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Abstract

Access to cash for many in society is remaining essential during the current COVID-19 lock-down around the globe. A smart city requires the
banking industry to exploit [oT and Artificial Intelligence (Al) in order to track its ATM network and predict outages due to cash shortages. In
this paper, we study the real-time cash replenishment planning problem under outflow uncertainty where the fee of the security companies
grows if the replenishment ends up falling on a weekends/holiday. Our model is based by the Double Deep Q-Network (DQN) algorithm which
combines popular Q-learning with a deep neural network. The proposed method is used to minimize the ATM replenishment cost where the
cash demand changes dynamically at each day. The performance analysis of the proposed method for different amounts of replenishment cash
shows that the the proposed method can effectively work under real word conditions and reduce the ATM operational cost compared with the

other state- of-the-art cash demand prediction schemes.

Keywords: cash replenishment planning, deep learning, ATM, reinforcement learning, double Q-network.

1. Introduction

ATMs are no longer just machines, these connected devices
are smart, intelligent things in the Internet of Things (IoT).
They are used by the majority of the costumers to withdraw
cash. They are playing an even more critical role in ensur- ing
that consumers have access to cash and wider banking services
while branches have reduced hours or closures, or customers
want to avoid face-to-face or in branch interactions
completely. The modern banking industry that emerges from
the COVID-19 crisis embraces the Internet of Things (IoT)
and Artificial Intelligence (AI) technologies that will entirely
replace humans by taking management decisions.

Cash replenishment planning (CRP) system helps formulate a
cost-efficient operating plan that includes the fee for secure
ATM replenishment service. The overview of the system is
shown in Fig. 1. The ATMs using the [oT technology are
linked with the monitoring center, which enables
automatically analysing the cash remaining in the ATM and
interacting with the security company necessary for
replenishment plan execution.

CRP problem for ATMs has been extensively investigated by
researchers in the economic and financial management
community. We may classify the developed approaches ac-
cording to their underlying assumptions into two main groups.
The first group assume the future ATM cash withdrawal
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Fig. 1: Overview of the CRP system.
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optimum planning of replenishment, namely particle swarm
optimization [1], Heuristic Optimization [2], and decision
trees [3]. Several optimal CRP solutions based on dynamic
programming (DP) algorithm are proposed in literature [4], [6]
The second group is more challenging due to the lack of cash
demand information. The models in this group are mainly
based on the learning systems and use the historical data to
predict the future required information (prediction-based
CRP). In particular, an AI model namely, feed-forward neural
networks (NNs) [7], [8], recursive NNs [9], [10], or
combination of clustering and NNs [11], [12] is trained to
make real-time decisions.

In this paper, an Al decision-making model based on
reinforcement learning (RL) is introduced. In the proposed
model, an agent explores the unknown CRP environment and
learns the value associated to each action taken in a different
set of states. The instructed action-value function defines a
decision criterion which helps to take the optimum actions in
an immediate (real-time) manner [13].
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Fig. 2: Schematic of the RL-based CRP system. (a) DQN , (b) Double DQN.

In particular, in this paper, the deep Q-learning as the most
established realization of RL approaches, is applied to the
CRP system. Our goal is to build a smart system that
determines when to perform replenishment, based on the
current and historical system information.

For systems with continuous observation, the application of
the neural networks to Q-learning, termed a Q-Network

[13] is developed. Deep learning is the term given to neural
networks with many layers, and has been shown to be
effective in learning high level features from large input
spaces [14], [15]. The training instability of Q-learning is
addressed by the introduction of Double variant of Deep Q-
Networks [16]. The Double DQN method effectively reduces
the correlations of the action-values with the target [17].
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In this paper a Double DQN+IoT method is proposed which
benefits from both IoT and Al technologies. The method is
tested on the real NN5 dataset that contains daily ATM cash
withdrawal amounts over 2 years across the US. the proposed
method can efficiently model cash demand uncertainty and
take into account replenishment cost variability in order to
reduce ATM operational cost.

