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Abstract: The paper investigates the optimization of ATM cash
by means of genetic algorithm in order to produce optimal up-
load strategies able to minimize the daily amount of stocked
money, still assuring cash dispensing service. We provide exper-
imental evidence of benefits obtained by the proposed approach
in terms of lower financial costs and more rational cash man-
agement. In particular we considered as test bench a pool of 30
ATMs with different characteristics in terms of location, posi-
tion, cash capacity and usage, representative of the whole set of
ATMs operated by Poste Italiane S.p.A.
Keywords: ATM Cash Management, Genetic Algorithms, Opti-
mization.

I. Introduction

An efficient management of cash can reduce financial costs
due to unused stocked cash. This is particularly true in the
case of automatic teller machines (ATMs) which operate as
automatic cash dispensers. However predicting cash demand
is challenging due unpredictability of withdrawals, but prof-
itable because of the large number of tellers. Indeed, ATMs
are ubiquitous especially in urban areas. It has been esti-
mated that their number exceed 1.6 million worldwide [1].
Stocking cash in ATM entails costs that can be broadly di-
vided in two contributions: financial costs and operational
costs [2]. The first are mainly due to unused stock rated by
annual passive interests, while time to perform and supervise
the task, maintenance, out-of-service and risk of robbery are
associated to the second.
Therefore performing an efficient refill of ATMs able at the
same time to minimize the daily amount of stocked money
and to assure cash dispensing service, is highly desirable,
especially for large financial institutions, as outlined by re-
cent studies [3, 4]. A survey aimed at understanding which
ATM features are most desired by buyers [4], collected re-

sponses obtained by financial institutions worldwide, based
in North America (36%), Europe (23%), Asia (19%), Mid-
dle East/Africa (12%), Latin America (8%) and Australia
(2%). Respondents (206 in 2009, and 243 in 2010) were
asked to choose three top desired features of next genera-
tion ATMs. According to this study, Tab.1, cash manage-
ment and forecasting placed 3rd after remote monitoring and
cross-platform multivendor ATM software in 2010, moving
from the 6th place in the 2009 ranking.

Features 2010 2009

Remote monitoring of the ATM network 49% 45%

Multivendor ATM software 31% 22%

Cash management and forecasting 28% 22%

Envelope-free check deposit 25% 24%

One-to-one marketing/purchase gift cards 24% 26%

Customer preferences 23% 26%

Bulk-note cash deposit 22% 23%

Software distribution 22% 28%

Support for cash recycling 21% 21%

Automated test tools 15% 18%

Support for biometrics 13% 13%

Other 6% 7%

Table 1: The three most desired new features of ATM soft-
ware (Percentage of financial institutions including the fea-
tures among their top three priorities) [4].

Generally ATM cash management and optimization is per-
formed manually, according to corporate policies and per-
sonnel experience. A non-optimal cash upload can lead to
poor service when cash demand is underestimated and to un-
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necessary costs when demand is overestimated. Therefore,
finding the best match between cash stock and demand be-
comes crucial to improve.
According to Simutis et al. [5], effective cash management
should rely on advanced algorithms able to accurately pre-
dict cash supply and demand, allowing banks to pro-actively
manage the usage of money throughout their network. Re-
cently, some authors attempted to optimize the cash by mod-
eling and forecasting the demand. However, the high vari-
ance and non-stationarity of the underlying stochastic pro-
cess can affect reliability of such an approach.
The more genral problem of modeling cash flow has been
first investigated by Miller and Orr in 1966 [6], concluding
that the cash flow is mostly unpredictable. According to their
model, the cash balance fluctuates irregularly over the time.
Later research [7] confirmed Miller and Orr conclusions, so
that the lack of demand visibility is usually considered a ma-
jor challenge in cash management and optimization. There-
fore the approach based on forecasting withdrawals in the
following days on the basis of stochastic modeling of de-
mand, so that cash is uploaded in order to fit the future de-
mand, is hard to implement due to high unpredictability and
non-stationarity of demand.
In this paper we suggest the application of genetic algorithms
as means for searching and generating optimal upload strate-
gies, aimed at identifying a set of uploading rules able to min-
imize the residual stock and to guarantee service availability
at the same time. This paper is organized as follows: Section
2 briefly overviews ATM cash management; Section 3 de-
fines the problem and describes the proposed solution; Sec-
tion 4 reports experimental results; Section 5 outlines con-
clusions and future directions.

