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Abstract

With the widespread adoption of big data science, the retail industry has seen an
increasing demand for data-driven decision-making. As a critical task within the
sector, product sales forecasting faces significant challenges. Traditional statistical
methods are limited by their reliance on assumptions of data stationarity, while
DL and ML techniques enhance accuracy but struggle to fully address complex
features such as temporal dependencies, nonlinear trends, and external influ-
ences. No single method proves universally effective across all scenarios. To tackle
these challenges, this paper introduces a Unified Sales Forecasting Framework
(USFF) for vending machine sales prediction, which integrates statistical meth-
ods, machine learning, and deep learning techniques. By classifying data based on
statistical features and employing multi-model fusion strategies, the USFF frame-
work effectively captures the complex nature of sales data, significantly improving
prediction accuracy by leveraging the strengths of various models. Furthermore,
the paper presents a novel deep learning forecasting model, FEDNet (Fourier-
Enhanced Decomposed Net), designed to address the dynamic dependencies and
seasonal patterns inherent in long time series. FEDNet offers substantial advan-
tages in capturing long-term dependencies and dynamic changes in time series
data through the integration of reversible instance normalization, seasonal-trend
decomposition, and Fourier decomposition. Experiments conducted on over 30
million real-world data points, along with five public datasets, demonstrate that



the proposed framework and deep learning model outperform baseline methods
across multiple evaluation metrics, confirming their effectiveness and reliability.
The proposed framework and algorithm have been successfully implemented in
a retail company in China, providing valuable business decision-making support
for operational strategies.
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1 Introduction

Vending machines are a popular retail option in public settings due to their 24/7 avail-
ability. They not only provide consumers with the convenience of instant purchases but
also offer operators a stable source of revenue [1]. Accurate sales forecasting is essen-
tial to fully maximize the operational potential of vending machines. High-precision
sales forecasting can optimize inventory management and enhance operational prof-
itability. In the era of big data, the integration of advanced technologies such as data
analysis and machine learning, combined with real-time monitoring and external data
integration, has significantly improved forecasting accuracy. This enables operators to
make more informed and rational business decisions.

Due to the increase in data volume and advancements in machine learning method-
ologies [2], sales forecasting for vending machine products, as a typical time series
prediction task, has surpassed the capabilities of traditional statistical methods (e.g.,
ARIMA ) in terms of both precision and scope [3]. The complexity of modern sales fore-
casting necessitates advanced algorithms to process massive datasets, uncover hidden
patterns, and integrate historical and real-time information for accurate predictions.
Machine learning algorithms [4], such as random forests, decision trees, and gradient
boosting frameworks like Light GBM [5], have markedly enhanced prediction accuracy
by adeptly capturing the complex correlations between sales and numerous influenc-
ing factors. These models offer a detailed comprehension of sales trends, seasonality,
cyclical elements, and external influences, including weather conditions.

In recent years, deep learning has achieved tremendous success in the field of sales
forecasting [6-8], demonstrating powerful potential. Especially in complex business
environments, deep learning models provide high-accuracy predictions, making them
an increasingly essential decision-making tool for many enterprises. Meanwhile, the
rapid development of deep learning technologies, particularly models based on the
Transformer architecture (such as Informer [9], Autoformer [10], and FEDformer [11]).
These models are effective in addressing issues such as long-term dependencies, peri-
odic fluctuations, and dynamic changes. Deep learning has advantages in time series
forecasting, such as automatic feature extraction, handling long-term dependencies,
and modeling complex nonlinear relationships. It is better suited for large-scale data
and dynamic changes driven by multiple factors.