The proposed Double DQN+IoT system is compared with the
system based solely on the IoT, shallow Q-network, and
prediction based NN methods under diverse testing
conditions. In the experiments, the impact of different
amounts of the total replenishment cash on the performance of
the methods is in- vestigated. The total amount of cash that
can be used for ATM operation is arranged with the financial
institution in advance. If cash is replenished to the ATM's full
capacity, number of replenishments can be significantly

reduced. However, it will increase the unused cash in the ATM
resulting in waste of funds. The experimental results show that
the proposed method can make reliable cost savings under real
ATM outflow dataset. The outline of this paper is as follows.
Section II presents a general formulation of the CRP problem.
Section III describes the deep Q-learning approach and
presents the implementation details of the Double DQN CRP
system. The experimental results and performance
comparison with other methods are

presented in Section IV. Finally, V concludes the paper.

Problem Formulation

The aim of CRP system is to reduce replenishment cost
through efficient planning that benefits both the financial

Algorithm 1 Training process of the Double DQN CRP system

function Double DQN CRP {s; = [pi, b;,L;], i =1,...,tq}

1: Initialize replay buffer B to a defined capacity.

2: Initialize action-value Q-function with random weights ¢
3. Initialize target action-value (Q-function with weights 6 < 8

4: for episode 1,M do

5 Receive initial remaining ATM cash sequence b; and form initial state s, = [b1, p1,11]

6 for ¢ steps do

7 With probability € select a random action, otherwise select a; = arg maz,Q(s¢, a; )

8 Execute a, and observe reward r and new ATM cash sequence p,; (next state: s;+1 = [by4+1, P41, l1+1])
9: Store transition {s;, as, r¢, S4+1+ in buffer

10: Sample random batch of transitions from B

11: Perform a gradient descent step on (4) with respect to the network parameters €

12: Update the target network using (5).

13: end for

14: end for

15: Return 6, @

institutions and customers by reducing the ATM downtime
without increasing ATM operational costs.

Let 0 < b, < 1 be the percentage of the remaining ATM cash
that is available at time point ¢ and /; denote the elapsed
downtime after ATM runs out of money. If the ATM runs out
of cash, customers are dissatisfied due to bad service. The
maximum allowable ATM downtime due to lack of cash is
then restricted to be D, days. It is assumed that the contract
of financial institution with the security company is on a per
replenishment basis without a fixed fee for all week days. The
cost of replenishment runs on business days is 10$. However,
if replenishment day falls on a weekend/holiday, the security
company performs replenishment by the fee of 308.

The state space of the cash replenishment planning problem
comprises of the ATM remaining cash space, the replen-
ishment cost space and the elapsed ATM downtime space. The
state of the system at time ¢ is then defined as s, = [b;, ps, 1]
The action in the cash replenishment planning can be
interpreted as choosing one operation from the action space 4
= {replenishment, no-action}. However, due to the constraints
in the problem, not all the actions can be performed at a given
state. The set of all possible actions given the state of the
system is limited by the maximum allowable ATM downtime

due to lack of cash Dy Taking “no action” is then not
allowed when /; > Dyax.

Reward function is a key ingredient of the reinforcement
learning systems. The reward is defined as the ATM oper-
ational cost savings for the financial institutes. The corre-
sponding rewards for the replenishment action is then negative
of the money paid by the financial institute to the security
company. However, the corresponding rewards for the no
(replenishment) action is positive, as the financial institute
saves money by reducing ATM operational cost.

3. Double DQN Cash Replenishment

Planning System

Reinforcement learning (RL) is a general framework to deal
with sequential decision tasks. Fig. 2 shows the schematic of
the CRP system using reinforcement learning with DQN
method and its Double DQN extension.

