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Abstract: Forecasting sales trends is a valuable activity for companies of all types and sizes, as
it enables more efficient decision making to avoid unnecessary expenses from excess inventory
or, conversely, losses due to insufficient inventory to meet demand. In this paper, we designed a
personalized cost function to reduce economic losses caused by the excessive acquisition of products
or derived from their scarcity when needed. Moreover, we designed an LSTM network integrated
with Glorot and Orthogonal initializers and dropout to forecast sales trends in a lumber mill in
Tamaulipas, Mexico. To generalize and appropriately forecast the sales of the lumber mill products,
we optimized the LSTM network’s hyperparameters through a genetic algorithm, which was essential
to explore the solution space. We evaluated our proposal in instances obtained from the historical
sales of the five main products sold by the lumber mill. According to the results, we concluded that
for our case study the proposed function cost and the hyperparameters optimization allowed the
LSTM to forecast the direction and trend of the lumber mill’s product sales despite the variability of
the products.

Keywords: forecasting; custom loss function; LSTM; hyperparameter optimization; genetic algorithm

1. Introduction

Currently, the field of forecasting has grown so much that companies have started
to have a great interest in developing sales forecasting models that help them build busi-
ness strategies in areas such as production, transportation, and the supply chain, among
others [1,2]. These forecasting models facilitate identifying market opportunities and an-
ticipating possible challenges [3], allowing business tactics to be adapted effectively [4].
Additionally, forecasting is essential for the efficient allocation of resources because it helps
prioritize investments and optimize the use of assets [5]. Furthermore, sales forecasting
provides valuable information for designing advertising campaigns and promotions that
reach the right audience at the right time [6]. It also influences logistics by determining
product flows and the storage capacity needed to keep the supply chain. Moreover, effi-
cient inventory management and supply chain optimization are critical to any company’s
increasing operational and financial success rate; they are especially relevant in sectors such
as goods, services, industry, manufacturing, logistics, transportation, the automotive sector,
and e-commerce, where fluctuations in demand and seasonality can represent significant
challenges [7].

In this sense, trends and forecasts are essential to addressing the inventory manage-
ment problem. Gupta and Agarwal [8] emphasized the importance of sales forecasting
accuracy for businesses, enabling proper resource allocation, efficient inventory manage-
ment, and streamlined operations. Thus, analyzing historical sales trends will allow the
identification of demand patterns, such as seasonality or sales cycles. The above will help
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predict when and in what quantity products are needed, allowing industries to anticipate
demand peaks and adjust their inventory levels accordingly, avoiding product shortages or
excessive purchases at unnecessary times. Diverse papers can be found on the state-of-the-
art related to forecasting, mainly using so-called Recurrent Neural Networks (RNNs). These
networks have emerged as essential tools in machine learning, especially when processing
sequential data. Their ability to maintain and use information about past events makes
them particularly useful for diverse applications that depend on temporal patterns [9]. An
example is [10], where Nagesh et al. addressed the prediction of hydrological time series,
using a Recurrent Neural Network (RNN) to forecast monthly river flows. The authors
conducted a comparative study of a multilayer perceptron network and an RNN. The study
showed that the RNN outperformed the perceptron network by achieving greater accuracy
in less training time. The paper concluded that the superior accuracy of the RNN was due
to its ability to capture and utilize the temporal dependencies present in hydrological data.

In [11], Mandal and Prabaharan used an RNN to predict ocean waves. The RNN
could predict waves at intervals of 3, 6, and 12 h. Thus, the results proved to be promising
forecasts, showing correlation coefficients of 0.95 for 3 h, 0.90 for 6 h, and 0.87 for 12 h.
Based on the forecasts obtained, offshore operations could be carried out more safely and
efficiently, benefiting activities such as drilling, merchant ship navigation, and coastal
construction. Similarly, in [12], Mandal et al. proposed an approach for predicting hourly
prices in the electricity field based on similar days; the authors developed and trained an
RNN model using backpropagation for their proposal. They also designed a method to
select days with similar characteristics, to improve the price forecast. MAPE and FMSE were
used to evaluate the performance of the RNN model. According to the results obtained,
the authors identified that “demand” is the most crucial variable in the price of electricity
and concluded that the RNN-based algorithm effectively solved the volatility problem in
the price curves of the US-regulated electricity market.