A major challenge in vending machine sales forecasting is the complexity of the
data and the diverse scenarios involved [12]. Sales data are influenced by a variety



of factors, including weather, geographic location, promotional activities, and holi-
days, and exhibit significant nonlinearity and seasonality [13]. Additionally, the wide
range of products in vending machines, with varying sales fluctuations across differ-
ent SKUs (Stock Keeping Units), makes it difficult for traditional single models to
fully address the forecasting needs of all product categories. As operational scales
expand, the demand for real-time forecasting becomes increasingly urgent. To support
dynamic restocking decisions, forecasting models must not only ensure high predic-
tion accuracy but also possess fast inference capabilities. While deep learning models
offer improved accuracy, they are also burdened with limitations, such as the need for
large datasets, substantial computational resources, poor interpretability, and sensi-
tivity to noise. In conclusion, no single model is capable of effectively handling all the
complexities inherent in these scenarios.

This research originates from a real-world business project aimed at achieving high-
accuracy daily sales forecasting at the SKU level for vending machines. Grounded in
the ”No Free Lunch Theorem” (NFLT) [14], this study introduces the Unified Sales
Forecasting Framework (USFF) to address the issue that no single model can handle
the diverse nature of the data. Given the complexity and variability of vending machine
sales data, traditional single models are inadequate to meet these challenges. There-
fore, the USFF integrates traditional forecasting methods, machine learning models,
and deep learning algorithms, allowing it to accommodate various data characteristics
and forecasting tasks. Specifically, the framework classifies sales data based on features
such as sales duration, volatility, and seasonality, selecting the most suitable algo-
rithm for each category during training. This customized algorithm selection strategy
enhances forecasting accuracy across diverse product categories and improves model
generalization. Empirical analysis of actual sales records from Shandong New Beiyang
Corporation (SNBC) demonstrates the superior performance of the USFF framework
in sales forecasting.

Moreover, existing methods still face challenges in modeling complex dynamic
dependencies and non-stationarity, particularly for products with long sales cycles
and seasonal fluctuations. Recently, frequency transformation (FT) [15] has gained
widespread attention in deep learning models, significantly advancing the accuracy
and efficiency of state-of-the-art time series analysis. This paper introduces the FED-
Net (Fourier-Enhanced Decomposed Network) model, which incorporates the concept
of sequence decomposition. The model first enhances data stability and stationarity
through reversible normalization (RevIN) [16], then applies Fourier decomposition to
capture periodic features, and finally utilizes a Multi-Layer Perceptron (MLP) network
for training. Experimental results from five publicly available datasets demonstrate
that the FEDNet model outperforms baseline methods.

In summary, this paper presents novel forecasting frameworks and deep learn-
ing algorithms for vending machine sales prediction, contributing to the intelligent
development of the new retail sector. The primary contributions of this study are
summarized as follows:

e We propose the Unified Sales Forecasting Framework (USFF) to address the inher-
ent complexity and diversity of vending machine sales data. By classifying data



features, USFF provides a unified platform for integrating deep learning tech-
niques, machine learning models, and traditional time series forecasting methods.
This framework has been successfully applied to vending machine sales forecasting,
demonstrating substantial predictive accuracy on real-world business datasets and
offering robust support for informed business decision-making.

® We introduce the novel FEDNet model, specifically designed to tackle the challenges
of sales forecasting for products with long cycles and seasonal fluctuations. This
model leverages reversible normalization, decomposes sales trends and seasonal com-
ponents, and employs Fourier decomposition to extract periodic features from the
seasonal elements. This methodology significantly enhances forecasting accuracy.

® We conducted comprehensive empirical validation of the proposed framework and
model. Initially, we used a two-year sales dataset from SNBC vending machines
to empirically verify that the USFF framework substantially improves forecasting
performance. Additionally, tests on publicly available datasets further confirmed
the superiority of the FEDNet model over baseline methods, achieving outstanding
prediction results.

This paper is organized as follows: Section 2 reviews the relevant literature; Section
3 elaborates on the comprehensive forecasting framework and presents the novel deep
learning model; Section 4 discusses the experimental results and their analysis; and
Section 5 presents the conclusions.

2 Related work

The prediction of vending machine product sales is a highly complex and multi-
dimensional problem, encompassing a diverse array of product categories sold across
multiple vending machines in various geographic regions. As a specialized application
of time series forecasting (TSF), vending machine sales forecasting presents unique
challenges. The three primary methodologies for time series prediction—traditional
statistical techniques, machine learning approaches, and deep learning models—serve
as the foundational approaches for addressing this problem..