II. ATM Cash Management

Cash management is generally related to problems in which
the inventory level of cash can either increase or decrease,
due to both external flows and financial decisions taken at
the beginning of each period. By contrast ATM cash manage-
ment generally allows only decisions regarding the increase
of inventory level, so that only cash uploads are considered.
Cash drawing is a stochastic process whose characterization
tends to change over the time due to several factors. For in-
stance demand is subject to change according to period of
time, position of ATM, socio-economic features of users. In
addition, the quantity of cash drawn is generally larger before
holidays. Cash drawing follows weekly, monthly and annual
cycles. People tend to cash-out money during paydays or at
the beginning of each month or at the end of each week.
Whatever, the demand of cash is not only influenced by time,
but it follows different trends that make modeling even more
difficult. For example, how holidays affect the use of ATMs
depends on where the teller is located. So that, vacation
destinations register an increase of demand during holidays,
while ATMs in shopping centers are mostly used on Friday

and Saturday.
In general, ATM cash management deals with finding the
minimal amount of cash able to meet the demand over an
ATM network. Management generally relies on human ex-
perience, often able to outperform automated software so-
lutions. Some drawbacks can be identified in commercially
available solutions. Model parameters are generally static
and do not adapt during the operation, so that on-line cash
optimization is not made possible. Moreover, cash forecast-
ing is largely based on linear regression models with sea-
sonality coefficients customized for each ATM. This makes
parametrization time consuming.
Similarly to other large financial institutions, Poste Italiane
holds a widespread networks of ATMs, whose cash is man-
ually managed by skilled personnel. Therefore ATMs are
uploaded following human experience and corporate policy,
instead of an optimized strategy. In particular, Poste Italiane
recommend to:

1. Guarantee availability of cash in each ATM, avoiding
out-of-service status

2. Upload ATM at least two times a week respecting the
fixed upper bound of money available in the ATM

3. Avoid two or more system alerts a week due to running
out cash

Innovative approaches propose the adoption of neural net-
work as means for predicting future cash demand. Among
the different proposals, Dijonas et al. [2] elaborated a model
based on combination of neural networks and multi-agent
technology. In particular, data are gathered by agents from
ATM network, and delivered to neural network for prognosis
and optimization. The idea is to use the neural network to
map the relationship between various factors influencing the
cash demand. So, the input variables for neural network are
weekday, day of the month, month of the year, holiday effect
value and average cash demand for ATM in last week. The
output is the demand of cash predicted for the next time inter-
val. In a previous work, Simutis et al. [5] simulated the be-
havior of an ATM network made of 1,225 units in two differ-
ent scenarios, at different annual interest rates and cash up-
loading costs. They showed that neural approach allowed to
keep the average forecasting error of daily cash demand un-
der 10%. In addition, optimization procedure allowed to de-
crease daily cost for ATM network approximately by 18% in
both scenarios. In another work, authors compared Artificial
Neural Network (ANN) approach to Support Vector Regres-
sion (SVR) [1]. ANN and SVR models were trained using
data recorded by 15 real ATMs along 2 years. In their exper-
imentation, forecasting error was between 15-28% (ANN),
and 17-40% (SVR).
In order to improve prediction, it could be useful to group
ATMs so that common behavior is emphasized and spuri-
ous behavior discarded. Seedig and Runkler [8] adopted a
Fuzzy C-Neural Network Model (FCNNM) which combines
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fuzzy clustering with recurrent neural networks. Data re-
garded daily withdrawals of about 30 ATMs during a period
of roughly two years, provided by a European bank involved
in a project at Siemens AG. Their approach is organized in
two steps: (i) cash withdrawals are predicted and (ii) if ac-
curate, find the optimal date for refilling the ATM. As ex-
perimentation, the authors focused on four time series, each
specific of one ATM. The number of clusters was 2 and the
neural network architecture was a time delay-recurrent neu-
ral network. The time series entailed a period of 620 days
and the model used the past 28 days (4 weeks) to predict the
following 7 days (1 week).
Instead of driving the cash refilling strategy by forecasting
the future demand of cash, decisions could be made upon
conditions regarding time, location, cash residual and other
factors that could lead to consider a cash upload. In other
terms we could be interested in finding a set of rules that if
applied to current operation of ATMs can lead to the decision
of when and how upload the machine. Therefore premises
are conditions on some factors (e.g. time, inventory level, lo-
cation, etc.) and conclusions are a set of possible recharges
to apply when premises are met. The goal is to find the
set of rules able to minimize the daily money left stocked
in each ATM and to guarantee availability of service at the
same time, so that machines do not go in out-of-service sta-
tus. We call this approach Condition Based Cash Manage-
ment (CBCM).
In this paper we adopt Genetic Algorithms (GA) as means to
search the best solution. Although a rule can be well repre-
sented by tree-based chromosomes, we prefer GA to Genetic
Programming (GP) based solutions (e.g. see [9, 10, 11]), as
rules in our case have a regular structure, so that GA can bet-
ter exploits such a regularity, in contrast to GP that is able to
deal with more general structures but at cost of searching a
larger space.
Similarly to other contributions in this are, we apply this
approach to both individual ATMs [2, 5, 1] and to grouped
ATMs [8].

