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s * Anomal | n S * Price-based Demand R¢
* Probabilistic Fc | . . . . . .

new + Custom 1 + Incentive-based Demar U Descriptive data summarization and visualization for exploratory
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* Deep Learning variables and allow for hypothesis testing,
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g : simulation of the effect of marketing control settings,
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[

levels of marketing control variables.

Predictive Demand Modeling for New Services in Hyperconnected Urban Parcel Logistics

Z. Bahrami-Bidoni & B. Montreuil




Descriptive Analytics: Historical Data Mining A. Big Data Analysis:
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Diagnostic & Predictive Analytics: Modeling & Forecasting of Demand and Customer Behavior

Decision Value

Complexity, Computation, Cost Inputs —) MOdeling Outputs
Analytics
~Data Demand Analytics
Information Value\ @ @ @
Volume, Variety, Velocity
Scenario Probabilistic Residual Modeling
Generation Models & Outputs Ensemble
| ive Diz 10stic Pri
e [l povcho icModels [ cogn Point Forecasting Vs Probabilistic Forecasting

¥

Modeling & Forecas
Demand & Customer [

Three ways to modify the workflow to generate probabilistic forecasts:

1) generating multiple input scenarios to feed to a point forecasting model;
2) applying probabilistic forecasting models, such as Gaussian Process
LA regression and kernel Density estimation ;

Bt 3) augmenting point outputs to probabilistic outputs by imposing simulated
or modeled residuals or making ensembles of point forecasts such as
quantile regression .

‘1 D ations‘ Conceptual Perspective

We have used combination of first two ways for generating
scenario-based demand forecast distribution

Techni
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General Perspective of Proposed Model for Scenario-based Demand and Sale Forecasting Uncertainty
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Probabilistic pattern for predicting hourly total demand volume

F(y, m, w, d, wd, h)=P(y) * G(w) * D(m,d) * T(h,wd) \:Y;Z’ntzﬁlf*zszfz""2035 Function F(y, m, w, d, wd, h) is a probabilistic

P(y)= Total demand vol ; o f I I w_weeklzf < function which estimate demand volume in hour h
y)= Total demand volume in year y considering growth factors of potential customer population = 1 . s

G(w)=Weekly residual load variation d=date 1,2,..,31 of day d in month m of year y (within week w of

D(m,d) = day-month template structure (daily portion pattern of week load on different dates) wd=weekday Sunday (1), Monday(2],..,Saturday(7) year & weekday wd)

T(h,wd}= hour-weekday template structura (hourly portion pattern of daily load on different week days) h=hour 1,2,..,23

T'(h,d)=B, cos(Z—Zl+B2) cos(”Td+B3) + B, cos(%+ By) cos(”Td+BG) + B, cos(32L4h+BS)cos(”7d+ By)+ ...+ By cos(Z—Z+B39) cos(gﬁTd+B40) +...

. 7h . xd . 21h . ud ., 3rh . ud . 7h . 97d
+B44Sln(§+B45)Sln(7+B46)+B47 sm(§+B48)sm(7+B4g)+BsoS|n(Z+B51)S|n(7+BSZ)+ "'+B83Sln(§+B84)S|n(T+B85)+"'

+ By, SIN(By, * h + By;) COS(By, *d + Byg) + By COS(By; * h + Byg ) SiN(Byg * d + By ) + Bigy SIN(Byg, * h+ Bygy) + By COS(Byos *h+ By ) +
+ By, SIN(Bygg *d + Byyy) + B, COS(Byy, *d + By, ) + B(112)

(a) Two-Dimensional Days-Months variation surface (b) Two-Dimensional Weekdays-Hourly variation surface
h=1,..,24 fractional rates (daily week load portion pattern) fractional rates (daily week load portion pattern)
d=1,..,7 1=Sunday 7= Saturday 05

0.4

0.3

4 .