(1) Traditional Statistical Techniques

Traditional statistical forecasting methods rely on analyzing historical time series
data to extract parameters and construct predictive models for future trends. Fun-
damental methods include univariate approaches such as the exponential smoothing
method [17], Autoregressive Integrated Moving Average (ARIMA) models [18], and
state-space models [19]. Among these, ARIMA and SARIMA (Seasonal ARIMA) [20]
are widely used methods for time series forecasting. Fattah J [21] developed an ARIMA
model to analyze and predict future demand in food manufacturing, employing the
Akaike Information Criterion, Schwarz Bayesian Criterion, maximum likelihood esti-
mation, and standard error. This model provides reliable decision-making guidance
for managers. Traditional statistical models are simple and easy to use; however, such
methods require time series data to be stationary and can only capture linear rela-
tionships in the data, failing to account for nonlinear patterns. Additionally, these



models rely solely on historical data, and with the increasing volume of data gener-
ated from business operations and external sources, such models are often inadequate
for handling forecasting tasks in many scenarios.

(2) Machine learning-based methods

Retail sales forecasting is inherently complex as it involves diverse product cat-
egories and sales terminals across various scenarios. Notably, algorithms such as
XGBoost [22] and Light GBM [5] have demonstrated outstanding performance in tack-
ling the challenges of sales forecasting. By leveraging machine learning, sales prediction
has entered a new era of artificial intelligence, significantly improving both accuracy
and practical applicability. Machine learning models utilize both internal and exter-
nal data sources (e.g., temperature, holidays) for sales forecasting. These models can
capture relationships that extend beyond the capabilities of traditional statistical tech-
niques. By learning patterns from training datasets (i.e., historical sales data), machine
learning models apply these learned relationships to new datasets. Xu[23] proposed a
multi-machine learning forecasting method based on historical sales data, which sig-
nificantly enhanced prediction accuracy and provided critical theoretical support for
Walmart’s inventory management and supply chain optimization. Luiz Augusto [24]
employed XGBoost and structural change correction approaches to address rapid cus-
tomer behavior changes due to external reasons. This method exceeded the Base-Lift
model, a popular retail forecasting benchmark, in accuracy and reduced stockouts
and inventory. Chia-Wen Kao [25] employed a combination of FFT and Light Gradi-
ent Boosting Machine (Light GBM) with a weak learning strategy to manage irregular
variations in sales data, achieving remarkable results in supermarket sales forecasting.
Zhou [26]combined Light GBM with conventional time series decomposition methods
to effectively oversee extensive product inventories across many retail locations. This
approach employed machine learning and adaptive time series models to precisely
identify complex demand patterns and respond to fluctuations driven by major trends
and seasonality.

(3) Deep learning-based methods

As society advances and evolves, the volume of data accumulated by retail ter-
minals has grown exponentially. Against this backdrop, leveraging deep learning
techniques for sales forecasting has gradually emerged as a focal point of research,
achieving remarkable progress in handling sequential data [27]. Given that histor-
ical sales records inherently constitute time series data, the academic community
has shown increasing interest in applying deep learning methods to sales forecasting,
leading to a growing body of related studies and applications.

Initial studies mostly utilized recurrent neural networks (RNNs) [28] and their
derivatives, including LSTM and GRU. For instance, Kazuhi Honjo [29] proposed a
model combining a pooling attention mechanism with GRU (PA-GRU), which utilizes
convolutional neural network (CNN) layers to extract features and enhances predictive
accuracy through two improved attention mechanisms. Similarly, Y Li [30] applied
the Prophet model and an attention-based GRU model to extract both linear and
nonlinear features from historical sales data, achieving more precise demand forecasts.
Ahmed [31] uses several Al-based methods to forecast demand data. Moreover, Tseng
et al. [32] evaluate deep learning algorithms for fashion industry sales forecasting,



focusing on new product sales for forthcoming seasons, utilizing a real-world dataset
from a fashion retail company.

