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ABSTRACT

The Artificial Neural Network-based Cash Forecasting Model (ANN-CFM) is proposed to address limitations of
linear approaches to financial management, particularly when data exhibit complex nonlinear behaviour. The model
combines linear and nonlinear information using a feed-forward neural network with input, hidden, and output layers.
Its short- and long-term forecasts account for working days, salary effects, holidays, month, and prior-year cash data.
Backpropagation adjusts weights and biases to reduce prediction error, while Particle Swarm Optimization (PSO)
is used to improve parameter optimization. The model is designed to process large datasets and adapt to changing
financial conditions. The study reports an overall accuracy of approximately 95% compared with normal data and
presents comparisons of cash-flow forecasts and error measures for short- and long-term prediction.
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1. INTRODUCTION

Cash management is essential to banking operations, where
financial institutions must maintain sufficient liquidity while
limiting the cost of holding excess cash. Traditional fore-
casting approaches based on linear relationships may not
represent the nonlinear interactions among working days, hol-
idays, salary payments, seasonal behaviour, and other factors
that influence cash demand. Artificial Neural Network-based
Cash Forecasting Models (ANN-CFM) offer an alternative
by using neural computation to model these relationships and
process large samples in parallel [1, 2].

The ANN-CFM uses a feed-forward neural-network architec-
ture in which information passes from the input layer through
hidden processing units to an output layer. The initial weights
and biases are randomized and then adjusted during learning
to identify cash requirements. Parallel processing allows the
model to analyze large quantities of data, while the layered
structure makes it possible to learn both linear and nonlinear

relationships that may be difficult to express in conventional
financial models.

An ANN typically consists of input, hidden, and output layers.
Connections between neurons are weighted, and iterative
learning algorithms adjust the weights and biases to reduce
prediction error. ANN-CFM can support both short- and
long-term forecasts: short-term estimates may account for
the average number of working days, holidays, and salary
dates, while longer-term forecasts may use the month and
reference year. Backpropagation updates model parameters
from the difference between predicted and observed cash
demand, enabling the model to adapt as new data become
available [3].

This feedback process begins with initial weights and biases
and repeatedly corrects them to reduce the difference be-
tween forecast and actual cash demand. The network can
include additional layers and neurons for datasets of different
complexity. Such adaptive learning is intended to make fore-
casting less dependent on fixed, sequential assumptions and
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more capable of responding to nonlinear changes in financial
activity.

The ability to learn nonlinear patterns is useful when cash de-
mand is affected by unexpected events or interactions among
several factors. Unlike conventional linear regression and
time-series approaches, neural networks can represent more
complex relationships and may therefore provide banks with
more informative cash-flow projections [4, 5]. Data normal-
ization, careful selection of input parameters, and an appro-
priate network structure are also important to make the model
suitable for practical financial scenarios. Backpropagation
and gradient-based optimization can further reduce forecast
errors [6, 7].

The model is intended to combine the benefits of established
forecasting methods with the computational demands of mod-
ern financial operations. Its ability to process substantial data
volumes, learn from correlations, and adjust to changing con-
ditions is presented as a way to reduce approximation errors
over repeated training cycles. Maintaining this flexibility
is particularly important when internal and external factors
cause cash requirements to vary over time.

Cash demand is influenced by historical patterns as well as
seasonal factors, including holidays and salary dates. By in-
corporating these dynamic variables and applying continuous
training, ANN-CFM is intended to improve estimates of liq-
uidity needs and reduce the risk of both cash shortages and
excess balances [8]. Its ability to process large volumes of
data and adapt to changing market and customer behaviour
can support more flexible cash-management decisions [9, 10].

The model is also presented as suitable for integration with
existing banking systems. Its modular inputs can be adjusted
as an institution’s financial parameters and cash-management
requirements change, supporting use in both large commer-
cial banks and smaller community banks. In this way, cash
forecasting and allocation could move toward more adap-
tive, digitally oriented processes with the potential to reduce
operating costs and inefficient financing risks.

2. RELATED WORK

Prior work has explored artificial neural networks, feed-
forward networks, and optimization methods for problems
involving nonlinear data and forecasting. Chaos theory de-
scribes systems that may exhibit nonlinearity, ergodicity, de-
terminism, and sensitivity to initial conditions; its search
properties have motivated applications in engineering, infor-
mation science, biology, and optimization. Chaotic mappings
have been proposed to improve PSO by replacing conven-
tional pseudorandom sequences, with the aim of reducing
premature convergence. Genetic algorithms and PSO are both
used for optimization, but PSO particles retain information
about their own and neighboring search results, whereas ge-
netic algorithms do not use the same particle-memory mecha-
nism [11].

PSO is used to search for promising candidate solutions
through cooperation among particles. In financial applica-
tions, combining this global search with an ANN’s local
learning is intended to find better model parameters than
either process alone. The cited literature also discusses feed-
forward networks, backpropagation, normalization, short-

and long-term forecasting inputs, and hybrid ANN–PSO de-
signs.

Table 1 summarizes methods discussed in the source study,
together with their reported advantages and limitations. The
literature review identifies a gap in cash forecasting: con-
ventional statistical methods may omit holiday effects and
day-of-month information, and modern soft-computing ap-
proaches have not been applied consistently to both short-
and long-term cash predictions.

3. OBJECTIVE OF THE RESEARCH WORK

The main objective is to develop a reliable and effective ANN-
CFM system that overcomes limitations of standard linear
models and predicts financial institutions’ cash requirements.
The study uses neural computation to analyze linear and
nonlinear data and account for working days, salary disburse-
ments, holidays, and seasonal changes. By combining feed-
forward neural networks, backpropagation, and ANN–PSO
optimization, the proposed approach aims to reduce predic-
tion error and operational risk while improving the speed and
flexibility of cash forecasting.

4. MOTIVATION FOR THE RESEARCH WORK

Simple deterministic techniques can be useful when demand
for cash and other financial assets follows a linear pattern. In
practice, cash demand often behaves as a nonlinear stochastic
process. Salary distributions, holidays, and daily fluctuations
may therefore be inadequately represented by basic regres-
sion or time-series models. The need for accurate and timely
estimates motivates a method that can process large datasets,
model nonlinear relationships, and optimize cash projections.
ANN-CFM applies neural computation and PSO to support
efficient use of resources and reduce liquidity risk in a chang-
ing financial environment.