III. Problem Definition

Each rule is structured as a conjunction of given conditions,
entailing a level of recharge. For example a possible rule
could be,

IF p1(aq, t) = c1,h AND . . . AND pn(aq, t) = cn,k

THEN RECHARGE lm
(1)

meaning that if the ATM aq at time t meets conditions
p1(aq, t) = c1,h, p2(aq, t) = c2,k and pn(aq, t) = cn,k,
then aq is recharged of cash lm.
Each condition represents one possible value predicate p can
assume when applied to a specific ATM and date. Exam-
ples are “Summer holiday”,“Workday”, “Day before a fes-
tivity”, “Low amount of money in ATM”, etc.), while exam-

ples of recharge levels are “Upload at maximum”, “Upload
your ATM of x euros”, etc. Formally,

pi : ATM ×D → Ci (2)

where ATM is the set of possible ATMs, D the set of dates,
and Ci is the set of possible outcomes of pi.
Therefore, given a set of predicates, rule specifications be-
long to the space

R ≡ C1 × C2 × . . .× Cn × L (3)

where L is the set of possible recharge levels. A rule set
is specified by K ⊆ R. We aim to find the subset of K that
when applied to a single ATM or to group of them, minimizes
the daily average exceeding stock (S) within the time interval
t0 . . . T , that is w.r.t. ATM aq defined as

S(aq, t) = s0(aq) +
1

t− t0

∑
τ=t0..t

l(aq, τ)− d(aq, τ) (4)

where date t ∈ t0..T , s0(aq) is the initial stock, l(aq, τ) ∈
L is the recharge applied at date τ if any, d(aq, τ) is cash
withdrawn at date τ . In particular, the level of recharge l is
determined by applying the rule set specified by K. If no
rule can be applied to aq at time τ , then l(aq, τ) = 0 and no
recharge is applied.
Stock S should never exceed, the maximum load capacity of
ATM aq . In order to prevent this case, the quantity l(aq, τ)
is trimmed so that maximum capacity is never exceeded. In
addition S should never go below 0, as this case entail out-
of-service of aq . We model this latter case by considering a
contingency rule. This rule, states that if cash run out, a given
extra refill (e.g. 50% of maximum load) is provided so that
ATM can continue operations. Therefore the daily balance in
Eq.(4) becomes

dl(aq, τ)e − d(aq, τ) + f(τ)lc (5)

assuming f extra recharges lc at date τ .
Given a subset A ⊆ ATM the overall average daily stock,
w.r.t. a rule set K is

SK(t) =
∑
aq∈A

S(aq, t) (6)

Since we are interested to minimize the stock along the whole
period of interest, the goal is to minimize S(T ), and problem
can be stated as