As deep learning architectures have advanced, new models have improved time
series forecasting’s efficiency and accuracy. Transformer-based models have gained a
lot of traction in recent years due to their outstanding performance on a variety of Al
tasks. As a result, scholars have begun utilizing Transformer techniques and their self-
attention mechanisms for problems involving long-term time series forecasting (LTSF).
Reformer [33] and Pyraformer [34] were among the early studies that concentrated
on improving self-attention techniques. Subsequently, Autoformer [10] introduced a
self-correlation mechanism to capture sequence-level temporal dependencies, while
FEDformer [11]] used Fourier enhanced decomposition methods to explore time series
data, shifting it from the time domain to the frequency domain, extracting deeper
insights from long sequences. In sales forecasting, such models have also achieved
notable breakthroughs. For example, Qianying Li [35] proposed a Transformer-based
sales forecasting model utilizing an encoder-decoder architecture with multi-head
attention. This model integrates particular alterations to the conventional Trans-
former, such as eliminating the Softmax layer in the final phase and modifying input
embeddings, positional encoding, and feedforward network elements to accommodate
the distinctive traits of sales data, thereby enhancing forecasting precision markedly.

Although the aforementioned methods have demonstrated promising results on
their respective datasets, the inherent complexity of sales data in retail environments
suggests that no single approach can achieve optimal performance across all scenarios.
As a result, numerous scholars have proposed hybrid forecasting models, which have
shown significant promise. For instance, Arnab Mitra [36] introduced a hybrid model
(RF-XGBoost-LR) for retail chain sales forecasting by comparing five machine learning
regression methods, including Extreme Gradient Boosting (XGBoost), Random Forest
(RF), Adaptive Boosting (AdaBoost), Gradient Boosting, and Artificial Neural Net-
works (ANN). This model incorporates various factors affecting prediction accuracy,
such as regional temperature and store size, which influence sales. Similarly, Supriyo
Ahmed [31] proposed a Switching-Based Predicting Approach (SBFA), which com-
bines advanced machine learning and deep learning techniques for enhanced prediction.
Tran [37] developed the Lucy Hybrid model, a hybrid framework that integrates data
preprocessing, model training, and evaluation metrics like MSE, RMSE, and MAE.
This model evaluates and selects the best-performing models, enabling efficient stor-
age and reuse, thus reducing training time. Experimental validation on a dataset from
a large food retailer in Ecuador demonstrated the approach’s effectiveness.

Overall, sales forecasting for vending machines is a challenging task. Whether using
statistical forecasting, machine learning, or deep learning methods, each approach has
its own distinct advantages and limitations. No single model can universally solve all
forecasting problems [14]. In practical applications, it is crucial to consider the data’s
specific characteristics and to fully leverage the advantages of each model. To address
these challenges, we propose the Unified Sales Forecasting Framework (USFF). The
USFF framework classifies data based on its statistical features and employs a hybrid
learning approach to optimize prediction accuracy across different SKUs, thus offering
a more accurate and reliable solution for vending machine sales forecasting.



Furthermore, while Transformer-based methods have shown promising results for
long-term time series forecasting, the study by DLinear [38] highlights a significant
limitation of these approaches, which is the potential loss of temporal information. This
raises questions about the effectiveness of novel Transformer-based methods for long-
term forecasting tasks. In some instances, basic linear models may even outperform
Transformer-based models. However, such models also face limitations, as their overly
simplistic structure, relying on basic linear layers, struggles to capture the complex
periodic patterns present in real-world datasets.

To overcome these challenges, we introduce a novel model, FEDNet (Fourier
Enhanced Decomposition Network), which combines the advantages of invertible nor-
malization techniques for handling data non-stationarity with the powerful periodic
feature extraction capabilities of Fourier decomposition. By integrating these methods,
FEDNet significantly improves model stability and forecasting accuracy.