5. THE PROJECTED METHOD

Developing a neural network for a complex forecasting prob-
lem requires careful selection of computational variables and
model structure. The procedure described in the study defines
and categorizes input variables, normalizes bank data, selects
short- and long-term inputs, chooses the number of hidden
neurons and network layers, specifies the activation function,
divides observations into training and testing sets, trains the
network, and evaluates the optimized results.

The ANN-CFM architecture has three layers: input, hidden,
and output. The input layer captures the factors that influence
cash demand: Holiday Effect (HDE), Weekday of the Month
(WDOM), Working Days Offset (WDO), Salary Day Effect
(SDE), Month of the Year (MOY), and cash data from the
prior year (RY). Weekends and holidays may alter transac-
tion patterns, while salary distributions can cause predictable
increases in cash withdrawals. The combined inputs provide
the basis for the forecast.

The hidden layer assigns weights and biases to the inputs and
applies activation functions to identify nonlinear relationships.
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Table 1. Summary of related works discovered
Technique Advantages Limitations
Feed-forward neural networks
(FFNN) [12]

Direct data flow from input to output simplifies the
design and works well with static data patterns.

Optimization may become trapped in local min-
ima, and flexibility can be limited in dynamic set-
tings.

Backpropagation for weight op-
timization [13]

Processes nonlinear data and reduces error through
iterative updates to weights and biases.

Convergence may be slow for complex networks,
and large datasets can lead to overfitting.

Short-term forecasting parame-
ters [14]

Day-specific factors such as working days, salary
effects, and holidays can improve accuracy.

External macroeconomic variables and broader
trends may be omitted.

Long-term forecasting parame-
ters [15]

Yearly and monthly trends support seasonal adjust-
ment and longer-horizon accuracy.

Sudden economic changes or shifts in customer
preferences may not be captured.

Hybrid ANN–PSO [16] Combines ANN local learning with PSO global
search to improve convergence and accuracy.

Computational requirements are high, and perfor-
mance depends on parameter tuning.

Input-data normalization [17] Stabilizes training by bringing input variables to
consistent ranges.

Does not necessarily remove noise or resolve class
and data imbalance.

ANN with a single hidden
layer [18]

Models moderately complex relationships with
relatively low computational cost.

May not scale to multidimensional data or capture
subtle patterns in highly complex settings.

Chaotic PSO integration [19] Chaotic search patterns can reduce premature con-
vergence to local optima.

Selecting and tuning a suitable chaotic function
requires dataset-specific investigation.

Sigmoid activation functions
(Tansig and Logsig) [20]

Provide smooth gradients and nonlinear transfor-
mations used in financial forecasting.

Can perform poorly on sparse or discontinuous
data and may suffer vanishing gradients in deep
networks.

Real-time ANN-CFM process-
ing [21]

Supports rapid response to changing cash-flow re-
quirements and decisions.

Data standardization, preprocessing, and integra-
tion with live systems may introduce delays.

Large training datasets (e.g.,
80/20 split) [22]

Diverse training patterns can improve generaliza-
tion and prediction accuracy.

Long-term high-quality data can be difficult to
obtain; noise and missing values affect accuracy.

Multi-layer perceptron
(MLP) [23]

Models complex nonlinear relationships and per-
mits flexible choices of hidden layers and neurons.

Insufficient training data can cause overfitting, and
deeper networks increase computation.

Heuristic-based neural-network
design [24]

Heuristics can address complex optimization prob-
lems by simulating decision processes.

Methods are not standardized, so performance can
vary between datasets and budgets.

Evolutionary optimization (e.g.,
ANN–PSO) [25]

Expands the search space and can address local-
minimum problems common to gradient methods.

Parameter tuning is computationally demanding,
especially for large or rapidly changing datasets.

Holiday and festive-day effects Seasonal inputs can improve forecasts when de-
mand changes around holidays.

New events and geographic or cultural variation
may be difficult to anticipate.

Hybrid evolutionary ANN train-
ing

Combining optimization strategies can improve
convergence and reduce forecast error.

Hybrid methods require computational resources
and careful tuning.

Dynamic PSO weight adjust-
ment

Dynamic updates can help the model adapt to real-
time data changes.

Results can be sensitive to initial parameters and
may be unstable in changing settings.

Incremental ANN-CFM learning The model can adapt to continuing data streams
without restarting training.

Incremental updates may affect forecast precision
and increase computation on large datasets.

Data preprocessing and normal-
ization

Consistent inputs can speed convergence and re-
duce discrepancies during training.

Selecting preprocessing methods requires care to
avoid removing useful information.

Salary-day effects in short-term
forecasts

Captures predictable cash-demand increases
around salary disbursements.

Applicability is limited where salary patterns are
irregular or vary across industries.

ANN with real-time monitoring Enables timely response to demand changes and
supports efficient operations.

Integration can involve setup costs, data latency,
and inaccurate live feeds.

Evaluation with MAE, MAPE,
and MSE

Standardized metrics support comparison and iter-
ative model improvement.

Metrics do not capture every aspect of model qual-
ity, such as interpretability or resilience.

Advanced activations (ReLU,
Leaky ReLU)

Can improve deep-network training and reduce
vanishing-gradient effects.

Poor tuning may introduce sparsity or limit perfor-
mance on some nonlinear datasets.

Non-financial inputs (e.g.,
weather, public events)

Additional context may improve forecasts when
external events affect demand.

Requires access to diverse data and can make mod-
els more complex and difficult to interpret.

Its computation is represented by

W = σ

(
m

∑
j=1

z jy j + c

)
. (1)

Here, y j denotes an input such as HDE or WDOM, z j is its
coefficient, c is the bias, and σ is the activation function. A
sigmoid activation is defined as

S = σ(y) =
1

1+ e−y . (2)

The output layer combines hidden-layer values and its own

weights and bias to produce predicted cash demand:

d =
n

∑
i=1

ziWi + c. (3)

The value d is compared with actual demand for the corre-
sponding period. During training, the weights and biases
are updated to reduce the difference between predicted and
observed outcomes. The weight update is written as

z(v+1)
m,n = z(v)m,n −

∂K
∂ zm,n

, (4)

where z(v)m,n connects the mth neuron in the input layer to the
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cash on hand, balances the distribution of cash across sub-
divisions, and minimizes the costs of cash management and
preservation. This is because it lowers the risks of having
both high and low cash balances in its businesses operations.