However, despite their advantages, RNNs have some limitations that make them
ineffective for specific problems. In this sense, LSTM networks have recently emerged as
an advanced variant of RNNs for forecasting and time series analysis due to their ability to
handle long-term dependencies and gradient stability. Thus, LSTMs are frequently found
in the state-of-the-art instead of RNNs, due to their performance in complex time series
forecasting, and they currently remain one of the most robust and versatile options. For
example, Seng and Julio in [13] proposed an LSTM network for stock price prediction in
the financial market; the authors used a three-layer network to predict the closing prices of
stocks in the LQ45 financial sectors. The experimental results showed that the predictions
were reasonable. Therefore, the authors recommended using LSTM networks in this
context, based on the low MAPE and predictions obtained. In [14], Shen et al. developed
an effective foreign trade forecasting method, using an LSTM network to analyze the trade
data of 10 countries. The proposed method was developed based on the economic theory
of two-way causal relationships in trade data. The results showed that the technique
could adequately model the temporal information on uncertainty trends in foreign trade
data. In almost all cases, the MAPE and RMSE errors calculated were lower than those
of the other models analyzed. For their part, Francesco and Fabio in [15] developed three
RNN models to predict short-term actual evapotranspiration. Additionally, they used an
ensemble technique to improve the accuracy of the results. The models were trained and
tested at two sites with different climates. The results indicated that LSTM models are more
accurate with data from subtropical climates. In contrast, Non-linear AutoRegression with
eXogenous inputs (NARX) models perform better when using data from semi-arid climates.

Furthermore, some authors have adapted LSTM networks to be bidirectional and
have combined them with other techniques, as in the case of Wenjie et al. [16], where they
proposed a method to predict the closing price of stocks for the next day, combining LSTM
networks with Convolutional Neural Networks (CNNs) and an Attention Mechanism
(AM). The authors compared the performance of the proposed model with seven other
different methods. The authors calculated the following metrics for the comparison: Mean
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Absolute Error (MAE), Root Mean Square Error (RMSE), and coefficient of determination
(R2). The experimentation showed that the CNN-BiLSTM model obtained the best results in
predicting the closing price of stocks with an MAE of 21.952, an RMSE of 31.694, and an R2

of 0.9804. Similarly, Kun et al. [17] developed a daily temperature forecasting model for the
country of China, in which an approach combining seasonal and trend decomposition using
the Seasonal–Trend decomposition employing the LOESS (STL) method and the Jumping
Spectrum and Trend (JUST) algorithm, together with a bidirectional Long Short-Term
Memory (Bi-LSTM) network, was proposed. The experimental results showed that the
proposed model significantly outperformed other models, such as Bi-LSTM, END-LSTM,
and STL-LSTM, in terms of accuracy and being the lowest in prediction errors, with an
RMSE error of 0.2187 and an MAE of 0.1737.

In this paper, we propose the design of an LSTM network to forecast the sales of a
lumber mill, considering two scenarios: (1) costs of product construction when demand
exceeded the available stock in the inventory, and (2) operating costs generated by the
products stored when demand was less than the inventory. This paper aimed to accurately
forecast the sales demand trend for D’Gallery lumber mill products in Tamaulipas, Mexico.
The proposed LSTM network focused on reducing costs associated with constructing
products during high demand and minimizing storage costs by maintaining optimal
inventory levels. In this way, we sought to provide D’Gallery with a tool to improve its
inventory management, reduce operating costs, and increase its profitability.

Thus, the remainder of the paper is as follows: Section 2 presents the materials
and methods; Sections 3 and 4 describe the experimentation results and the discussion,
respectively; and, finally, Section 5 presents the conclusions and future work.

2. Materials and Methods

For this study, we built the dataset by collaborating with a lumber mill company in
Tamaulipas, Mexico. We analyzed the company’s history for five products: dining room,
interior door mod1, interior door mod2, entrance door mod1, and entrance door mod2. We
selected these products because these were the most significant ones, in terms of sales, for
the lumber mill. The data provided by the company covered five years, from 2019 to 2023.
In addition, the company handles sales reports for products every week. Thus, the data
instance had 261 records for each product considered in this study.