At each time step ¢, RL observes the status s; of the
environment, takes an action a;, and receives some reward r;
from the environment. The RL method suggests that, given
sufficient pairs of (s, a; 7:), the optimal policy Q* is to
maximize the long-term accumulated reward

Q*(s,a) = maxE {R, | s; = s,a; = a}. (D
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The Q-function holds Bellman equation property formulated
as:

Q" (spa) =1+ Vm;‘XQ*(StH: a) 2

For systems with continuous state s, a neural network is often
used to approximate the value Q (s, a). This network is often
referred as a Q-network [13]. If the Q-network consists of
several layers of nodes, we obtain the deep Q-learning
architecture. Deep learning has been known to have the ability
to learn hierarchical patterns, and the patterns learned by the
upper layers tend to be abstract and invariant against
disturbance. The Q-network is trained to minimize the Q
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prediction error, i.e., the difference between the left-hand and
right-hand side of Eq. 2. The loss function is then formulated
as follows:

min L(8) = Zier (vi — Q(su.a; 19))’,
yi=T1it Ym;lXQ(Siu;a 1 6), 3)

where i and 6 denote the training iteration and the parameters
of the Q-network, respectively. The training examples are in
the form of (s;, @i, 4, si+1), and B denotes the buffer
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Fig. 3: Top: Daily cash flow of the two ATMs (NNS5 dataset). Bottom: Performance of the proposed Double DQN+IoT system vs the system
based solely on the [oT for different replenishment amounts.

containing the recent training examples. In addition, y; is the
prediction of Q (s, @) given by the Bellman Eq. 2.

The deep loss functions are typically minimized using
stochastic gradient descend (SGD) algorithm. The gradient of
Eq. 3 with respect to € is given by

Vol = Yiev (vi — Q(sia; 1 6))VpQ (s, a; 1 6) “)
Where VgQ(s;,a; | 8) can be easily computed by the back-
propagate (BP) algorithm.

We avoid the divergence of direct implementation of the
system with neural networks due to using the same Q-network
in calculating the target value y; in (3). Our solution is similar
to the target network used in Fig. 2 for Q-learning. The authors
in [16] show that stable targets y; are required in order to train
the system, consistently. A copy of the Q-network
(represented by O7) is then created and used for calculating the
target values. The weights of the target O™ network (indicated
by &) are softly updated by interpolating with the latest 6, as
follows:

=10+ (1-1)8, (5)

where 7 is the interpolation factor. The relatively unstable
problem of learning the action-value function then approaches
to a case of robust supervised learning problem. Although, the
delays in updating the target values may slow learning, in
practice the stability of learning is greatly outweighed. Note
that the decision of the replenishment is made based on the
target network O, rather than the present network Q. An
overview of the Double-DQN method for CRP system is
outlined in Algorithm. 1.

4. Performance Evaluation

In this section, the performance of the proposed RL-based
CRP system is evaluated using the actual ATM cash with-
drawal NN)5 dataset [12]. Two ATMs with different daily
outflow characteristics are selected from NN5 dataset. The
cash demand time-series of the selected ATMs are illustrated
in Fig.

3. The ATM-1 dataset consists of historical daily outflow from
01 Nov 2003, to 16 Nov 2005. The dataset corresponding to
ATM-2 includes daily outflow form 01 Jan 2002 to 17 Dec
2003. The average daily cash demand of the ATM-1 and
ATM- 2 is M; = $106,000 and M = $1,650, respectively.
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Number of times an ATM is replenished ties closely with the
amount of cash that is replenished. We assume that a fixed
amount of cash is loaded into the ATM at each replenishment
action. Let /; and /> denote the replenishment amount for
ATM-1 and ATM-2, respectively. The replenishment amount
should be established so that it remains within the amount
predicted for a certain period. However, due to ineffective
cash forecasting, the financial institutions often maintain more
cash than necessary at their ATMs. The average monthly
replenish- ment cost of the proposed method for different
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replenishment amounts, /; € {5M;, 9M,} and I, € {5M>, OM>}
is provided in Fig. 3.