In addition, the application of ANN-CFM stresses on the sig-
nificance of computational intelligence in today’s managerial
frameworks of the financial and banking institutions. The
amount of transaction processed around the globe has grown
daily, and thus the previous reliance on manual methods or
simple mathematical models is unsustainable. Ann-cfm’s
continuous learning capability coupled with ANN capabil-
ity of processing the huge volume of data in real-time it
makes it a game changer in managing finances. Financial
companies might use the enhanced potential of the model
in terms of the forecast while at the same time, adapting to
the new conditions of the market and clients’ behaviour [9].
It is crucial during uncertain livelihoods or crises such as
the Christmas period or during a recession, and gives the
institutions a way of being ready for increased demand for
their products and services. ANN-CFM, when applied for
cash forecasting, helps banks awake a more flexible and dy-
namic approach to cash management. Thus, operating costs
are lowered, and risks connected with inefficient financing
are minimized. Furthermore, it is equally easy to integrate
the proposed ANN-CFM with current banking systems and
hence moving away from traditional models of forecasting
is easy. Because the model is comprised of modules that
are relatively easy to adjust in response to changes in the
parameters of a company’s finances and its cash manage-
ment scenario, it is highly flexible and can be tuned to work
perfectly with a broad(er) range of financial structures and
types of company. Examples of large commercial banks and
small community banks as well as finance centres may all
need ANN-CFM for their purposes. The component common-
ality that contributes to the framework’s practicability also
strengthens the framework by providing an option that may
be improved or developed depending on the requirements
of the financial sector. Last but not the least, the processes
associated with cash forecasting and allotment of the financial
organisations might undergo a drastic change if ANN-CFM
is integrated into the current procedures. ANN-CFM also
means a practical move towards more intelligent and digital
oriented procedures in financial management. They include
increased accuracy, flexibility and the ability to process data
at the blink of an eye. Since the future cash requirement
needs to be predicted, management of cash uses the linear
regression to identify the most influential variables. This re-
search provides a framework, which utilizes neural networks
to formulate efficient algorithms that function well for both
nonlinear and linear data inputs. Increasing the total number
of parameters, to obtain greater accuracy, is not such an easy
task. Therefore, the proposed work presents ANN-CFM—an
Artificial Neural Network based cash forecasting procedure
that can quickly analyse vast amount of data and perform
parallels using inputs. Scientists from all corners of the world
have trained numerous types of networks by employing the
designs applied to machine learning models in such disci-
plines as mathematics, science, technology, modelling and
finance. Neural networks replicate the working of the human
brain [10].
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in step with external/internal factors in broad and constant ways. By using a technology such as back-propagation, 
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Figure 1. An Overview of ANN's Design 
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Figure 1. An Overview of ANN’s Design.

By simulating the way, the brain of an individual works, ANN
is able to determine the best values in any scenario. A method
uses heuristics to solve complicated issues. According to the
researchers, researchers working on real-time applications
with efficiency should consider using neural networks. In or-
der to train and tune the network using the back dissemination
technique, the majority of studies utilized neural networks
that feed forward. The ANN’s basic structure is a 1-input,
1-hidden, and 1-output layer that produces a single output.
ANNs learn to optimize their weights and biases, hence reduc-
ing error. The fundamental structure of multi-layered neural
networks is shown in Fig. 1 such are a one-layer network that
optimizes for complicated nonlinear properties by forwarding
weights from the previous layer to the next.

2. RELATED WORK

According to the authors, a system is considered chaotic
if it exhibits many characteristics, including non-linearity,
ergodicity, determinism, and sensitivity to starting values. En-
gineers, the information sciences, and even biology may all
benefit from chaos theory. Therefore, many researchers were
drawn to chaos because it effectively searches the issue space
and avoids collapsing in the local area. Encrypting images
using a mix of genetic algorithms that makes use of the chaos
logistical mappings function prevents unknown people from
accessing the images. Nonlinear mathematical equations
were used to accomplish synchronizing chaos in both inter-
mittent and ongoing systems. According to the researchers,
PSO was the go-to tool for investigators looking to solve both
nonlinear as well as linear issues [11]. According to the inves-
tigators, one way to improve PSO’s effectiveness is by using
dynamically adaptations, which circumvents the drawbacks
of employing number generators. The author proposed the
individually linear catastrophic map, which improves PSO ef-
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nth hidden neuron at iteration v, and K is the loss function.
Biases are updated similarly:

c(v+1)
n = c(v)n − ∂K

∂cn
. (5)

The model also uses PSO to tune initial weights and biases.
Particles search for good solutions by changing their positions
according to individual and collective results. The velocity
and position updates are

u(v+1)
j = ωu(v)j +d1s1

(
qbest

j − y(v)j

)
+d2s2

(
gbest − y(v)j

)
, (6)

y(v+1)
j = y(v)j +u(v+1)

j . (7)

Here, u j and y j denote particle velocity and position, qbest
j is

the best position found by particle j, gbest is the global best
position, ω is the inertia weight, d1 and d2 are acceleration
parameters, and s1 and s2 are random values.

The architecture can be extended with additional inputs for
particular use cases. Its components transform input factors
into a cash-demand estimate through hidden layers and opti-
mization. Input variables are normalized to a common range
using

y′j =
y j −min(y)

max(y)−min(y)
. (8)

The output of the ith hidden neuron can be expressed as

wi = σ

(
m

∑
j=1

zi, jy j + ci

)
. (9)
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by conventional techniques of forecasting. We did not take
into account the factors like Holiday Effect (HE) and Day
of the Month (DOM) that affect cash flow predictions. Pre-
diction for both shorter and more extended time periods has
not been explored using the more modern soft-computing ori-
ented approaches such as ANN, chaotic PSO, ANN-PSO, and
PSO, which enhance the effectiveness of cash management
algorithms.