3 Method
3.1 USFF

To address the limitations of single models in handling the data diversity of vending
machine sales forecasting, this paper proposes a comprehensive forecasting frame-
work—Unified Sales Forecasting Framework (USFF). This framework integrates deep
learning methods, machine learning strategies, and traditional statistical techniques
based on multi-model fusion strategies. As shown in Fig. 1, it consists of three stage:
data preparation, model training, and model inference. By classifying data based
on statistical features and matching them with appropriate models, the framework
enhances the generalization performance and practical value of predictions. The objec-
tive is to enable scientific sales forecasting and operational optimization through
data-driven algorithmic models.

3.1.1 Data Preparation

The system first completes the (I) data collection process during the data prepara-
tion stage, which includes not only sales data but also external features. Based on the
sales characteristics of self-service vending machines, we selected features with strong
correlations, including device ID, product ID, time, sales volume, geographic location,
weather, and other multidimensional information. At the same time, data cleaning,
deduplication, anomaly detection, and missing value imputation are carried out to
ensure data quality and consistency. Conventional sales forecasting techniques usually
make predictions based on past sales data for a single device, but they frequently ignore
the sales trends of comparable devices or products. The limitation of this approach lies
in the failure to fully utilize the potential similarities between devices. We categorized
all SKU sales data to improve the dataset and help the model collect data attributes.

Due to the inherent instability, volatility, and seasonality of vending machine sales
data, the complexity of the data makes it challenging to achieve optimal predictive
accuracy with a unified model. To address this challenge, the second step of USFF
proposes a (2) data classification method based on statistical features. Specifically,
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Fig. 1 Unified Sales Forecasting Framework.

the method calculates key statistical indicators such as the duration of sales data,
CV coefficient, and seasonality strength to group sales data, effectively extracting
classification features from the data.

The Coefficient of Variation (CV) measures dataset variability relative to the mean.
It is frequently utilized for the purpose of comparing the dispersion of datasets that
contain a variety of units or means.

o
CV =— (1)
1

where o is the dataset’s standard deviation and p is its mean. CV helps compare
dataset variability across scales and units. A higher CV denotes volatility, while a

lower CV indicates stability and concentration around the mean.



Seasonality, a significant characteristic of vending machine sales, is defined in accor-
dance with the approach outlined in [39]. The seasonal strength Ss is determined
using the formula:

Sg = max (0, 1- mvf}r((}j)ﬂ) (2)

where X is a time series that could be divided into three parts: seasonality (.5),
trend (T'), and the remainder (R): X = S+T+R using Loess, a very flexible and strong
technique for time series decomposition, to apply trend and seasonal decomposition
[40].

Based on the diversity of data, we classified the daily sales data of SKUs consider-
ing statistical characteristics such as the duration of sales, volatility, and seasonality.
Specifically, the duration of the sale is divided into three categories: short-term (15-60
days), medium-term (60-270 days), and long-term (greater than 270 days). For volatil-
ity, a coefficient of variation (CV) greater than or equal to 0.5 indicates high volatility,
whereas a CV less than 0.5 signifies low volatility. With respect to seasonality, a sea-
sonality strength greater than or equal to 0.5 suggests strong seasonality, while values
below 0.5 indicate weak seasonality. Based on these definitions, we classified all sales
data into 12 groups to fully capture combinations of different data characteristics.
Sales data with durations shorter than 15 days, which have no predictive value, were
excluded during the classification process.

Each data group corresponds to a category label with similar sales patterns, aiming
to provide more precise input for subsequent model training and thereby improve pre-
diction accuracy. This method not only addresses the complexity of vending machine
sales data but also offers robust support for model selection and data preprocess-
ing. Given the large number of SKUs and the multidimensional nature of vending
machine data, this study avoids computationally expensive clustering algorithms (e.g.,
DBSCAN, KMeans) and instead employs a simplified classification method based on
statistical features. This approach effectively reduces computational complexity while
ensuring the adaptability of various predictive models, providing targeted data input
for model selection and training.

After data classification is completed, further (3) data preprocessing is required
to carry out feature engineering. Comprehensive treatment was applied to date fea-
tures, sliding window features, lag features, and cyclical features to improve the
models’ capacity for prediction.