The following variables constituted the instance:

• Year: Year extracted from the Date column.
• Sine_Week: Value of the sine of the week of the year, representing the weekly periodicity.
• Cosine_Week: Cosine value of the week of the year, complementing the cyclical

representation.
• Event: Indicated whether there were any events during the week.
• Sales: Number of units sold in the week.

As the weeks of the years were cyclic, we characterized them as the sine and cosine
functions. Figure 1 shows a characterization for some weeks for product 1.

Furthermore, since we observed that sales of the different products considered had
different behaviors among themselves, we decided to have one instance for each product.
Table 1 presents a partial part of the data instance obtained for product 1: dining room. We
used this structure for each of the instances created.

Table 1. Data instance of product 1: dining room.

Record Year Sine_Week Cosine_Week Event Sales

1 2019 0.120537 0.992709 0 32
2 2019 0.239316 0.970942 0 12
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Table 1. Cont.

Record Year Sine_Week Cosine_Week Event Sales

3 2019 0.354605 0.935016 0 32
4 2019 0.464723 0.885456 0 37
5 2019 0.568065 0.822984 1 74
6 2019 0.663123 0.748511 1 65
7 2019 0.748511 0.663123 1 68
8 2019 0.822984 0.568065 0 24
9 2019 0.885456 0.464723 0 46
10 2019 0.935016 0.354605 0 32
11 2019 0.970942 0.239316 0 31
12 2019 0.992709 0.120537 0 38
13 2019 1 0 0 37
14 2019 0.992709 −0.120537 0 9
15 2019 0.970942 −0.239316 0 39

Figure 1. Cyclical representation of the weeks of the year.

2.1. Preprocessing

Once we had defined the instance variables, we established the normalization method
for the instance. This process was essential to ensuring that all the variables had the same
scale and, thus, to facilitating their manipulation by the LSTM network. The normalization
method considered was standardization, ensuring that all the variables had a mean of
0 and a standard deviation of 1: we chose this method to evaluate their efficiency in
simplifying the training and improving the convergence of the LSTM network. Table 2
shows a fragment of the data instance for product 1, dining room, as an example of the
result of the normalization process.

Table 2. Standardization of the instance of product 1: dining room.

Record Year Sine_Week Cosine_Week Event Sales

1 −1.412863 0.170128 1.395949 −0.318223 0.437206
2 −1.412863 0.33842 1.365223 −0.318223 −0.632249
3 −1.412863 0.501768 1.31451 −0.318223 0.437206
4 −1.412863 0.657789 1.24455 −0.318223 0.70457
5 −1.412863 0.804209 1.156364 3.142451 2.683063

Moreover, we divided each instance into training, validation, and testing sets. The per-
centages for producing each set in the experimentation were 60% training, 20% validation,
and 20% testing.

Subsequently, we treated each instance set to generate datasets—an essential step, as
this paper considered a single-step multivariate approach (Multivariate-Unistep). Thus, we
used these datasets to train, validate, and test the proposed LSTM network.
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Based on preliminary tests performed to create the datasets, we chose 26 weeks for the
input datasets and 1 week for the output datasets. In this sense, we created the datasets for
each instance and variable, as shown in Figure 2, for the variable sales.

Figure 2. Datasets generation.

2.2. LSTM Network Structure

Figure 3 shows the structure of the proposed LSTM network and considers the follow-
ing characteristics:

• Input. Datasets generated for the product are to be forecasted by the LSTM network.
• LSTM layers. A set of three LSTM layers, each of them with a dropout rate, to handle

data sequences, capture long-term dependencies, and avoid overfitting or underfitting.
• Dense layer. Layer with a linear activation function used to generate the forecasts by

the LSTM network.
• Output. Network’s forecast for sales of a product for the next period.

Figure 3. LSTM network structure.
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The LSTM network structure included nine hyperparameters that modified its behav-
ior, which we explored through an evolutionary algorithm to find the best configuration of
hyperparameters. Based on the preliminary experiment results, the value ranges shown in
Table 3 were established for the hyperparameters.

Table 3. Value range for LSTM network hyperparameters.