3. OBJECTIVE OF THE RESEARCH WORK

The main goal of the study on the ANN-CFM is to create
a reliable and effective system that can overcome the short-
comings of standard linear models and effectively predict the
cash needs of financial institutions. This study’s overarch-
ing goal is to improve cash management by making better
use of neural systems’ computational capabilities to analyse
data that has nonlinear and linear forms. This will allow for
accurate forecasts of cash demand, which can vary greatly
depending on factors like working several days salary reim-
bursements, holidays, and shifts in the seasons. With such
combination of sophisticated methods, the endeavour is to
minimize errors in prediction, eliminate risk factors in opera-
tion and assure the dynamism and flexibility of the models to
meet real life financial issue situations by using ANN-PSO
employing back-propagation and feeding-forward neural net-
work models. This attempt seeks to improve cash forecasting
systems more accurate, faster and flexible to possibly improve
cash management and efficiency in the financial industry.

4. MOTIVATION FOR THE RESEARCH WORK

Whereas straightforward optimal techniques in the adminis-
tration of finances apply when financial institutions’ demand
for cash and other financial assets follows a linear determin-
istic model, it very often is a nonlinear stochastic process.
Precisely for this reason, the ANN-CFM framework was de-
veloped. For factors that are complicated, and such issues
might be salary distributions, or when holidays are included
and undertakings of daily fluctuate, basic regression over
the time series models cannot suffice. The growing require-
ment for accurate and immediate financial estimates also
requires a better method. ANN-CFM improves operational
effectiveness and decreases the risk of liquidity by processing
massive datasets, managing non-linear connections, and opti-
mizing cash projections using the computerized intelligence
produced by artificial neural networks. Incorporating state-of-
the-art optimization approaches like PSO, ANN-CFM offers
a thorough answer to the problems with contemporary cash
management, guaranteeing more efficient use of resources
and happier consumers in an ever-evolving financial market.

5. THE PROJECTED METHOD

The development of a neural network that may improve any
kind of difficult issue is a challenge that is not easy to do.
It is important to pick the computational variables for the
forecasting process with great care in order to produce the
best possible optimised outcome for the data set that is be-
ing used. The many challenges involved in the creation of
the ANN-CFM structure. The input should be defined and
categorized. Adjust the range by normalizing the data from

the bank. Short-term and long-term inputs of the input layer
the hidden layer has a variable quantity of neurons. Layer
for output components of a single neuron are several weights.
Count the total quantity of lines that link the two points. The
function to be activated e should be specified. Please select
the quantity of levels that are concealed. For the purposes
of training and testing, divide the data. Practice with the
network. Investigate the system. Consider the outcomes that
were optimised.

Three basic levels make up the construction of the ANN-CFM
architecture. These layers are the input layer, the hidden layer,
and the output layer. These layers all collaborate with one
another to ensure that the cash demand projection is correct.
At the beginning of the model is the input layer, the compo-
nent responsible for capturing the fundamental factors that
influence cash demand. The following variables are included
in these inputs: HDE (Holiday Effect), WDOM (Weekday of
the Month), WDO (Working Days Offset), SDE (Salary Day
Effect), MOY (Month of the Year), and RY (Cash Data from
the Prior Year). There is a considerable influence that each
of these factors has on the amount of cash that is required.
For example, variations in the need for cash often occur be-
cause of alterations in financial transactions over weekends
and vacation days. On the other hand, salary distributions are
known to induce predicted spikes in departures. The capacity
of the model to make accurate forecasts is built based on
these inputs combined.
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Figure 2. Framework of ANN-CFM 

The ANN-CFM's basic computation takes place in the hidden layer, which acts as the hidden layer. For identifying 

non-linear correlations in information, the hidden layer gives a weight and bias to the factors that are input and 

then processed those parameters using functions called activation. The procedure that takes place in the hidden 

layer may be expressed analytically as follows: 

𝑊 = 𝜎(∑ 𝑧𝑗𝑦𝑗 + 𝑐𝑚
𝑗=1 )                                                       (1) 

In this context, the variables 𝑦𝑗, such as HDE and WDOM, are utilized to convey the parameters for the input. The 

coefficients related to every parameter are denoted by 𝑧𝑗. The biased factor is denoted by c, and the function of 

activating that is employed to induce non-linearity is denoted by σ. Most of the time, a function with a sigmoid 

form or a hyperbola tangent (tanh) is utilized as the activating function in ANN-CFM. This value can be defined 

as follows: 

𝑆 = 𝜎(𝑦) =
1

1+𝑓−𝑦
                                                           (2) 

Important for representing the complicated, non-linear causal connections between input variables and cash 

demand are those activation coefficients. The Z-value, which represents the outcome of these calculations, is 

subsequently carried on to the subsequent layer. The last calculation to produce the predicted cash demand is 

carried out by the output stage. This layer takes the hidden layers outputs and adds a new set of biased and 

weighting to them. The layer of output is controlled by the following the formula:  
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Figure 2. Framework of ANN-CFM.
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The sigmoid function used for this transformation is

σ(y) =
1

1+ e−y . (10)

Alternatively, a hyperbolic tangent activation may be used:

σ(y) =
ey − e−y

ey + e−y . (11)

The output layer aggregates hidden-neuron results to form
the forecast:

x =
n

∑
i=1

zout
i wi + cout. (12)

The model’s loss is the mean squared error over M observa-
tions:

K =
1
M

M

∑
l=1

(
xl − xtrue,l

)2
. (13)

The actual cash demand can also be normalized as

x′true =
xtrue −min(xtrue)

max(xtrue)−min(xtrue)
. (14)

For backpropagation, the net input to the ith hidden neuron is

vi =
m

∑
j=1

zi, jy j + ci. (15)

The sigmoid derivative is

σ
′(y) = σ(y)

(
1−σ(y)

)
, (16)
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and the derivative of the hyperbolic tangent activation is

σ
′(y) = 1− tanh2(y). (17)

These gradients are used to adjust weights and biases in the
hidden and output layers. The study also gives the regularized
loss as

Kreg = L+2 ∑
m,n

z2
m,n. (18)

ANN-CFM incorporates holiday effects, weekdays of the
month, salary-day effects, working-day offsets, month of year,
and prior-year data. After normalization, these inputs pass
through nonlinear activation functions in the hidden layer and
are aggregated in the output layer. Backpropagation updates
weights and biases to correct inaccurate predictions, while
PSO supports faster convergence and parameter optimization.
The combined design is intended for large, uncertain, and
changing cash-flow environments.