(1) Date Feature Extraction

Essential temporal attributes were derived from the date column, encompassing
year, month, quarter, week number, day of the week, exact day, and holiday indicators.
These attributes facilitate the identification of seasonality, periodicity, and daily trends
within the time series. Year and month were employed to examine long-term patterns
and seasonal fluctuations. Day of the week and holiday flags captured weekly patterns
and the influence of specific holidays on sales. This level of granularity ensures the
model is sensitive to both long-term and short-term temporal effects.

(2) Lag Features and Sliding Window Features

Lag and sliding window features were designed to capture dynamic patterns in
time series data. Lag features shift the target variable (e.g., sales volume) to reveal



the influence of past values on the present, while sliding window features calculate
rolling statistics (e.g., maximum, minimum, mean, standard deviation) over a fixed
window to capture short-term volatility and trends. This method effectively analyzes
variations within consecutive windows, helping the model better understand local time
series patterns.

(3) Cyclical Feature Transformation

To preserve the intrinsic information of cyclical features in the time series, sine
and cosine transformations were applied to periodic variables (e.g., day of the week).
This transformation avoids the linear order assumption and represents cyclical fea-
tures as continuous values. This encoding technique more successfully captures cyclical
correlations, ensuring that the model fully utilizes the data’s periodic character.

The culmination of the preprocessing phase is a classified dataset partitioned into
training, validation and test sets to guarantee model efficacy and generalization ability.
Through feature engineering, these datasets incorporate derived external factors, such
as time features, lag features, and holiday identifiers, enhancing the overall quality of
the data.

In conclusion, this structured preprocessing framework lays a solid foundation for
building predictive models by providing high-quality, feature-rich datasets tailored to
the complexity of vending machine sales data. By integrating domain knowledge into
data preprocessing, the framework ensures the accuracy, reliability, and practicality
of the forecasting results.

3.1.2 Model Training

The next phase is model training. First, based on the sales duration, volatility and
seasonality characteristics of the previous step, along with the experimental results, we
design a quantified model selector for automated (4) model selection. By quantifying
the impact of each feature and considering the strengths and weaknesses of different
models, this method can automatically recommend the most suitable forecasting model
for various data environments.

For each statistical feature, scores are assigned to each model (e.g., SARIMA,
LightGBM, and LSTM), and the total score for each model is computed. The scoring
formula for each feature is given by:

n
Scoremodel = Z W; - SCOT€; model (3)

i=1
where w; is the weight of feature 7, indicating the importance of that feature in model
selection; score; model is the score of the model for feature ¢; and n is the number
of features (in our case, n = 3 for Sales Duration, Volatility, and Seasonality). The
weights wy, ws, w3 and the model scores are set according to practical requirements
and can be determined based on experiments or domain knowledge. For instance, in
deep learning models, if sales duration is considered more critical for model selection,
a greater weight may be assigned to this feature. In contrast, for SARIMA models,
where seasonal factors are of paramount importance, a proportionally higher weight
can be allocated to the seasonality component. Finally, the model with the highest
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score is selected:

Selected Model = arg max (Total Scoremodel) (4)

model

Once the appropriate model is selected, we proceed with the (5) model training.
The system is designed with a unified interface that supports consistent input and
output, enabling the training and evaluation of multiple algorithms to fully accommo-
date different data characteristics and business requirements. Specifically, the unified
interface for model training is compatible with three types of methods:

Tranditional Statistical Methods: Tranditional models such as ARIMA and
SARIMA are well-suited for time series data with clear seasonality or stable trends.
These models effectively capture linear relationships in the data, providing reliable
forecasts for datasets with relatively simple temporal patterns.

Machine Learning Methods: Algorithms like regression models, random forests,
decision trees and XGBoost, are suitable for handling multi-dimensional data and non-
linear relationships between complex features. These methods have strong modeling
capabilities and can uncover potential patterns from diverse datasets.