Hyperparameter Value Range

LSTM units 100–400
Epochs 10–50

Batch size 1–Total blocks
Learning Rate 0.0001–0.001

Dropout 0.2–0.5

As for the rest of the LSTM network configurations, we considered the following:

• We used the Adam optimizer because, in the literature, this optimizer has been
demonstrated to be computationally efficient, uses little memory, is invariant to the
diagonal rescaling of gradients, and is suitable for significant problems in terms of
data or parameters [18].

• For the loss function for the LSTM network, we used the Root Mean Square Error
(RMSE). The RMSE has been used as a standard to measure the performance of diverse
models in multiple studies. This metric expresses the error in the same magnitude
or unit as the variable measured for a model, facilitating a more straightforward
interpretation of the errors [19].

• We initialized with zeros on the biases of the neurons in all layers of the LSTM
network [20,21], and we proved the generation of the initial values of the neuron
weights with the following kernels: uniform random, Glorot, and Orthogonal [22–25].

2.3. Custom Loss Function Cost

We designed a custom loss cost function focused on satisfying the demand of the
lumber mill, considering the storage cost and the cost of processing the products. In this
way, the function cost consisted of two relevant variables that allowed the calculation of
the total cost associated with the model’s forecasts.

• Cost Per Excess Inventory (CPEI), which represented the storage cost per unit of excess
inventory.

• Cost Per Inventory Shortage (CPIS), which was associated with the production cost
per missing product unit.

For the selection of the values for both variables assumed in the custom loss function
cost proposed, we considered that the loss of having shortage inventory should be higher
than the loss of having excess inventory. We established the above because an excess of
inventory represents a cost for the company for the storage of the products, operating, and
logistics, while having an insufficient inventory when customers want to purchase products
requires that the company produces more products in a short time, which, after multiple
occasions, can signify an additional cost to satisfy the demand; however, it is necessary
because missing products represents an absence of sales, which could cause an inadequate
reputation for the company that could result in a decrease in its sales in the future.

In preliminary tests, we set the value of the cost function variables to 2.0 for the cost
per unit due to excess inventory and 6.0 for the cost per unit due to a shortage of inventory.
This allowed us to clearly differentiate between the impact of inventory shortages and
excess inventory when calculating the company’s losses.

Algorithm 1 shows the designed cost function. The function iterated over the dif-
ferences between the predictions made by the model and the actual values for a data
instance. After that, the function calculated the total cost considering those differences,
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the inventory stocks, and the defined multipliers. Finally, the function returned the total
accumulated cost.

Additionally, the function tracked and updated the inventory as forecasts were
processed—an inventory update occurred when there was an excess or shortage of products
to satisfy the client’s demand. Keeping the current inventory level up to date was essential
for the custom function to adequately perform the total cost calculation.

Through the custom cost function, it is possible to have a more suitable mechanism
to evaluate the performance of an LSTM network based on the costs obtained from its
forecasts. The function is particularly useful in practical applications where forecasts
can have direct economic impacts, such as in the case of the lumber mill considered in
this paper.

Algorithm 1 Custom loss function cost

Require: y f orecast: Sales forecasts, yactual : Actual sales
Ensure: total_loss: Accumulated loss

1: CPEI← 2.0 ▷ Cost Per Excess Inventory
2: CPIS← 6.0 ▷ Cost Per Inventory Shortage
3: inventory← 0 ▷ Initial inventory
4: total_loss← 0 ▷ Initial loss
5: diff← y f orecast − yactual ▷ Differences among forecasts and actual values
6: for each value in diff do
7: value← inventory + round(value)
8: if value > 0 then
9: loss← value×CPEI

10: total_loss← total_loss + loss
11: inventory← value
12: else if value < 0 then
13: value← value×−1
14: inventory← 0
15: loss← value×CPIS
16: total_loss← total_loss + loss
17: end if
18: end for
19: return total_loss

3. Results

For the development of this paper and the experimentation realized, we used a
MacBook Pro M1 with 512GB SSD, 16GB RAM, and 10 CPUs. For the programming of the
proposal, we used Python 3.11 and the following modules: Tensorflow 2.15.0, Keras 2.15.0,
Numpy 2.1.1, Pandas 2.2.0, and Matplotlib 3.8.2.