6. RESULTS

The ANN-CFM model is evaluated across cash-flow con-
ditions that vary with social and financial factors, seasonal
changes, and regional events. Its ability to learn from data and
update its parameters is presented as a way to address limita-
tions of linear assumptions. The following tables and figures
reproduce the comparative values reported in the study.

Table 2. Model parameter valuation with ANN-CFM

Working days Normal PSO-CMM ANN-CFM

1 27 25 14
2 21 19 13
3 17 16 12
4 13 16 14
5 12 14 13
6 14 13 11
7 10 9 8
8 11 10 8
9 8 9 8

Table 2 shows that ANN-CFM values are generally lower
than those of Normal and PSO-CMM across the working
days.

American Journal of Business and Operations Research (AJBOR) Vol. 11, No. 02 · 2025

In the table, working days are evaluated from the Normal and
PSO-CMM datasets in addition to the ANN-CFM dataset.
The Normal data is always plotted with the highest values
of as high as 27 days on Day 1 and 8 days on Day 9. At
Day 1, 25 days down to Day 9 as suggested by the analysis,
PSO-CMM is progressively decreasing. The least of them are
the ANN-CFM values that is on Day 1 is 14 and on Day 9 is
just 8. When compared with Normal data, both PSO-CMM
and ANN-CFM have lesser working days, although often
ANN-CFM is especially beneficial.

 
American Journal of Business and Operations Research (AJBOR)                           Vol. 11, No. 02, PP. 67-81, 2024 

77 
DOI: https://doi.org/10.54216/AJBOR.110205   

Received: November 14, 2023 Revised: January 11, 2024 Accepted: June 28, 2024 
 

Table 1: Model parameter valuation with ANN-CFM 

No of working days Normal data  PSO-CMM data ANN-CFM data  

1 27 25 14 

2 21 19 13 

3 17 16 12 

4 13 16 14 

5 12 14 13 

6 14 13 11 

7 10 9 8 

8 11 10 8 

9 8 9 8 

In the table, working days are evaluated from the Normal and PSO-CMM datasets in addition to the ANN-CFM 
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Day 9. At Day 1, 25 days down to Day 9 as suggested by the analysis, PSO-CMM is progressively decreasing. 

The least of them are the ANN-CFM values that is on Day 1 is 14 and on Day 9 is just 8. When compared with 

Normal data, both PSO-CMM and ANN-CFM have lesser working days, although often ANN-CFM is especially 

beneficial. 
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Table 2. Using ANN-CFM to Estimate Model Parameters

No of working days Normal data PSO-CMM data ANN-CFM data

10 51 49 13
20 23 22 12
30 21 20 11
40 53 50 10
50 24 23 10
6 22 21 9
70 56 54 9
80 25 24 9
90 23 22 9

The different degrees of efficiency are shown by compar-
ing working days throughout the three datasets—Normal,
PSO-CMM, and ANN-CFM—using additionally values. In
comparison to the other two approaches, the typical infor-
mation constantly shows the maximum number of working
days, with figures that vary between 50 to 20, suggesting a
less effective strategy. Working days reduced significantly
by PSO-CMM, from 49 to 20, indicating an improved pro-
cess, however it is still not optimised to the same extent as
ANN-CFM. In every case, ANN-CFM proves to be the most
efficient and optimised method for lowering working days,
with the lowest recorded numbers being between 13 to 9.
With Normal data displaying the least optimisation along
with effectiveness in terms of lowering working days, ANN-
CFM seems to be the best performing strategy, afterwards
PSO-CMM.
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The different degrees of efficiency are shown by comparing working days throughout the three datasets—Normal, 

PSO-CMM, and ANN-CFM—using additionally values. In comparison to the other two approaches, the typical 

information constantly shows the maximum number of working days, with figures that vary between 50 to 20, 

suggesting a less effective strategy. Working days reduced significantly by PSO-CMM, from 49 to 20, indicating 

an improved process, however it is still not optimised to the same extent as ANN-CFM. In every case, ANN-CFM 

proves to be the most efficient and optimised method for lowering working days, with the lowest recorded numbers 

being between 13 to 9. With Normal data displaying the least optimisation along with effectiveness in terms of 

lowering working days, ANN-CFM seems to be the best performing strategy, afterwards PSO-CMM. 
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Table 3: An examination of ANN-CFM in comparison 

No of Neurons Default Variable ANN-CFM variable 

13 0.0222 0.0102 

12 0.0227 0.0100 

11 0.0182 0.0080 

10 0.0189 0.0086 

9 0.0197 0.0087 

An examination of the ANN-CFM model's efficacy and improvement is shown by comparing default variables 

with ANN-CFM variables across various neuronal densities. Although the default setting for the variable for 13 

neurons is 0.0222, the ANN-CFM improves it to a much lower value of 0.0102, indicating better accuracy. The 

ANN-CFM model further decreases the default variable for 12 neurons from 0.0227 to 0.0100, continuing the 

trend towards better performance. Using a standard variable of 0.0182 for 11 neurons and a value of 0.0080 for 

ANN-CFM, the disparities persist even as the total amount of neurons drops. For 10 neurones, the ANN-CFM 

comparative measures 0.0189 and 0.0086, whereas for 9 neurones, the conventional values are 0.0197 and 0.0087. 

It is clear from the results that the ANN-CFM method effectively decreases the numbers for factors, which permits 

enhanced efficacy and accurate parameters modification. This drop in values, which aids computing efficiency, 

reflects the model's ability to achieve better precision by using appropriate neural network topology. 
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Table 3. An examination of ANN-CFM in comparison

No of Neurons Default Variable ANN-CFM variable

13 0.0222 0.0102
12 0.0227 0.0100
11 0.0182 0.0080
10 0.0189 0.0086
9 0.0197 0.0087