Deep Learning Methods: Advanced architectures, such as various Transformer
and LSTM network structures, are particularly suitable for handling time series data
with long-term dependencies. These methods can capture nonlinear trends and latent
patterns, showing stronger fitting capabilities on large-scale datasets.

During the model training process, (6) model evaluation is required. Our system
utilizes two performance metrics MSE and MAE to thoroughly evaluate the predictive
accuracy of each model and implements cross-validation methods to guarantee the
model’s generalization capability. Based on this, the system selects the best-performing
model for storage, providing convenient support for subsequent inference and deploy-
ment. This process not only ensures the efficiency and stability of the model in real
business scenarios but also provides reliable technical support for the sales prediction
tasks of the vending machines. After model training, the system outputs model files
and a model mapping table, which records the corresponding model category and path
for each SKU.

3.1.3 Model Inference

After completing model training, the process moves on to model inference, starting
with the (7) load model step. The system loads the saved optimal model, inputs
real-time data from vending machines along with external environmental factors (e.g.,
weather, promotions, holidays), and each SKU is matched to its respective model using
the model mapping table generated during the training phase, completing the final
sales forecasting. This helps the operations team develop scientifically sound
restocking plans and improve overall operational efficiency. In addition, the system
leverages forecast results at different times and locations to provide data support for
high-demand areas, enabling precise and refined operations of the vending machine
network.

In engineering applications, the proposed predictive algorithm framework is inte-
grated into big data systems, featuring high modularity, scalability, and real-time
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inference capabilities. The system leverages the Ray framework for model deploy-
ment and employs Docker and Kubernetes to ensure scalability and maintainability.
This integration enables parallel processing of large-scale vending machine inference
requests while supporting algorithm model adjustments based on business needs. Addi-
tionally, with Continuous Integration/Continuous Deployment (CI/CD), the system
supports online inference and dynamic model updates, allowing the models to adapt
to changing data characteristics, thereby enhancing the system’s adaptability and
stability in real-world applications.

3.2 FEDNet

For products with long sales cycles and significant seasonal fluctuations, existing fore-
casting approaches still have space for development in terms of modeling stability and
seasonality. To better capture these characteristics, this study introduces a sequence
decomposition approach combined with Fourier decomposition techniques, proposing
a new model—FEDNet (Fourier Enhanced Decomposition Network). The FEDNet
architecture is depicted in Fig. 2.
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Fig. 2 The architecture of FEDNet.

The long-term sales forecasting of vending machine products is a typical application
of the Long-Term Time Series Forecasting (LTSF) problem. The goal of this task
is to predict future values based on historical multivariate observations, denoted as
X = (XMW, x@  xWN)y ¢ REXN and X® = (xz(-l),xf),...,zgk)) € R, where
L is the length of the lookback window, and NN represents the number of feature
dimensions (or channels). The objective is to forecast the values for the next H time
steps, satisfying H < L. If the number of variables IV is equal to 1, the problem
simplifies to a univariate forecasting task.

Considering channel dependence, rather than assuming channel independence, can
significantly improve the performance of multivariate time series forecasting, partic-
ularly on datasets with strong correlations [41]. When developing novel forecasting
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methods, it is essential to fully leverage variable interactions to better capture the
intrinsic structures and dynamics of the dataset. Given the relationships between
our sales and feature data, we use a channel dependence method. Using channel
dependencies can significantly improve model performance [39].

3.2.1 RevIN

FEDNet first employs Reversible Instance Normalization (RevIN) [16] to address the
stepwise nature of the data. Zero-mean normalization is commonly used in Time Series
Forecasting (TSF), but this method is incapable of eliminating non-stationary infor-
mation from the data. Our model initially applies RevIn to the input forecast data, as
RevIN has been shown to effectively eliminate and recover the non-stationary infor-
mation mainly present in the trend. For each instance X (9 € RY of the input data,
the mean and standard deviation are calculated as

