation process is
carned out multiple times the explanations might be different
Choi et al, [4], assessed a XAl methodology exploiting
gradient calculations to discem the influence of input features
on model predictions on 3 tme-series datasets. The Al
models used for the ume-senes analysis were Long Short-
term Memory (LSTM) and Convolutional Neural Network
(ONN) based. The authors compared Grad-CAM, Integrated
Gradients (IG) and Gradients. The gradient based solution
extracts attributions as a local explanation, highlighting the
mmportance of input vanables of a sample, based on the
predicted output of a model [5]. In other approaches additive
attnbutions get calkulated to give cach feature value an
additive score as in sHapley Additive exPlanations (SHAP)
[6]. The results in [7) focused on finding a solution for a
digital consulting firm that aimed to find a data-driven
approach 10 understanding the effect of its sales activities on
sales contracts. A time-series dataset was trained using
Support Vector Regression (SVR). as XAl both LIME and
SHAP were applied to capture the temporal. In [7], the
explanations produced using LIME and SHAP have been
assessed with a survey conducted with 60 people. The results
of the human cvaluation studies clearly showed that the
explanations produced by LIME and SHAP greatly helped
humans t0 understand the predictions. Another important
finding was that the majonity of the participants preferred
LIME explanation over SHAP.

B. Aim of the paper and organization

In this paper. it has been performed a study on the XAl
methodologies (LIME, 1G, SHAP) across three distinct types
of time-series data: those with a normal trend, presence of
scasonality, and occurrence of picks 10 assess bow these
explanations vary across different charactenstics. Through
cxpenmentation and analysis, we examine how these
explanations of Al deep learning predictive models vary
according to the temporal patterns in the data, thus helping to
provide more nformative msights into the application of XAl
methodologies in time series analysis, let say TEmporal
eXplainability of Al. TEXAI The use of consistent XAl
techniques is entical 1o ensure that the explanations provided
are relisble and understandable, cnabling  greater
transparency and acceptability of machine leaming models.
This work has been partially supported by the CN MOST
national center on sustamable mobility in ltaly and by
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