An examination of the ANN-CFM model’s efficacy and im-
provement is shown by comparing default variables with
ANN-CFM variables across various neuronal densities. Al-
though the default setting for the variable for 13 neurons is
0.0222, the ANN-CFM improves it to a much lower value of
0.0102, indicating better accuracy. The ANN-CFM model
further decreases the default variable for 12 neurons from
0.0227 to 0.0100, continuing the trend towards better perfor-
mance. Using a standard variable of 0.0182 for 11 neurons
and a value of 0.0080 for ANN-CFM, the disparities persist
even as the total amount of neurons drops. For 10 neurones,
the ANN-CFM comparative measures 0.0189 and 0.0086,
whereas for 9 neurones, the conventional values are 0.0197
and 0.0087. It is clear from the results that the ANN-CFM
method effectively decreases the numbers for factors, which
permits enhanced efficacy and accurate parameters modifica-
tion. This drop in values, which aids computing efficiency,
reflects the model’s ability to achieve better precision by using
appropriate neural network topology. 
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Figure 6.  Efficacy of different systems 

Table 4: Evaluation criteria for ANN-CFM 

Models MAE MAPE 

Long-term 2.7799 16.4534 

Short-term 2.2355 7.3434 
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In regards to short-term accuracy in predicting, the ANN-CFM models clearly beat the other while compared the 

MAE and MAPE of the long-term and short-term forecasts. With an MAE of 2.7799, a significantly higher MAPE 

of 16.4534 suggests slightly greater numeric and percentages deviations for long-term projections. A significant 

gain in accuracy and precision is shown for short-term predictions, however, with the MAE reduced to 2.2355, 

and the MAPE to 7.3434. The algorithm does a wonderful job (within very tiny margins of error) of forecasting 

short-term cash flows, but it has a hard time (within reasonable margins of error) of forecasting longer-term cash 

flows. This could be because such large time horizons are more complicated and unpredictable. When the forecasts 

are not too far off, the results demonstrate that the ANN-CFM system performs well, and it can adapt to various 

periods for forecasts. 
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Table 4. Evaluation criteria for ANN-CFM

Models MAE MAPE

Long-term 2.7799 16.4534
Short-term 2.2355 7.3434
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Figure 4. Forecasting of short-term financial flows.

Table 3. ANN-CFM model parameters across working days

Working days Normal PSO-CMM ANN-CFM

10 51 49 13
20 23 22 12
30 21 20 11
40 53 50 10
50 24 23 10
6 22 21 9
70 56 54 9
80 25 24 9
90 23 22 9

The second comparison reports Normal values ranging from
21 to 56, PSO-CMM values from 20 to 54, and ANN-CFM
values from 9 to 13. The study interprets the ANN-CFM
series as the most optimized of the three approaches for the
reported cases.

American Journal of Business and Operations Research (AJBOR) Vol. 11, No. 02 · 2025

In the table, working days are evaluated from the Normal and
PSO-CMM datasets in addition to the ANN-CFM dataset.
The Normal data is always plotted with the highest values
of as high as 27 days on Day 1 and 8 days on Day 9. At
Day 1, 25 days down to Day 9 as suggested by the analysis,
PSO-CMM is progressively decreasing. The least of them are
the ANN-CFM values that is on Day 1 is 14 and on Day 9 is
just 8. When compared with Normal data, both PSO-CMM
and ANN-CFM have lesser working days, although often
ANN-CFM is especially beneficial.
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Table 1: Model parameter valuation with ANN-CFM 

No of working days Normal data  PSO-CMM data ANN-CFM data  

1 27 25 14 

2 21 19 13 

3 17 16 12 

4 13 16 14 

5 12 14 13 
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7 10 9 8 
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9 8 9 8 

In the table, working days are evaluated from the Normal and PSO-CMM datasets in addition to the ANN-CFM 

dataset. The Normal data is always plotted with the highest values of as high as 27 days on Day 1 and 8 days on 

Day 9. At Day 1, 25 days down to Day 9 as suggested by the analysis, PSO-CMM is progressively decreasing. 

The least of them are the ANN-CFM values that is on Day 1 is 14 and on Day 9 is just 8. When compared with 

Normal data, both PSO-CMM and ANN-CFM have lesser working days, although often ANN-CFM is especially 

beneficial. 
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Table 2. Using ANN-CFM to Estimate Model Parameters

No of working days Normal data PSO-CMM data ANN-CFM data

10 51 49 13
20 23 22 12
30 21 20 11
40 53 50 10
50 24 23 10
6 22 21 9
70 56 54 9
80 25 24 9
90 23 22 9

The different degrees of efficiency are shown by compar-
ing working days throughout the three datasets—Normal,
PSO-CMM, and ANN-CFM—using additionally values. In
comparison to the other two approaches, the typical infor-
mation constantly shows the maximum number of working
days, with figures that vary between 50 to 20, suggesting a
less effective strategy. Working days reduced significantly
by PSO-CMM, from 49 to 20, indicating an improved pro-
cess, however it is still not optimised to the same extent as
ANN-CFM. In every case, ANN-CFM proves to be the most
efficient and optimised method for lowering working days,
with the lowest recorded numbers being between 13 to 9.
With Normal data displaying the least optimisation along
with effectiveness in terms of lowering working days, ANN-
CFM seems to be the best performing strategy, afterwards
PSO-CMM.
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The different degrees of efficiency are shown by comparing working days throughout the three datasets—Normal, 

PSO-CMM, and ANN-CFM—using additionally values. In comparison to the other two approaches, the typical 

information constantly shows the maximum number of working days, with figures that vary between 50 to 20, 

suggesting a less effective strategy. Working days reduced significantly by PSO-CMM, from 49 to 20, indicating 

an improved process, however it is still not optimised to the same extent as ANN-CFM. In every case, ANN-CFM 

proves to be the most efficient and optimised method for lowering working days, with the lowest recorded numbers 

being between 13 to 9. With Normal data displaying the least optimisation along with effectiveness in terms of 

lowering working days, ANN-CFM seems to be the best performing strategy, afterwards PSO-CMM. 
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ANN-CFM model further decreases the default variable for 12 neurons from 0.0227 to 0.0100, continuing the 

trend towards better performance. Using a standard variable of 0.0182 for 11 neurons and a value of 0.0080 for 

ANN-CFM, the disparities persist even as the total amount of neurons drops. For 10 neurones, the ANN-CFM 

comparative measures 0.0189 and 0.0086, whereas for 9 neurones, the conventional values are 0.0197 and 0.0087. 

It is clear from the results that the ANN-CFM method effectively decreases the numbers for factors, which permits 

enhanced efficacy and accurate parameters modification. This drop in values, which aids computing efficiency, 

reflects the model's ability to achieve better precision by using appropriate neural network topology. 
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Figure 5. Forecasting of longer-term financial flows.