We performed the hyperparameter optimization of the LSTM network using a genetic
algorithm based on [26]. Genetic algorithms were proposed by Holland (1998) [27] and are
one of the most popular evolutionary algorithms. Diverse authors have used the genetic
algorithms [28–30]. These algorithms have several advantages, one of the most important
being that genetic algorithms start with randomly selected initial values, making their
implementation easier as they do not require much effort to choose good initial values [31].
According to Haupt and Haupt (2004) [32], a genetic algorithm is an optimization technique
based on genetics and natural selection principles. A genetic algorithm allows a population
of many individuals to evolve under specific selection rules toward a state that maximizes
their fitness value.

In our genetic algorithm implementation, the population consisted of a matrix of n
solutions, each representing a configuration of the nine hyperparameters for the LSTM
network. The first five chromosome values corresponded to discrete values and the rest to
continuous values. Table 4 shows the structure of a chromosome.
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Table 4. Structure of a chromosome.

Hyperparameter Description Type

0 LSTM 1 Units Discrete
1 LSTM 2 Units Discrete
2 LSTM 3 Units Discrete
3 Epochs Discrete
4 Batch size Discrete
5 Learning Rate Continuous
6 Dropout 1 Continuous
7 Dropout 2 Continuous
8 Dropout 3 Continuous

Since a genetic algorithm measures population fitness through the objective function [33],
to measure the performance of a given hyperparameter set, we decided to use our custom
loss function cost in the results obtained from the trained LSTM network.

For the implementation of the genetic algorithm, we considered the following opera-
tors found in [26,34]:

• Selection: Binary Tournament.
• Crossover:

– Uniform. In discrete parameters;
– SBX. In continuous parameters.

• Mutation:

– Uniform. In discrete parameters;
– Polynomial. In continuous parameters.

Algorithm 2 presents the genetic algorithm designed and implemented in this paper.

Algorithm 2 Pseudocode for the Genetic Algorithm

Require: Population_size, Problem_size, Pcrossover, Pmutation
Ensure: Sbest

1: Population← InitializePopulation(Population_size, Problem_size)
2: EvaluatePopulation(Population)
3: Sbest ← GetBestSolution(Population)
4: while not StopCondition() do
5: Parents← SelectParents(Population, Population_size)
6: Children← ∅
7: for all Parent1, Parent2 ∈ Parents do
8: Child1, Child2 ← Crossover(Parent1, Parent2, Pcrossover)
9: Children←Mutate(Child1, Pmutation)

10: Children←Mutate(Child2, Pmutation)
11: end for
12: EvaluatePopulation(Children)
13: Sbest ← GetBestSolution(Children)
14: Population← Replace(Population, Children)
15: end while
16: return Sbest

In order to perform an adequate exploration of the solution space with the genetic
algorithm, we made a sensitivity analysis of the algorithm’s parameters to determine
the configuration that provided the best results for optimizing the LSTM hyperparam-
eters with the algorithm. Table 5 shows the range of values that we considered for the
sensitivity analysis.
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Table 5. Range of parameters for the sensitivity of the genetic algorithm.

Parameter Value

Population size [1–50]
Number of generations [10–1000]
Crossover probability [0.1–1.0]
Mutation probability [0.1–1.0]

Table 6 shows the parameters chosen to execute the genetic algorithm.

Table 6. Selected genetic algorithm parameters.

Parameter Value

Population size 10
Number of generations 100
Crossover probability 0.9
Mutation probability 0.2

3.1. Weight Initializers

We tested three configurations with the initialization methods selected in this paper, to
establish the weight initialization method that we would ultimately use to train the LSTM
network. Table 7 shows the configurations tested. We used the proposed configurations to
perform hyperparameter optimization with the data instance of each lumber mill product
considered in this paper.

Table 7. Input and recurrent kernel weight initializers.

Configuration Input Kernel Recurrent Kernel

A Uniform Uniform
B Uniform Orthogonal
C Glorot Orthogonal

We performed the tests of the configurations with the data instances in their original
form and their standardized version, to determine whether standardization is suitable for
improving product sales forecasts.

Below, we present the results of each configuration for the dining room product. How-
ever, we replicated this process for the five lumber mill products considered in this paper.