K = argmin
K⊆R

SK(T ) (7)

A. Algorithm

The problem is to search the specification spaceR in order to
find an optimal specification subset K that when applied to
ATMs in A within the interval t0..T is able to minimize the
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Algorithm 1 GA pseudo-code

1: Generate a population of random specifications
2: repeat
3: Evaluate fitness of each specification
4: Select specifications for reproduction
5: Cross specifications selected
6: Mutate some specifications
7: until maxgen generations

overall daily average SK(T ). In this paper we experimented
genetic algorithms as means to explore R. Algorithm em-
ployed in this paper (see Algorithm 1) is inspired to the Sim-
ple GA as given by Goldberg [12].
When the algorithm is instanced, an initial population of rule
specification sets is randomly generated. These specifica-
tions provide the set of condition and recharge target values
required to build rules. After, rules so far specified are ap-
plied to the set of ATMs in order to find out what is the over-
all daily average stock SK(T ). Thus, solutions are ranked
and selected to reproduce according to their cash stock, so
that rules sets able to minimize stock are privileged. Speci-
fications obtained so far are pair crossed and some of them
mutated. In particular, we adopted tournament selection, sin-
gle point crossover and simple mutation as genetic operators.
After maxgen generations the best individual is obtained.

B. Chromosome

A chromosome represents a possible set of rule specifica-
tions. Each specification it is a point in R ≡ C1 × C2 ×
. . . × Cn × L. Therefore it can be identified by an index
I ∈ 0..Hn − 1, assuming

Hi =

i∏
i=1

Bi, i = 1..n

H0 = 1

(8)

where Bi = card(Ci). Instead, we assume K = card(L).
Index can be computed as

I =

(
n∑
i=1

ciHi−1

)
+ lHn (9)

where ci ∈ 0..Bi − 1 and l ∈ 0..K − 1. Eq.(9) can be
inverted so that given index I , it is possible to obtain the
tuple (c1, . . . , cn, l), where l provides the recharge level and
computed as

l = I/Hn (10)

noting an integer division by the symbol by / symbol. Sim-
ilarly, if we assume rn+1 = I mod Hn, we can recursively
compute

ci = ri+1/Hi−1

ri = ri+1 mod Hi−1
(11)

Therefore, a solution is made of a list of indexes, each point-
ing to an element in R. In this paper we consider two pos-
sible codings of solutions: Extended and Compact Chromo-
some. In the first coding we adopt a chromosome made by
a sequence of Hn integers (see Fig.1, in which a represent a
generic value ranging from -1 and L − 1). Each value pro-
vides a recharge level, whilst the index if decoded provides
the conjunction of predicates to be used as premise. When
the value is -1 the rule is not considered by the strategy.

Figure. 1: Extended Chromosome (EC).

The main drawback of Extended Chromosome is length, that
makes slower the convergence towards an optimal strategy.
This problem becomes more evident by increasing the num-
ber of predicates, cardinality of possible conditions and the
number of recharge levels. In many cases of practical in-
terest, we can limit the number of rules to be considered in
strategy. For this purpose, we considered the Compact Chro-
mosome made of a finite list of indexes, as depicted by Fig.2.
Each value, ranging from 0 to HnK − 1 represents a specifi-
cation in R.

Figure. 2: Compact Chromosome (CC).

C. Fitness Function

The fitness function of an individual x is aimed at minimizing
the stocked money in ATM and guaranteeing at the same time
the cash-dispensing service for customers.

fitness(x) =
1

T
·
T∑
i=1

(si−1 − di + ui(x)) (12)

where T is the number of days in training phase, si is the
amount of stocked money in ATM, s0 is the initial stocked
money in the target ATM, di is cash demand during day i,
while ui is the amount of cash-in flow.
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IV. Experimentation

A. Equipment and Materials

The algorithm implementation made use of JENES [13], an
open source Java library for genetic algorithms. Tests run on
Intel Xeon 2.66 GHz machine with 4 GB of RAM equipped
with operating system Windows Server 2003 Enterprise Edi-
tion Service Pack 2.