Table 3. An examination of ANN-CFM in comparison

No of Neurons Default Variable ANN-CFM variable

13 0.0222 0.0102
12 0.0227 0.0100
11 0.0182 0.0080
10 0.0189 0.0086
9 0.0197 0.0087

An examination of the ANN-CFM model’s efficacy and im-
provement is shown by comparing default variables with
ANN-CFM variables across various neuronal densities. Al-
though the default setting for the variable for 13 neurons is
0.0222, the ANN-CFM improves it to a much lower value of
0.0102, indicating better accuracy. The ANN-CFM model
further decreases the default variable for 12 neurons from
0.0227 to 0.0100, continuing the trend towards better perfor-
mance. Using a standard variable of 0.0182 for 11 neurons
and a value of 0.0080 for ANN-CFM, the disparities persist
even as the total amount of neurons drops. For 10 neurones,
the ANN-CFM comparative measures 0.0189 and 0.0086,
whereas for 9 neurones, the conventional values are 0.0197
and 0.0087. It is clear from the results that the ANN-CFM
method effectively decreases the numbers for factors, which
permits enhanced efficacy and accurate parameters modifica-
tion. This drop in values, which aids computing efficiency,
reflects the model’s ability to achieve better precision by using
appropriate neural network topology. 
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Table 4: Evaluation criteria for ANN-CFM 

Models MAE MAPE 

Long-term 2.7799 16.4534 

Short-term 2.2355 7.3434 
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In regards to short-term accuracy in predicting, the ANN-CFM models clearly beat the other while compared the 

MAE and MAPE of the long-term and short-term forecasts. With an MAE of 2.7799, a significantly higher MAPE 

of 16.4534 suggests slightly greater numeric and percentages deviations for long-term projections. A significant 

gain in accuracy and precision is shown for short-term predictions, however, with the MAE reduced to 2.2355, 

and the MAPE to 7.3434. The algorithm does a wonderful job (within very tiny margins of error) of forecasting 

short-term cash flows, but it has a hard time (within reasonable margins of error) of forecasting longer-term cash 

flows. This could be because such large time horizons are more complicated and unpredictable. When the forecasts 

are not too far off, the results demonstrate that the ANN-CFM system performs well, and it can adapt to various 

periods for forecasts. 
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Table 4. Evaluation criteria for ANN-CFM

Models MAE MAPE

Long-term 2.7799 16.4534
Short-term 2.2355 7.3434
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Figure 5. Forecasting of longer-term financial flows.

Table 4. Comparison of default and ANN-CFM variables

Neurons Default ANN-CFM

13 0.0222 0.0102
12 0.0227 0.0100
11 0.0182 0.0080
10 0.0189 0.0086
9 0.0197 0.0087

Table 4 and Figure 6 compare default variable values with
ANN-CFM values across five neuron counts. In every re-
ported case, the ANN-CFM value is lower. For example, at
13 neurons the value decreases from 0.0222 to 0.0102, and
at 11 neurons it decreases from 0.0182 to 0.0080. The paper
relates these reductions to improved parameter adjustment
and computational efficiency.

48
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In the table, working days are evaluated from the Normal and
PSO-CMM datasets in addition to the ANN-CFM dataset.
The Normal data is always plotted with the highest values
of as high as 27 days on Day 1 and 8 days on Day 9. At
Day 1, 25 days down to Day 9 as suggested by the analysis,
PSO-CMM is progressively decreasing. The least of them are
the ANN-CFM values that is on Day 1 is 14 and on Day 9 is
just 8. When compared with Normal data, both PSO-CMM
and ANN-CFM have lesser working days, although often
ANN-CFM is especially beneficial.
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Table 1: Model parameter valuation with ANN-CFM 

No of working days Normal data  PSO-CMM data ANN-CFM data  

1 27 25 14 

2 21 19 13 

3 17 16 12 

4 13 16 14 

5 12 14 13 

6 14 13 11 

7 10 9 8 

8 11 10 8 

9 8 9 8 

In the table, working days are evaluated from the Normal and PSO-CMM datasets in addition to the ANN-CFM 

dataset. The Normal data is always plotted with the highest values of as high as 27 days on Day 1 and 8 days on 

Day 9. At Day 1, 25 days down to Day 9 as suggested by the analysis, PSO-CMM is progressively decreasing. 

The least of them are the ANN-CFM values that is on Day 1 is 14 and on Day 9 is just 8. When compared with 

Normal data, both PSO-CMM and ANN-CFM have lesser working days, although often ANN-CFM is especially 

beneficial. 
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Table 2. Using ANN-CFM to Estimate Model Parameters

No of working days Normal data PSO-CMM data ANN-CFM data

10 51 49 13
20 23 22 12
30 21 20 11
40 53 50 10
50 24 23 10
6 22 21 9
70 56 54 9
80 25 24 9
90 23 22 9

The different degrees of efficiency are shown by compar-
ing working days throughout the three datasets—Normal,
PSO-CMM, and ANN-CFM—using additionally values. In
comparison to the other two approaches, the typical infor-
mation constantly shows the maximum number of working
days, with figures that vary between 50 to 20, suggesting a
less effective strategy. Working days reduced significantly
by PSO-CMM, from 49 to 20, indicating an improved pro-
cess, however it is still not optimised to the same extent as
ANN-CFM. In every case, ANN-CFM proves to be the most
efficient and optimised method for lowering working days,
with the lowest recorded numbers being between 13 to 9.
With Normal data displaying the least optimisation along
with effectiveness in terms of lowering working days, ANN-
CFM seems to be the best performing strategy, afterwards
PSO-CMM.
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Table 3. An examination of ANN-CFM in comparison

No of Neurons Default Variable ANN-CFM variable

13 0.0222 0.0102
12 0.0227 0.0100
11 0.0182 0.0080
10 0.0189 0.0086
9 0.0197 0.0087