The maximum allowable ATM downtime due to lack of cash,
Dy, 18 selected to be 2 days. Provided in Fig. 3 is also the
results of the standard CRP method based solely on the 10T,
in which the ATM remaining cash (%) is signalled to the
monitoring center by the smart ATM. Therefore,
replenishment is done if the elapsed ATM downtime is more
than D, days. If the replenishment ends up falling on a
weekend i.e.
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Fig. 4: Percentage of the ATMs' remaining cash (Top) and its density distribution (Bottom) using the proposed loT+DQN method under
different replenishments amounts / and maximum allowable downtimes Dmax.

Saturday and Sunday, the fee of the security companies is
considered to be three times greater than business days (e.g.,
30$ for weekends vs 10$ for business days is considered here
for the replenishment cost computations).

From Fig. 3, it can be seen that as the proposed DQN
algorithm learns from experience and adapts to different cash
demands and variable costs, the monthly cost of the proposed
algorithm begins to decrease. From the results, it is observed
that after the initial training, which takes about 12 months, the
proposed Double DQN+IoT system makes more cost savings
than the system based solely on the IoT.

The experiment is repeated using the proposed Double
DQN+IoT method under different replenishments amounts /
€ {5M, 7TM, 9M} and maximum allowable downtimes D, €
{0, 2}. The ATM-1 (ATM-2) cash levels (%) during the first
two-month period for different D, values is pre- sented in
Fig. 4.a and 4.c (Fig. 4.e and 4.g). It can be observed that the
ATMs' emptying rate between two adjacent replenish- ments
(peak points) follows a line or a simple polynomial pattern.
The results also show that for / = 9M, the number of
replenishments the security companies need to perform is

reduced when compared with / = 7M or I = 5M at the same
period.

Density distribution of the remaining cash ratios for the ATM-
1 (ATM-2) is visually presented in Fig. 4.b and 4.d (Fig. 4.f
and 4.h). Results show that / = SM has higher density in the
lower cash levels than / = 9M because reducing replen-
ishment amount / increases the risk of running out of cash. As
the replenishment amount, / increase, the density profile tends
to become flat. The extreme completely flat density happens
only when one replenishment is performed during the total
period. When comparing the emptying behaviour across the
selected two Dqx values, the density of Dy =2 shows a more
lower value concentration compared to Dy = 0. This is due
to the fact that the recurrence of lower cash levels is increased
by increasing maximum ATM downtime due to lack of cash.
Fig. 5.a shows, the actual actions taken in the standard IoT
method and the proposed Double DQN+IoT method on
different days of the week corresponding to ATM-1 data
during June and July 2005. As indicated by the arrow in
certain places in the figure, in the second scenario the
replenishment operation is not postponed to the 6th and 7th
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days of the week, which successfully reduces the ATM
operational cost.

The total replenishment actions are then decomposed based on
their week days in Fig. 5.b in order to illustrate the weekly
distribution pattern in the results. It can be seen from Fig. 5.b
that for the proposed Double DQN+IoT system the concen-
tration of replenishment actions predominately is decreased in

Saturday and Sunday and is shifted around business days. For
the standard system based solely on the 10T, it is observed that
the weekly pattern vanishes and the behaviour is more the
same across different days. The explanation of this effect is
that the proposed method starts learning more from both

TABLE I: Performance comparison of the proposed Double DQN-+IoT and other existing methods. The average monthly cost along
with the standard deviation are summarized (One-tailed p-values of two sample t-tests for a null hypothesis that the value of
performance of Double DQN+IoT is larger than that of the other methods are presented in parenthesis)