B. Data Collection

Experimentation made use of data collected by a pool of
30 Poste Italiane ATMs, chosen to provide a wide cover-
age of different kind of Poste Italiane ATMs. Poste Italiane
S.p.A. is a leading operator of postal services and an inno-
vative and competitive player in the arena of financial and
payment services. It provides the public mail service and
it boasts a network of nearly 14,000 post offices and 5,900
ATMs. Selected ATMs are placed in different Italian cities
and in different areas and characterized by different trans-
action volumes. ATMs differ for location (i.e. urban area,
shopping center, tourist location or other strategic areas), po-
sition (i.e. Throught-The-Wall ATM or Lobby) and cash ca-
pacity. Indeed, Poste Italiane assigns ATMs to 6 different
classes, each entailing a maximum limit to cash load. Our
sample contained at least 3 ATMs per class. We divided the
whole set of 30 ATMs in two groups: first group contains
20 ATMs, while second group 10, with at least one repre-
sentative for each class. ATMs recorder at least 70% uptime,
that is the time period of service availability for cash with-
drawals. Among them, 26 ATMs (80%) recorded an uptime
higher than 92%. We referred to data from July 1st, 2009 to
April 30th, 2010. In particular we split data in two intervals:
from July 1st, 2009 to December 31st, 2009 (Period 1), and
from January 1st, 2010 to April 30th, 2010 (Period 2). This
led to split data in four quadrants as shown in Tab. 2.

From July 1st, 2009 to
December 31st, 2009

From January 1st, 2010
to April 30th, 2010

(Period 1) (Period 2)

20 ATMs Training Set Testing Set 1

10 ATMs Testing Set 2 Testing Set 3

Table 2: Training and Testing Sets.

C. Execution and Results

Each test run the algorithm along 1000 generations on popu-
lations made of 500 individuals and was setup with standard
parameters1 as follows: Tournaments 2, Crossover 0.8, Mu-
tation 0.1, Elitism 1. Given the cash limit M , the stocked
cash S, the cash upload levels employed are L = 6:

1Parameter have been chosen by the simple qualitative analysis, accord-
ing to common values adopted for them, without any in-depth quantitative
analysis for their optimization.

• Upload until the limit M is reached

• Upload 67% of the difference between maximum al-
lowed stocked money M and current stocked money S

• Upload 50% of the difference between maximum al-
lowed stocked money M and current stocked money S

• Upload 33% of the difference between maximum al-
lowed stocked money M and current stocked money S

• Upload 10% of M

• Upload 20% of M

Furthermore, conditions referred to date (5) and to current
stocked cash (6), so that Hn = 5 · 6 = 30. In particular,
conditions on dates regarded patterns of workdays (W) and
holidays (O) with respect to the current date. They are re-
ported in Tab.3.

Pattern

ID D−1 D0 D1 D2 D3 Description

1 W W W X X A generic W
2 O W W X X W after a holyday
3 X W O W W W before a short holyday
4 X W O O X W before a long holyday
5 X W O W O W before an extended

holyday

Table 3: Time Statements.

Conditions on current availability of cash are 6: (i) Stocked
cash is less than 20% ofM , (ii) Stocked cash ranges between
20% and 30% of M , (iii) Stocked cash ranges between 30%
and 40% of M , (iv) Stocked cash ranges between 40% and
80% of M , (v) Stocked cash ranges between 80% and 90%
of M , and (vi) Stocked cash is greater than 90% of M .
We performed two quantitative analysis: analysis of conver-
gence aimed at validating the algorithm and proving consis-
tency of results; and analysis of performance aimed at as-
sessing the advantages in relying decision making on genetic
approach instead of human experience. Quantitative analysis
was organized in test groups as reported in Tab.4.
Experiment 1 is aimed at comparing convergence of algo-
rithm when Extended Chromosome (EC) and Compact Chro-
mosome (CC) are employed. We collected the outputs of the
6 simulations and we compared fitness values of the best so-
lutions at each generation. In Tab.5 are shown average value
and standard deviation of the fitness values obtained by the
10 different runs in the case of EC and CC.
We performed Wilcoxon paired test. Looking at p-values,
and assuming 0.05 as upper limit to reject the null hypothesis
and 0.50 as lower limit to accept it, we can state that in some
cases (ATMs 1,2,5) EC and CC behave in the same way (p-
value bigger than 0.8). That means that obtained solutions
are statistically equivalent, thus CC is able to provide good
solutions similarly to EC. In other cases (ATMs 3,4) EC is
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Figure. 3: EC (black) vs. CC (grey): Mean Fitness of best individual.