O In order to model weekdays-hourly - / f

' |\

Inelettrd
template structure we do Surface Fitting fl iI rl‘““'} “
on historical dataset and compute ‘m: j“_’,{“““ :

coefficients with %95 confidence
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Scenario-based demand estimation for new faster services

Input pattern ||»

Based on daily average rates
from historical data

New faster ||» Service #5: Delivery less than an Hour  Service #6: Delivery within 2 Hours
Services Service #7: Delivery within 4 Hours Service #8: Delivery within 6 Hours

TS: Delivery-time sensitivity weight e.g. TS=(sales rate on service#1) / (sales on rate service#1+ sales rate on service#2)

Cumulative probability function of demand in same order category extracted

Transformed cumulative probability function of demand in same order category resulted
from historical sales data over old set of delivery-time service offers

from Algorithm # 1 over new set of delivery-time services including new faster offers
< g 1 QT : 1
-— — -
0 T I ey —‘ R : I
. _‘ . _‘ /
F© 4 LS umulativasmha kit

|I' B —, function over all new
: set of delivery time

services

&

! I Delive time v v ’ ! ! Delive time
2 4 6 10 30 70  hours 2 4 6 10 30 70  hours
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Algorithm for simulation of customer preference over all potential continuous delivery-time

D: Average daily demand forecasted by first model

P: Total percentage of potential customers seeking new faster services (one of scenario assumption).

0% = {IIOId,tfld,..., tSOId} : The set of all promised delivery-times in the old service offering system.

oM = {thew, tévew, ey trNew} : The set of all faster delivery-times in the new service offering system.

s .. . .
Ve = (vtco,d R vtco,d yenes vtco,d ) R Z IVfozd =1: Probability vector of demand over the set of old offering services.
1 2 s =1

Bass Model (1969) was defined
using a differential equation in
which purchases are initiated
by mass communication and
further driven by word of
mouth (WOM) from past
purchases.

Algorithm #1:
) . . ) - ) , 5 .
Goal: Computing cor7t/nues cumula.t/ve pr-obab/l/t){ function of Stage 3: g = ch / ( trzvew) . L= ch
category c for selecting over all delivery-time services.
~“pdjori=u1r aha "Udjor i=t1ts
Stage 1: Compute the vectors K = (KS,KIC,KZC,...,KSC ), . J / ;
. . F)y=a*@"") L=L+K;,
where Ky =P*D#*w _, and End F®)=1
Ki:(l—P)*D*w;d*v:_o,d ,i=1,..,s8 End
i Stage 4: Fitting below function inspired by Bass diffusion Model
Stage 2: Normalize K°to get the vector K¢ = —K° F,, @)= (1 —exp(—(p+ Q)t))/(l +(q/p)exp(—(p+ Q)t)) and
C
Zi:O i compute the optimal p* R q* coefficients with lower function error to the

where its first component ch’ is the cumulative probability of data sets T = {l‘, e (ONew U OOld)} ’ F(T) _ {]}(t)’ fe T}
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Prescriptive Analytics: Demand Response Management | =[] B e (i
S8 = G o = . @ D Central Business District (CBD) écﬁ%

CJ Industrial estate
2 Decision Value , ] @

H Complexity, Computation, Cost ﬁ - Intermixing of commerce and residence (mainly business)

8 . D Intermixing of commerce and residence(mainly living)
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. Gl o 8
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o -:{(.:F Specialized market = W =
3 Else

Q

U @ & & &

u )+

c ~Hels, Structi

o | ::‘g: Optimiz: [ ~m- :\.'\:-:

9 | —

n | " I

c [

o i1g of Demand re: . .
= - havior Managen A. Customer Characterization:

0 7 *+ Customer Characterizal ) Geographical attributes

, =  Economic attributes (GDP, CPI, Prosperity Index, etc. )
He * Price-based Demand R¢ . .
| . = Socio-demographics
Y * Incentive-based Deman
- |
] . .
' ‘v B. Price-based demand response analysis
' =  Price-based Sensitivities of Customer preferences
* Deep Learning = Optimal dynamic pricing
* Random Forest
\ -‘_)_I-_Iidden Markov
= i ' n C. Incentive-based demand response analysis
i - | = Customer Satisfaction level

0 : = WOM (word of Mouth)

= | n

Advertisements-incentive offers/plans
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Prescriptive Analytics: Price/Incentive Demand Response Analytics

F(t) and f(?) are the cumulative and non-cumulative proportions of demand at offered delivery-time t,

Y (t) is the total number of potential customers demanding faster services up to but not including offers with delivery time t.
(p) is the rate of spontaneous demand adoption and (g) is the rate of imitation of demand adoption (the optimal p and ¢
parameters for any order category computed by the algorithm #1).