3.1.1. Configuration A (Uniform, Uniform)

The models obtained with configuration A allowed us to observe the forecasts made
by the LSTM network. Figure 4 shows better results for when the data instance was
standardized. The above is especially noticeable in the peak of higher sales in the actual
data, where the standardized model allowed a better sales forecast than those made by
the model with the instance in its original form, demonstrating, in the first instance, that
standardization is a promising feature for allowing the model to generalize the information
in a better way.

With our proposed cost function, we obtained a cost of 1430 when testing configuration
A with the original instance and 1806 when using the standardized version of the instance.
In this way, configuration A presented better results (less cost) when training the network
with data instances in their original form.
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Figure 4. Results of weight initializer configuration A.

3.1.2. Configuration B (Uniform, Orthogonal)

A slight advantage could be seen in this second configuration when using the non-
standardized data instance. Figure 5 shows that the model tried to adjust to increases in
sales. However, the difference was stretched compared to the results obtained with the
standardized instance, so it is difficult to conclude which was better.

Figure 5. Results of weight initializer configuration B.

The cost function obtained a total of 1596 for the test with the instance in its original
form, while a cost of 1580 was counted for the standardized version, in terms of sales
forecasts with these initializers, demonstrating that the LSTM network obtained more
significant savings with the standardized instance. Despite that, based on the narrow
difference between costs, we observed that whether the instance was standardized was
indifferent to the LSTM network initialized with this weight configuration.

3.1.3. Configuration C (Glorot, Orthogonal)

For this configuration, although the forecast slightly exceeded the actual sales peak,
it is observed that, as with configuration A, there was a clear improvement in the results
when using the standardized data instance (Figure 6).

Figure 6. Results of weight initializer configuration C.

Similarly, when comparing the total cost of the test performed with the original
instance (1856) with the results of the standardized instance (1214), a notable difference
was observed between the results, thus positioning the instance standardized as the best
with a more significant decrease in cost.

The results obtained in the tests demonstrated that, depending on the weight initializ-
ers used, the standardization of the instances can positively influence the results.
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However, due to the need to establish a configuration for training the LSTM net-
work, we decided to standardize the instances and use configuration C to initialize the
weights. The above was because we observed that under these conditions the forecasts
of the trained model allowed for more significant cost savings compared to the other
configurations tested.

3.2. Instance Balancing

During our experimentation, we observed that for the training set, only a tiny portion
of the resulting datasets contained events. For this reason, we decided to use an instance-
balancing process for the training set. Instance balancing is a typical process used in
machine learning to level the occurrence of classes in the instances so that all classes have
the same impact on the algorithms, thus allowing them to perform better [35,36].

In the literature, diverse authors have used instance balancing to improve the results
of their proposals, as in the case of Wongvorachan et al. [37] and Yang et al. [38]. In this
sense, we considered an exciting alternative to adopting this concept in time series, to
corroborate if this could help the LSTM network accurately learn how to identify its correct
behavior in the presence of events.

The balancing process consisted of duplicating the datasets containing events in the
instances until we balanced them with those without events in the training set.

We designed Formula (1) to balance the instances. In this formula, R represents the
number of times the balancing process will duplicate the event-containing datasets, Swo
represents the number of datasets that end in a week without an event, and Sw represents
the number of datasets that end in a week with an event:

R =
Swo − Sw

Sw
(1)

After standardizing the instances, we tested the best configuration found, Configura-
tion C, with the balanced and standardized instances. The objective was to evaluate the
potential of this balancing approach and determine its relevance for training the LSTM
network to improve forecast accuracy.

Figure 7 presents the experimental results. For clarity, we compared the outcomes of
the balanced instances with those of the unbalanced:

Figure 7. Comparison of original instance and balanced instance.

The C configuration test results, combined with instance balancing, showed a consid-
erable improvement compared to those obtained without balancing. This approach enabled
the LSTM network to generalize more effectively for sales forecasting of lumberyard products.

3.3. Results by Product

Based on the genetic algorithm designed in this paper to optimize the LSTM network,
we obtained the hyperparameter configurations shown in Table 8. Subsequently, we
trained the network with these configurations, to obtain a model for each lumber mill
product considered.
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Table 8. Hyperparameter configuration for each product.