definitely better than CC (p-value is below 0.001) as it tends
to keep less cash stocked. In remaining cases, we are not able
to reach any conclusion from tests.
In order to understand how the coding affects the algorithm
convergence along the different generations, Fig.3 outlines
the solution fitness, i.e. the effect of the best upload strategy
on stocked cash, of other 6 ATMs (each chosen randomly
from each class). We can deduce that CC provides better
solutions starting from lower fitness value than EC.
Analysis of performance is aimed at comparing the results
offered by our approach compared to historical upload ac-
tions as performed by humans. Results offered by runs of
Experiment 2 are reported in Tab.6. We can notice how ge-
netic algorithm constantly offer solutions that lead to an av-
erage daily stocked cash that is lower than those entailed by
human action.
Goodness of results are confirmed by Experiment 3, aimed
at testing strategies found in the past when they are applied

to a future period within an horizon of 4 months. Again, his-
torical cash management performed worse than the upload
strategy suggested by the algorithm, as outlined by Tab.7.
Therefore, we can state that strategies found in the training
phase are consistent and valid also when applied in the fol-
lowing period, well facing non stationarity of cash demand.
Experiment 4 and 7 are aimed at evaluating the possibility
of training the algorithm with respect to groups of ATMs in
order to find a more general strategy, thus less sensitive to
specific characteristics.
In Experiment 4 we clustered ATMs in 7 classes correspond-
ing to different allowed maximum limit of available cash. For
each group of ATMs we found an uploading strategy that can
be applied at every ATM belonging to the same class (i.e.,
Group strategy). We trained the algorithm on Period 1 and
we tested the solutions for 10 different ATMs on the Period
1 (Experiment 5) and Period 2 (Experiment 6). In particu-
lar, in Fig.4 we compared the performance of human upload-
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ID ATM1 ATM2 ATM3 ATM4 ATM5 ATM6 ATM7 ATM8 ATM9 ATM10

Class 7 5 4 6 7 3 1 2 6 2

Run 1 35623.97 17683.37 12669.78 36899.08 38389.35 10756.80 4191.79 6608.64 33928.10 10349.02
Run 2 37040.43 16751.25 12998.80 37140.27 36664.02 10196.90 4191.79 5728.15 34122.99 10492.28
Run 3 36392.77 16614.89 12669.78 37273.53 37528.80 10197.66 4191.79 5900.33 33928.10 10391.79
Run 4 36475.92 16790.87 13492.61 37140.27 36355.65 9699.29 4191.79 5728.15 33279.08 10946.85
Run 5 36641.96 16152.28 12875.16 42355.71 36355.65 9644.40 4191.79 5685.87 33928.10 10492.28

Human 76252.01 68575.49 46332.82 77521.84 86214.67 34855.19 11256.46 18456.73 53606.63 19269.34

ID ATM11 ATM12 ATM13 ATM14 ATM15 ATM16 ATM17 ATM18 ATM19 ATM20

Class 7 5 3 3 4 6 3 3 4 1

Run 1 29597.22 17630.43 10322.88 8662.55 12835.16 33140.92 9159.40 9633.75 13060.92 4683.21
Run 2 29597.23 17941.85 10456.09 8605.38 13713.10 33793.10 8770.71 9374.29 13201.79 4705.38
Run 3 29597.23 17460.54 10176.14 8605.38 12835.16 33140.92 8877.12 9361.52 12848.53 4820.87
Run 4 29597.23 17630.43 10428.91 8605.38 12835.16 33793.10 9559.46 9361.52 13083.42 4653.75
Run 5 29597.23 17630.43 10155.92 8826.74 12835.16 33861.39 8770.71 9626.79 12990.49 4744.08

Human 52756.91 58520.16 31673.42 36897.86 45019.94 64975.43 22005.05 36726.35 42120.27 14113.31

Table 6: Experiment 2, average daily stocked cash of strategies in the Training Set (Period 1).