X(t), P(t) , and A(t) are respectively the market effort, the price and the advertising for the ith service offer with t promised
delivery-time. These variables enter the market effort equation as percentage increases.

f(ti) _ (p+qY(t,-))X(f,-), X(ti) :1+0(1 P(ti) _P(ti—l) +a, maX{O!A(ti) _A(ti—l)} | ti cT
1-F (1) P(t,,) Alr, )
St)=F(t)- F(t'—l) P Where S(t) is the sale on offered service with delivery-timet and e is an additive

normally distributed error term and F(t) is given by equation:

. L-exp{-X()(p+a)} )?(a)=r+a@(%)+aan[jigﬂ, et

1+ (q/p)exp{-X () (p+9)}
t'=(Ing-Inp)/(p+q)
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Scenario-based User-Interactive Demand Generatgr APP

January February March April May June July August September October November December

1563585
6 February

11** November

> Inputs based on historical patterns

1236855 1268389

By setting some assumption in App interface will make a | by
scenario. Input patterns by csv files will be given to the App :, :
are including: W W
= Seasonality variations and special events
= Customer preferences on old set of available service levels " NewYear | e B e Y
p — -f ~+|_QingmingDay | Dragon B Flow matrix of parcels between source and destination types
= Fractional Distribution of demand volume over all Labora e e @ e e e i s s s oot

132 4137 4 532

origin/destination pairs Business 265 22 2 843 59 789 1,021 372 209

Destination T‘,"pE 8D 314 507 19 974 57 891 1142 389 244 183 4,720
u Geo-characterizations infO and rate Of theil' demand on Source Type Business  CBD Else  Industrial Institutes Mix_bug®e 0 0 4 40 © 12 108 & 2 - 6oL
different time factors Hiusiness \uduvstr\a\ 628 963 xg 128 3219 %3 625 73 1250

Institutes 14 31 2 75 8 58 101 42 21 10 365

C B D Mix_business 776 1168 99 197 1225 749 585 14,619
> Out ut s of A Else ix_living 1,046 1,643 132 4,415 259 1728 1236 812 20316

p p p ||'|dL| Stfi al - q . ntial ntrate 420 651 49 1747 101 1,641 724 479 315 8,463
» scenario-based probabilistic models for predicting demand Institutes

volume and customer behavior to be transposed into orders Mix_business e _ _ T e
in a simulated logistics system. Mix_living i '

344 364 5,960

“Year of forecast start point  Year of forecast start point “Vear of forecastend point | vear of forecast end point v
2 i Set the time unit scale for drawing forcasted
. . Residential_concentrated Mot offoresaststar ot [yoruy Lot bt s anth of orocast and pont demand on given time perio Time un sccle for drawng forcosted demand
= scenario-based forecasted demand logs for an arbitrary sy R
. . Residential_scattered R
tlme horlzon e Select Total Yearly Demand Volume Assumption for Sandbox
Specialized_market © B O SetFraconaae of Orgina G Dormand S,

Inbound Intercity bracity
Intraci

Outoound ntercity

Enter the percentage of original city's demand which ‘ >
Snadbox demand to be <[ g

Enter IntraCity YOY% for potential orders in this city

Step 2: After Learning the Model, by choosing
c ized cat of orders and clicking on the
ihyatiy of differant Nifoce. nyar
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Outputs’ format of scenario-based demand Logs maker tool