Hyperparameter Product 1 Product 2 Product 3 Product 4 Product 5

LSTM 1 Units 309 336 354 157 157
LSTM 2 Units 225 193 380 384 290
LSTM 3 Units 279 399 311 311 340

Epochs 41 29 20 19 35
Batch size 57 10 121 217 98

Learning Rate 0.0098 0.0043 0.0071 0.0098 0.0054
Dropout 1 0.2367 0.4785 0.2399 0.3447 0.3721
Dropout 2 0.2668 0.3693 0.2459 0.2973 0.2039
Dropout 3 0.2040 0.2762 0.2395 0.3496 0.2650

We used the models obtained from the trained LSTM networks to prove the test data
for each product. The goal was to evaluate the performance of the models in forecasting
product sales, considering the customized cost function proposed in this paper. To illustrate
the behavior of the trained models, Figures 8–12 provide a visual comparison between the
actual and predicted values for each product.

Figure 8. Comparison of actual and forecasted sales of product 1.

Figure 9. Comparison of actual and forecasted sales of product 2.
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Figure 10. Comparison of actual and forecasted sales of product 3.

Figure 11. Comparison of actual and forecasted sales of product 4.

Figure 12. Comparison of actual and forecasted sales of product 5.
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The results demonstrate that the LSTM network aimed to balance the total cost of the
forecasts. Forecasts that exceeded actual values incurred expenses due to the operating
cost of storing products in the lumber mill. Conversely, a forecast below actual sales led
to expenses from producing additional products to meet demand. Table 9 presents each
model’s total cost calculated per product, the Root Mean Square Error (RMSE), and the
Mean Absolute Percentage Error (MAPE) obtained for the LSTM network. The calculations
were made with the forecast and actual values in the original scale of the time series.

Table 9. Total cost, RMSE, and MAPE obtained for each product.

Product Cost RMSE MAPE

1 892 11.139 53.539
2 1838 20.119 54.088
3 954 16.866 53.757
4 1272 13.859 40.348
5 2110 15.520 48.225

Although Table 9 shows an average MAPE of 49.99%, which is moderately high,
we consider that the MAPE obtained was produced by the volatility of the sales for the
products that the LSTM network could not adequately generalize. However, the LSTM
network achieved an acceptable forecast of sales trends for all products. Based on MAPE,
products 1 to 3 had similar behavior and were more complicated for the network to predict
than products 4 and 5.

Moreover, we can observe that product 1 produced the lowest total cost and RMSE
despite the MAPE obtained. In contrast, Product 2 had the second-highest total cost and
the highest RMSE, suggesting that the network struggled to accurately forecast sales for
this product, resulting in higher storage and production costs.

Products 3 and 4 produced moderately similar and intermediate results on cost and
RMSE, indicating that the LSTM network reasonably well-identified sales trends for these
products despite the considerable differentiation on the MAPE obtained for both. Product 5
incurred the highest cost, due to the network’s difficulty accurately forecasting high sales
values, though it still maintained an acceptable RMSE and the second-lowest MAPE.

We observed that the smoothing forecasts achieved by the LSTM network were able to
produce a reasonable cost balance, which is essential for minimizing both storage costs and
the cost of producing unplanned products. Figures 13–17 illustrate the behavior observed
for the five products analyzed. We note higher forecasts higher than actual sales can lead to
high storage costs. Maintaining an adequate inventory level can help address cases where
forecasts fall short of actual sales.

Figure 13. Cost of forecasts and inventory of product 1.
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Figure 14. Cost of forecasts and inventory of product 2.

Figure 15. Cost of forecasts and inventory of product 3.

Figure 16. Cost of forecasts and inventory of product 4.

Figure 17. Cost of forecasts and inventory of product 5.

Finally, to assess the efficiency of the LSTM network results obtained with the best
hyperparameters found with the genetic algorithm, we decided to compare the loss costs
calculated for each product with the costs obtained by the LSTM network with the hy-
perparameters of the first execution of the genetic algorithm for each product. Table 10
presents the comparison and the relative variation of each product concerning the Initial
Solution Found Cost (ISFC) obtained and the Best Solution Found Cost (BSFC) obtained by
the LSTM network.
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Table 10. Genetic algorithm found cost.