ID ATM1 ATM2 ATM3 ATM4 ATM5 ATM6 ATM7 ATM8 ATM9 ATM10

Class 7 5 4 6 7 3 1 2 6 2

Run 1 52116.33 23193.16 15564.83 120691.41 45762.66 14111.25 4976.66 7668.66 35019.83 10519.25
Run 2 50965.75 18050.00 17752.58 49713.08 50319.25 11858.41 4874.58 6373.00 40630.33 9812.08
Run 3 49064.75 15688.16 14921.25 44970.75 43338.41 16754.00 15924.83 6747.75 34507.50 10332.41
Run 4 43366.91 16032.00 16514.91 39272.25 50922.58 11784.91 4874.58 6697.00 33584.00 9611.91
Run 5 49348.00 18372.66 15375.50 44261.41 41005.08 12930.25 5180.83 6463.00 34808.33 10474.00

Human 77549.75 66643.41 48501.41 72117.41 89386.08 34147.25 12186.08 18897.66 56355.50 19474.66

ID ATM11 ATM12 ATM13 ATM14 ATM15 ATM16 ATM17 ATM18 ATM19 ATM20

Class 7 5 3 3 4 6 3 3 4 1

Run 1 170188.25 20918.91 20918.91 11170.00 22635.83 38102.58 10348.66 19690.66 15822.00 6423.16
Run 2 184535.16 22043.08 22043.08 11302.91 15628.25 93247.50 10670.50 22569.16 15771.33 6447.41
Run 3 183037.91 21060.25 21060.25 11549.41 16627.25 37729.08 10486.58 23942.00 16855.83 6462.75
Run 4 180264.33 23010.58 23010.58 11389.41 19668.75 33062.41 10913.16 19736.08 19153.16 6401.16
Run 5 36027.58 22427.25 22427.25 11547.08 17611.25 34484.83 10670.50 18653.58 25240.08 5905.50

Human 54181.73 54677.20 32083.16 34751.41 45090.75 67033.61 25068.66 38056.98 38988.83 17094.75

Table 7: Experiment 3, average daily stocked cash of strategies in the Testing Set 1 (Period 2).

ing strategy (reported in Tab.6 where average daily stocked
cash is depicted in the related row) and Group strategy (me-
dian values of the 5 different runs depicted in Tab.6 for every
ATM) by means of a scatter plot.
Comparison of Group strategy and human one is provided
in Fig.5 where we tested the 7 discovered uploading rules
(a single rule per group of ATMs) for 10 different ATMs.
Considering the same ATM, computer-based Group strategy
outperformed human-based strategy in both Period 1 and Pe-
riod 2 even if different ATMs (i.e., out-of-sample ATMs) are
taken into account (see Fig.5).
Results confirmed that ATM cash management can improve
by application of genetic algorithm, leading to a lower
amount of stocked cash.

Finally, Experiment 7 considered the whole set of ATMs to
train the algorithm, testing resulting strategies in Period 1
(see Fig. 6). In this case, we added predicates to rules able
to distinguish ATMs. We let the algorithm to find a generic
strategy. In spite of that, the algorithm failed in most of cases
showing a behavior worse than human approach, in Training
(Experiment 7) and Testing Sets (Experiment 8). This re-
sult is according to extreme heterogeneity of ATMs cash de-
mand profiles. Therefore, an a priori classification of ATMs
is mandatory in order to model different ATM classes and to
get reliable results. Moreover, observing Fig.7, we proved
that a Specific strategy (i.e., an uploading strategy for each
ATM) increase the goodness of prediction if it is compared
to a general one.
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Experiment Description

1 The algorithm is trained on 5 ATMs belonging to
Training S using both EC (10 runs per ATM) and CC
(10 runs per ATM). Convergence is studied.