Year Month Day Hour Minute Second SourceZone DestinationZone Service DistanceCategory Source_Type Destination_Type
2020 4 29 0 1 1 ZoneCN011 ZoneMMLOO1  NextDay category?2 Business Mix_living ° Intracity demand Iogs
2020 4 29 0 1 9 ZoneDO030 ZoneMULOO1 NextDay category2 Residential_concentrated Mix_living
2020 4 29 0 1 12 ZoneFQ013 7oneAD0O7 NextDay category1 Mix_business Specialized_market
2020 4 29 0 1 17 Zonel010 ZoneDF0OO7 NextDay category2 Mix_business Mix_living
2020 4 29 0 1 18 ZoneAD02 ZoneDJ0OO5 sixHours category2 Business Industrial
2020 4 29 0 1 23 ZoneAJO11 ZoneMO013 NextDay category2 Industrial Mix_living
2020 4 29 0 1 23 ZoneUALO1 ZoneAT029 fourHours category2 Mix_living CBD
2020 4 29 0 1 23 ZoneGO011 ZoneU013 NextDay category2 CBD CBD
2020 i 29 0 1 27 ZaneRhOol2 Zanelhanny Moty eatogans i i Mix_living
w—1  Year Month Day Hour Minute second SourceCity_Code Delivery_GatewayHub DestinationZone Service b
2020 4 29 0 1 1 762 GateHub#1 ZoneMOL002 EconomicExpress .
2020 4 29 0 1 1 512 GateHub#2 Zonel021 NextDay ° Inbound InterCIty demand Iogs
2020 4 29 0 1 1 769 GateHub#1 ZoneEAOOS5 EconomicExpress
2020 4 29 0 1 1 28 GateHub#1 ZoneEP012 NextDay
2020 4 29 0 1 1 20 GateHub#2 ZoneBHO025 NextDay
2020 4 29 0 1 2 20 GateHub#2 ZoneANOO6 NextDay
2020 4 29 0 1 2 595 GateHub#3 ZoneCP0O12 NextDay
2020 4 29 0 1 2 415 GateHub#3 ZoneBKOO9 NextDay
= Year Month Day Hour Minute second SourceZone Pickup_GatewayHub DestinationCity_Code Service
2020 4 29 0 1 1 ZoneFP013 GateHub#1 571 NextDay
2020 4 29 0 1 1 ZoneN019 GateHub#2 730 Economicixpress | ¢  Outbound Intercity demand logs
2020 4 29 0 1 1 ZoneFK004 GateHub#2 913 NextDay
2020 4 29 0 1 1 ZoneCP008 GateHub#3 531 NextDay
2020 4 29 0 1 2 ZoneAEO026 GateHub#2 553 EconomicExpress
2020 4 29 0 1 2 ZoneAL012 GateHub#2 753 NextDay
2020 4 29 0 1 2 ZoneFJ033 GateHub#2 838 EconomicExpress
2020 4 29 0 1 3 ZoneAG048 GateHub#3 769 EconomicExpress
2020 4 29 0 1 3 ZoneT032 GateHub#3 25 EconomicExpress

Predictive Demand Modeling for New Services in Hyperconnected Urban Parcel Logistics

Z. Bahrami-Bidoni & B. Montreuil




Comparison between demand Logs corresponding two example scenarios

Scenario #1

Intracity parcel volume based on source type
Intracity parcel volume based on source type

Source Type Source Type

Intrachy P

A

Number of Records

~ 1.000

Source Type

Hourof the day

Mix_living
Highest number of
parcels came from
18619 “Mix_living”
12500
8163
5960
1720
413/
2408
oo 365
= —

Intercity parcels coming in based on service types over hours of the day

Service
M Colachain

35K

30K

B EconomicExpress.
M HeavyFreight
W NextDay

Service
ColdChain 0.00%

HeavyFreight 0.01%
OtherServices 0.01%

Intercity parcels coming in based on service types

Scenario #2

ntercity coming in
Al i‘gg)
2 A
E
V e

4,202
=
Wm0 o>
"1 > ] k

fl. Z3

Intracity parcels based on source type

& K
273495 "] 1
s |

SourceType

651364

Source Type 9% of Total Intracit,,  Source Type Hour of the day: 19

Institutes 0.49% W \ull 60K Source Type

— EEE o ;;‘: 049%  27.21% Business Mix_living
= sm e Intracity volume

73,547

40
I scaties.
ResiEk nfial coneent
Industrial
Mix_business

B Institutes
W Mix_business
Mix_living
M Residential_concentrated

Intracity volume

20K
Mix_living
Grand Total

I Residential_scattersd
W Specialized_market

Intercity parcels coming in based on service types over hours of the day

RO, A

e S e (-l
2 400K
E
-‘E 300K Service Type
£ ColdChain 0.04%
200K EconomicExpress 21.75%
y HeavyFreight 0.09%
NextDay
OtherServices 0.21%
0 2 4 6 8 10 12 14 16 18 20 22