An examination of the ANN-CFM model’s efficacy and im-
provement is shown by comparing default variables with
ANN-CFM variables across various neuronal densities. Al-
though the default setting for the variable for 13 neurons is
0.0222, the ANN-CFM improves it to a much lower value of
0.0102, indicating better accuracy. The ANN-CFM model
further decreases the default variable for 12 neurons from
0.0227 to 0.0100, continuing the trend towards better perfor-
mance. Using a standard variable of 0.0182 for 11 neurons
and a value of 0.0080 for ANN-CFM, the disparities persist
even as the total amount of neurons drops. For 10 neurones,
the ANN-CFM comparative measures 0.0189 and 0.0086,
whereas for 9 neurones, the conventional values are 0.0197
and 0.0087. It is clear from the results that the ANN-CFM
method effectively decreases the numbers for factors, which
permits enhanced efficacy and accurate parameters modifica-
tion. This drop in values, which aids computing efficiency,
reflects the model’s ability to achieve better precision by using
appropriate neural network topology. 
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and the MAPE to 7.3434. The algorithm does a wonderful job (within very tiny margins of error) of forecasting 

short-term cash flows, but it has a hard time (within reasonable margins of error) of forecasting longer-term cash 

flows. This could be because such large time horizons are more complicated and unpredictable. When the forecasts 

are not too far off, the results demonstrate that the ANN-CFM system performs well, and it can adapt to various 

periods for forecasts. 
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Figure 6. Efficacy of different systems.

Table 5. Evaluation criteria for ANN-CFM

Forecast model MAE MAPE

Long-term 2.7799 16.4534
Short-term 2.2355 7.3434

The short-term forecast has lower reported error than the
long-term forecast: its MAE is 2.2355 and MAPE is 7.3434,
compared with 2.7799 and 16.4534, respectively, for the
long-term forecast. The study attributes the difference to
the greater complexity and uncertainty of longer prediction
horizons and concludes that ANN-CFM can adapt to forecasts
over different periods.
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In the table, working days are evaluated from the Normal and
PSO-CMM datasets in addition to the ANN-CFM dataset.
The Normal data is always plotted with the highest values
of as high as 27 days on Day 1 and 8 days on Day 9. At
Day 1, 25 days down to Day 9 as suggested by the analysis,
PSO-CMM is progressively decreasing. The least of them are
the ANN-CFM values that is on Day 1 is 14 and on Day 9 is
just 8. When compared with Normal data, both PSO-CMM
and ANN-CFM have lesser working days, although often
ANN-CFM is especially beneficial.
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Table 1: Model parameter valuation with ANN-CFM 

No of working days Normal data  PSO-CMM data ANN-CFM data  

1 27 25 14 

2 21 19 13 

3 17 16 12 

4 13 16 14 

5 12 14 13 

6 14 13 11 

7 10 9 8 

8 11 10 8 

9 8 9 8 

In the table, working days are evaluated from the Normal and PSO-CMM datasets in addition to the ANN-CFM 

dataset. The Normal data is always plotted with the highest values of as high as 27 days on Day 1 and 8 days on 

Day 9. At Day 1, 25 days down to Day 9 as suggested by the analysis, PSO-CMM is progressively decreasing. 

The least of them are the ANN-CFM values that is on Day 1 is 14 and on Day 9 is just 8. When compared with 

Normal data, both PSO-CMM and ANN-CFM have lesser working days, although often ANN-CFM is especially 

beneficial. 
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Table 2. Using ANN-CFM to Estimate Model Parameters

No of working days Normal data PSO-CMM data ANN-CFM data

10 51 49 13
20 23 22 12
30 21 20 11
40 53 50 10
50 24 23 10
6 22 21 9
70 56 54 9
80 25 24 9
90 23 22 9

The different degrees of efficiency are shown by compar-
ing working days throughout the three datasets—Normal,
PSO-CMM, and ANN-CFM—using additionally values. In
comparison to the other two approaches, the typical infor-
mation constantly shows the maximum number of working
days, with figures that vary between 50 to 20, suggesting a
less effective strategy. Working days reduced significantly
by PSO-CMM, from 49 to 20, indicating an improved pro-
cess, however it is still not optimised to the same extent as
ANN-CFM. In every case, ANN-CFM proves to be the most
efficient and optimised method for lowering working days,
with the lowest recorded numbers being between 13 to 9.
With Normal data displaying the least optimisation along
with effectiveness in terms of lowering working days, ANN-
CFM seems to be the best performing strategy, afterwards
PSO-CMM.
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Table 3. An examination of ANN-CFM in comparison

No of Neurons Default Variable ANN-CFM variable

13 0.0222 0.0102
12 0.0227 0.0100
11 0.0182 0.0080
10 0.0189 0.0086
9 0.0197 0.0087

An examination of the ANN-CFM model’s efficacy and im-
provement is shown by comparing default variables with
ANN-CFM variables across various neuronal densities. Al-
though the default setting for the variable for 13 neurons is
0.0222, the ANN-CFM improves it to a much lower value of
0.0102, indicating better accuracy. The ANN-CFM model
further decreases the default variable for 12 neurons from
0.0227 to 0.0100, continuing the trend towards better perfor-
mance. Using a standard variable of 0.0182 for 11 neurons
and a value of 0.0080 for ANN-CFM, the disparities persist
even as the total amount of neurons drops. For 10 neurones,
the ANN-CFM comparative measures 0.0189 and 0.0086,
whereas for 9 neurones, the conventional values are 0.0197
and 0.0087. It is clear from the results that the ANN-CFM
method effectively decreases the numbers for factors, which
permits enhanced efficacy and accurate parameters modifica-
tion. This drop in values, which aids computing efficiency,
reflects the model’s ability to achieve better precision by using
appropriate neural network topology. 
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Table 4. Evaluation criteria for ANN-CFM
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Figure 7. Effectiveness of different models.

7. CONCLUSION

ANN-CFM is presented as a method for addressing cash-
management challenges in financial organizations. It uses
neural networks to learn linear and nonlinear patterns in cash
demand and incorporates salary, holiday, and working-day
effects. Backpropagation and PSO are used to optimize pa-
rameters and reduce forecast errors, with the objective of
limiting risks associated with insufficient or excessive cash
balances. The flexible architecture is intended to adapt to
different financial requirements and forecasting horizons.

The reported results indicate improved accuracy and flexi-
bility compared with the approaches considered in the study.
Further work is proposed to include additional exogenous fac-
tors, such as economic indicators, environmental conditions,
and neighbourhood trends. Distributed or cloud-computing
platforms are also suggested to support calculations on larger
datasets.
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