2 The algorithm is trained and tested w.r.t. each ATM
(5 runs per ATM) belonging to Training Set.

3 Solutions found in Group 2 are tested on Testing Set
1.

4 Training Set is clustered in k classes of similar ATMs
and the algorithm is trained and tested in Period 1 (5
runs per ATM group).

5 ATMs in Testing Set 2 are associated to the k classes
of Group 4 and tested in Period 1.

6 Same classification as Group 5, but tested w.r.t. Test-
ing Set 3 (Period 2).

7 The algorithm is trained and tested considering the
whole set of ATMs in Training Set (5 runs).

8 Solutions found in Group 7 are tested on: (i) Testing
Set 1, (ii) Testing Set 2, (iii) Testing Set 3.

Table 4: Experiments.

EC CC

ATMs Average Std. Dev Average Std. Dev p-value

1 45729.9 3075.1 47432.8 6299.2 1
2 42239.8 1715.3 43296.1 2963.4 9.68e-01
3 7073.4 151.6 8728.0 1474.9 1.83e-04
4 14240.4 1402.8 17674.3 2667.8 8.61e-04
5 16830.5 637.3 16500.2 2116.3 8.80e-01
6 9300.3 1078.5 4680.3 81.8 1.75e-04

Table 5: EC vs. CC: Mean best solution and its standard
deviation of 10 different runs at generation 1000.

Figure. 4: Group strategy vs. Human strategy: Performance
on Training set.

With the purpose of outlining the recharge strategy, we chose
one ATM from first group. Fig.8 outlines the daily stocked
cash in Period 1 and Period 2. Although different codings
(i.e. EC and CC) are adopted, we obtain the a similar be-
havior of genetic approach (in the first figure EC and CC
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Figure. 5: Group strategy vs. Human strategy: Comparison
on Testing set 2 (on the top) and Testing set 3 (on the bottom).

2 4 6 8 10 12 14
x 10

4

0

2

4

6

8

10

12

14x 10
4

 

 

data1

class 1

class 2

class 3

class 4

class 5

class 6

class 7

bisecting line

General
strategy:
 Testing

set 1

General strategy: Training set

Figure. 6: General strategy: Comparison of the quality of
prediction in Training set and in Testing set 1.

overlap), improving in both cases historical cash stocks. In
particular, in this case the optimal solution is reached upload-
ing ATM when the daily cash stock reaches the 20% of the
allowed maximum limit of available cash in specific days,
such as ID2 and ID3 (see Tab.3)
Observing how proposed approach differs from human be-
havior, we notice the frequency and the amount of cash up-
loading operations. In particular the number of cash upload-
ing operation complies with Poste Italiane’s guidelines and
the proposed algorithm guarantees at the same time cash
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availability and a minimized amount of stocked cash (see
Fig.9).
In order to confirm our findings we reported in Fig.10 and
in Fig.11 daily amount of stocked cash of other 2 ATMs. In
particular, Fig.10 presented an ATM with a standard cash ca-
pability and located in a small town, while Fig.11 presented
an ATM with a high cash capability and located in a big town.

V. Conclusions

Cash management and forecasting is becoming an important
feature of ATM networks. Generally this problem has been
studied in terms of stochastic modeling of future cash de-
mand, on which to size the ATM cash upload. Main limi-
tations come from high unpredictability and non-stationarity
of demand. In this paper we presented a genetic algorithm
aimed at searching optimal strategies to refill ATM cash
stocks on the basis of conditions, that if met suggest to re-
fill the ATM cash of a given amount. Experimental results
proved this approach to be feasible and able to improve cash
management if compared to human expertise, even for a lim-
ited extent of time. Since genetic algorithms are computa-
tionally expensive, scalability was taken into account by a
further experimentation which assessed how performances
are affected when the uploading strategy is determined for a
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Figure. 8: Comparison between human-based (grey curve)
and computer-based (black curve) uploading strategies by
analyzing daily amount of stocked cash (in euros) for an
ATM with low cash capability (Class 1).

single ATM, a group, or the whole network. In future, we aim
at investigating the multi-objective evolutionary optimization
as means to take into account the frequency of uploads and
related costs.
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