Hour of the day #
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1 [, I 15.999

Intracity parcels based on Source type over the hours of the day

10 12 14 16 18 20 22 24
Hour of the day #*
% of Total Intercity com.. ~ Service Type
o ¥ ColdChain
0.04% 7780% M EconomicExpress
W HeavyFreight
W NextDay
W OtherSenices




Analysis over simulator results by feeding scenario-based probabilistic patterns for demand and customer behavior

Type 1 comparison:

Comparing the simulated performance
of a designed logistic system on multi-
scenario demand.

For current logistic design in this example, the
level of customer satisfaction on demand
scenario #2, is lower and lost sale is higher.
We can consider some decision policy for
compensating the lack of resources to avoid
lost sales in scenario #2.

Scenario #1

Demand Share

Economy-
Express
17%

Next Day
35%

Next Morning

9%

SameDay

14%

Sale Share

Lost sale
9%

Economy-
Express
17%

SameDay

14%

Next
Morning
9%

Next Day
34%

Scenario #2

Demand Share

Economy- 2-Hours
Express 9%
8%

Next Day
13%

Next Morning
11%

SameDay
19%

Sale Share

Lost sale

Economy-

Expr

28%

SameDay
ess 15%

8%

Next Day
12% Next Morning
15%

Type 2 comparison :

Comparing the performance of different
logistic system configurations on a
demand scenario.

In this example shows that logistic
configuration of new hyperconnected multi-
tier mesh network has a better performance
and reached higher Level of customer
satisfaction and lower lost sales compare to
other logistic designs.

Demand Scenario

Economy-
Express
17%

Next Day
35%

Next Morning
9%

Hub-and-Spoke
Network Design

Current Hyperconnected N

Multi-tier Mesh Network

Multi-tier Mesh Network

ew Hyperconnected

6-Hours
12%

Economy-

Express
17%

SameDay

14%

Lost sale
17%

LET R
14%

Next Morning

9%

Next Day
34%

Lost sale

Economy-Express
17%

Next Morning
17%

SameDay
14%

onomy-Express

17%

SameDay
14%

Next Morning
9%
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Contributions and Conclusion

Benefits/Outputs of proposed Scenario-based App for Benefits of Comparison analysis over scenarios:

demand and customer behavior modeling & forecasting < Comparison multi-scenarios by analysis on demand logs

Providing deep managerial insights on demand shape and its

. IF : : : geographical distribution in terms of volume and service types
Ability to make a wide rage of various scenarios which is helpful to be prepared for future risks/challenges with
= Ability to simulate/forecast customer preference on new suitable policies
services

% Comparison multi-scenarios by analysis on simulated sales
after feeding probabilistic patterns leads to

= Better understanding of sale shape and its geographical
distribution in terms of volume and service types

= Better understanding about required capacities or lack of
resources in different locations or different hours of day which
result to lost sales

= Comparing logistic performance for different Hub designs

= Comparing the optimality of different routing design
* Providing scenario-based forecasted demand logs for any = Comparing the level of on time delivery and customer

arbitrary time horizon. satisfactions

= Resulting scenario-based probabilistic patterns which are
feedable to the logistic simulation for testing
performance and sales attributes including:

» Three Scenario-based probabilistic patterns for hourly total
demand volume in future: Intracity pattern, Inbound Intercity
pattern, Outbound Intercity pattern

* Probability distribution of customer preferences on different
offers for all categories

Further research: a potential for model improvement is to explicitly account for customer satisfaction and its positive/negative
Impacts on future demand.
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