IoT+DQN |[(Based solely| 1oT+SQN |IoT+CDNN | [oT+LSTM | IoT+RNN | IoT+SNN
on) loT
I1=5M; | 120.1 £3.6 | 147.3 £4.7 | 132.1 £5.1 |136.1 £6.02| 130.6 +4.3 | 143.2+9.8 |146.8 £ 10.9
o (0.000) (0.008) (0.000) (0.012) (0.000) (0.000)
% IN=7M; | 83.8+2.1 [103.1+£3.1| 924+32 | 943+39 | 90.8+3.8 | 99.7+6.5 | 102+9.1
g (0.000) (0.009) (0.000) (0.023) (0.000) (0.000)
_ < I1=9M; | 49513 | 61.7£19 | 546+22 | 56.5+2.6 | 54.0+2.4 | 59.5+4.0 | 61.0+43
= (0.000) (0.010) (0.000) (0.014) (0.000) (0.000)
; I1=5M; | 86.0+£3.2 |1059+3.4| 944+3.6 | 97.5+43 | 93.3+3.1 | 1023+7.3|104.9+38.1
~ (0.000) (0.006) (0.000) (0.010) (0.000) (0.000)
% I1=7M; | 67.1£1.6 | 825+£25 | 73.6+29 | 755+3.1 | 72.7+3.0 | 79.8+5.2 | 81.6+7.3
g (0.000) (0.008) (0.000) (0.021) (0.000) (0.000)
< I1=9M, | 450+1.1 | 56.1+£1.8 | 49.7+2.1 | 51.4+25 | 49.1+£2.1 | 541+3.8 | 555+4.2
(0.000) (0.009) (0.000) (0.011) (0.000) (0.000)
2=5M, | 161.5+£2.1 | 184.8+59|167.4+3.1 | 1759+5.1|169.7+3.3|179.1+6.6 | 181.3+7.1
- (0.000) (0.012) (0.000) (0.019) (0.000) (0.000)
| 2=7M, | 1126 +1.5|1285+29 | 117.7+2.1 | 107.7+3.9 | 118 £2.7 | 124.5+43 | 126.1+3.7
Q§ (0.000) (0.009) (0.000) (0.015) (0.000) (0.000)
« 2=9M, | 67.1+12 | 77.6+24 | 71.2+19 | 73.8+24 | 722+2.1 | 75.2+3.2 | 76.1£2.9
= (0.000) (0.011) (0.000) (0.021) (0.000) (0.000)
; 2=5M, | 115.4+1.4 | 132+£3.9 [119.66+2.5| 125.7+3.9|121.2+£2.6 | 127.9+5.6 | 129.5+5.1
o (0.000) (0.008) (0.000) (0.017) (0.000) (0.000)
L | 2=7M, | 90.1+£1.3 | 102.8+2.7| 942+1.9 | 97.9+3.1 | 944+2.6 | 99.6+4.1 | 100.8 +3.5
Q;E (0.000) (0.006) (0.000) (0.013) (0.000) (0.000)
2=9M, | 619+1.1 | 70.6+22 | 647+18 | 67.1+22 | 65.6+19 | 683+3.1 | 69.2+2.8
(0.000) (0.007) (0.000) (0.019) (0.000) (0.000)
cash demand data and replenishment fees which are higher on

two last non-working days of the week. In other words, the
proposed Double DQN+IoT is shifted replenishment actions
to be less for two weekend days due to their higher fees in the
analysed scenario.

We compare the proposed [oT+DQN system with the per-
formance of Shallow Q-network (SQN). Moreover, the perfor-
mance of proposed method is compared with the prediction-
based NNs namely, Shallow Neural Network (SNN), Convo-
lutional Deep Neural Network (CDNN), RNN and long short-
term memory (LSTM).

The goal of the prediction-based NN is to predict whether
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Fig. 5: Review of the actions taken by the systems (a)
details during June & July (b) weekly distribution of
total actions.