Product ISFC BSFC Improvement

1 947 892 5.81%
2 2918 1838 37.01%
3 4102 954 76.74%
4 1910 1272 33.40%
5 3556 2110 40.66%

The results presented in Table 10 demonstrate that the genetic algorithm hyperpa-
rameter optimization improved the LSTM network performance in forecasting the sales
trends of the D’Gallery lumber mill in Tamaulipas, Mexico, obtaining an average general
improvement of 38.73%.

4. Discussion

The experimentation results show us that for the lumber mill case study, the conditions
of the products observed made it possible for the custom loss function, the network
structure, and the genetic algorithm proposed to address the forecasting sales trends in the
lumber mill. In this sense, with the initialization of weights with the proposed configuration
C, it was possible to improve the convergence and final performance of the LSTM network,
which improved the cost of the production and storage of the lumber products.

Similarly, we observed that standardizing and balancing product instances is appropri-
ate to improving the network’s forecast results. Moreover, we noticed that the personalized
loss cost function proposed in this paper for considering the cost of manufacturing and
storage products was essential to adapting the LSTM network’s learning to the specific
needs of the lumber mill.

Although we observed higher volatility in the sales behavior of some products, despite
working with the lumber mill’s five most sold products, our preliminary tests showed good
forecasting performance.

We established the range of the LSTM network hyperparameters and the parameters
of the genetic algorithm implemented to explore the hyperparameter solution space; it was
possible to train and test the LSTM network with each of the lumber products considered
for this paper, to obtain models that allowed an adequate forecast of lumber sales.

The results obtained in the experimentation show that the proposed LSTM network
and the genetic algorithm for optimizing its hyperparameters improve the forecasts for all
products. Here, product 1 was the most complicated for the network, with an improvement
of 5.81% compared to other products. We believe that this behavior came from the higher
volatility of this particular product during all test time series in contrast with other products
that, at specific periods, did have a more stable sales ratio. This behavior suggests that
the sales forecasting between products is not the same and emphasizes the implication of
producing a specific network for each product.

5. Conclusions

Loss management is a crucial aspect that directly impacts the profitability and sta-
bility of any company. The consequences of losses go beyond the financial aspect; they
also affect the company’s reputation, customer confidence, and employee morale. Thus,
although losses are inevitable in virtually any context, their impact and frequency can be
significantly reduced by implementing accurate and efficient forecasting strategies. Conse-
quently, researchers have developed artificial intelligence techniques to perform forecasting
tasks more efficiently and in less time than it would take to perform the process using
traditional methods.
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In this paper, we designed an LSTM network to forecast sales of a lumber mill in
Tamaulipas, Mexico. The LSTM network was integrated with three LSTM layers with
a dropout rate to prevent overfitting of the network and improve its ability to capture
temporal dependencies and patterns in the sales data of the lumber mill products, thus
optimizing its performance. Furthermore, we designed a custom loss cost function, which
allowed a more precise evaluation of the performance of the LSTM network, including the
particular needs of the data instances and the problem addressed in this paper. Similarly, we
designed and implemented a genetic algorithm for the optimization of the hyperparameters
of the LSTM network.

The experimental results show that the proposal of the personalized cost function,
the structure of the LSTM network, and the genetic algorithm used for optimizing the
LSTM hyperparameters contributed actively and crucially to improving the accuracy and
efficiency of sales forecasts for the lumber mill products. Thus, the results obtained show an
improvement for all the products considered in this paper compared with the results of the
first execution of the genetic algorithm for optimizing the LSTM network, which reached an
average improvement of approximately 38.73%. The results show that the lowest relative
variation was found in product 1, with a value of 5.81%, and the most significant variation
was found in product 3, with approximately 76.74%, which indicates that the genetic
algorithm is suitable for optimizing the hyperparameters of the LSTM network.

Finally, as future work, we will consider testing other genetic operators and evolution-
ary algorithms for optimizing the hyperparameters of the LSTM network and, additionally,
testing other variants of the LSTM network structure and proposing new customized
functions that allow companies to consider other aspects of importance in addition to the
storage and production costs.
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