the cash demand of the next day is going to surpass the ATM
remaining cash which corresponds to taking replenishment
action. Two models based on shallow networks i.e., SQN and
SNN is considered where a network with two layers is
combined with clustering and feature selection [18]. A small
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representation of data is first achieved using clustering. A se-
quential stepwise process, called Backward Greedy Selection,
is then used to remove variables (features) that are irrelevant
to the neural network performance. A sigmoid transfer
function is used in the hidden layer of the network and the
output layer is linear, trained with the Levenberg-Marquardt
algorithm.
The python-based DL package tensorflow is used to im-
plement the deep CRP system structures. Tensorflow provides
the benchmark implementations of convolution, pooling and
fully-connected layers for public usages. The proposed DQN
is composed of five layers: 1) an input layer (28-dimension
input composed of the 26 ATM remaining cash of 26 days in
the past along with their corresponding replenishment cost and
the elapsed ATM downtime); 2) a convolutional layer with 32
convolutional kernels (the length of each kernel is considered
to be 6); 3) a max pooling layer; 4) a fully connected layer;
and 5) a soft-max layer with two outputs. The RNN contains
an input layer, a dense layer (32 hidden neurons), a recurrent
layer, and a soft-max layer for classification. The LSTM
shares similar configuration to RNN except for replacing the
recurrent layer with the LSTM module.
The training strategy of the deep networks involves iterative
updating of the weights in an online manner. In practice, the
first 200 time points are used to set up the network weights.
At each day, a new training example (s, @, r;, S+1) is added to
a defined buffer B (with a finite capacity) consisting of recent
CRP system history. The examples in the buffer are used as a
mini-batch to train the Q-network following Eq. 3. The trained
system is then used to control the CRP system from 201 to
250. In the next iteration, the sliding window of the training
data is moved 50 ticks forward covering a new training set
from 50 to 250. The parameters in the network are then
iteratively updated with the recently released data. This online
strategy allows the model to get aware of the latest CRP
system condition and update its parameters accordingly.
The average monthly replenishment costs of the proposed
algorithm for two ATMs are shown in Table I (Note that the
time points of the input time series before convergence
employed for system initialization and is not used for perfor-
mance calculation).
The results of the methods when the replenishment amount, /
vary from 5M to 9M and the maximum downtime D iS set
to 0 and 2 are shown in Table I. The experiment is repeated
for the 10 different seeds of generating initial random weights
and the mean performance is reported. As presented in Table
I, all of the performance measures are consistently better for
the proposed Double DQN+IoT compared with other methods
and the t-test p-values (in parentheses) demonstrated that the
differences are all statistically significant.
It can be seen from Table I, the average monthly cost
decreases as the replenishment amount increases while Dyax
stays the same. This is due to the fact that less replenishment
actions are required in order to meet the increasing cash
amount, which results in more cost savings. If we compare the
result of different D,ux at the same replenishment amount, it
can be found that increasing the maximum allowable down-
time D4 can result in an decreasing monthly cost. It is not
hard to understand this result as the required replenishments
diminish when the allowable downtime is increased.
The results in Table I shows that for both ATMs, the lowest
replenishment costs are made by Double DQN+IoT system.
This is due to its novel structure which allows simultaneous

environment sensing and optimum action learning for CRP
system.

When considering the results of CDNN, RNN, LSTM and
SNN, the pitfalls of prediction-based NN methods become
immediately apparent. By investigating the total profit values
in Table I, only the LSTM achieves comparable cost with the
other RL-based systems. This is because prediction-based
systems only consider the cash demand data to make
decisions. The Double DQN learns both cash demand
condition and the action-value function Q(s; @) in a joint
framework.

5. Conclusion

Modern IoT and Al technologies allow a bank to track its
ATM network to help predict outages due to cash shortages.
In this work we presented a CRP system based on the deep Q-
network (DQN) structure. The system is composed of two
main components: a deep learning component that learns the
cash demand dynamic status, and a Q-learning component that
learns the action-value function. However, the two
components are integrated as one, in the real implementation
of the system. In order to obtain stable targets during temporal
difference calculations, a separate target network is attached
to the system thereby forming the final Double DQN structure.
The performance of the proposed method under diverse testing
conditions i.e. for various amounts of total replenishment cash
and different maximum allowable downtime (due to lack of
cash) is analysed. Experimental results show that the proposed
method outperforms the other state-of-the-art deep CRP
systems. The results on real cash demand time-series
demonstrate the effectiveness of the learning system in joint
system dynamic acquisition and optimal action learning.
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