We normalize the input data Xt(i) using these statistics as

X = | ———| 5 (6)

where the parameter vectors 7,3 € RY are learnable. Subsequently, the model
receives the normalized input data for forecasting. Finally, we apply the inverse
normalization process to the model’s output Y;(Z) to obtain the final forecast Y;(Z) :

Yt(i) =4/ Var {Xt(i)] +e- (fft(i;_ B) + E, [Xt(i)} (7)

In summary, by introducing reversible operations and time-step aware scaling param-
eters, RevIN solves the distribution shift problem the distribution shift problem that
affects time series forecasting. Reversible Instance Normalization is an innovative
method aimed at reducing the distribution shift phenomenon between training and
testing datasets. This approach improves the model’s accuracy for forthcoming data.

3.2.2 Seasonal-trend decomposition

Subsequently, FEDNet draws inspiration from Autoformer [10] by applying seasonal-
trend decomposition after each neural block, a standard practice in time series analysis
that enhances the predictability of the original data [42]. Long-term sales statistics for
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vending machine products usually reflect both seasonal and trend features. Seasonality
relates to recurrent patterns within specified time intervals, while trends represent
steady development or decline over the long term.

To accomplish this decomposition, FEDNet employs a moving average kernel to
extract the trend-cycle component of the time series from the input sequence. Initial
decomposition of reversible normalized data X, into trend X! and seasonal component
X; is done using moving averages. The X7 is calculated by subtracting the trend
component X, ; from the normalized raw series X,:

X! = AvgPool(Padding(X, )kernel

8
X5 =X, - X! ®
where X! € RZ represents the trend term and X € R” represents the seasonal com-
ponent. The advantage of seasonal-trend decomposition lies in its ability to simplify
the complex structure of time series data into more manageable and interpretable com-
ponents, significantly enhancing the effectiveness of data analysis. This decomposition
method allows for the clear extraction of cyclical and long-term trend information
from the time series, providing precise and valuable signals for subsequent modeling
and forecasting. This is particularly crucial for long-sequence forecasting, as it not
only helps in better understanding the temporal evolution of the time series but also
lays a solid foundation for future modeling and prediction efforts.
Given the stability of the trend, we modeled the trend term series X! € R with
a single linear layer to predict the future H-step forecast result X}E, as shown in the
following equation:
Y,! = Linear(X}) (9)
where V! € RH and H represents the forecasting horizon.

3.2.3 Fourier decomposition

Discrete Fourier Transform (DFT) is fundamental to signal processing. In time series
analysis, for a signal in the time domain with a sequence length N and uniform time
intervals, the DFT is used to obtain the frequency domain representation of the signal.
The DFT is defined as:

Flalnl) = X[ = 3 afn]e %7t (10)

Where n =0,1,..., N — 1 and F represents the computation process of the Discrete
Fourier Transform (DFT), Where z(n) is the value of the time-domain signal at time
index n, X (k) represents the frequency-domain components (complex coefficients)
corresponding to the frequency index k, i is the imaginary unit (ie., i = v/=1), 37
is the fundamental frequency, and N is the total number of points in the time series
(signal length).

The DFT converts the time domain signal z(n) to its frequency domain repre-
sentation X (k), with each X (k) including magnitude and phase information for the
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associated frequency component. In practical applications, this transformation helps
in analyzing the frequency characteristics of the signal, such as identifying periodic
patterns or filtering noise.

DFT inverse transformation is computed as follows:

1 N-1
2270
F o alk]] = zn] = N X[k]erwnk (11)
k=0
Wheren =0,1,..., N—1and F ! represent the inverse process of the Discrete Fourier

Transform. The result of the Discrete Fourier Transform is a sum of a series of sine or
cosine signals. Given the known values of phase, amplitude, and frequency, a sine wave
can be determined. In practical code implementation, the Fourier transform results
are typically stored in complex number form. Let the result for a single frequency be
(a,b), which is the complex number a+ bi, representing a specific sine wave that makes
up the original time series. The corresponding amplitude A and phase ¢ are computed
using the following formulas:

A=+a%+1?

b (12)
1) = arctan —

a
The analysis indicates that the Discrete Fourier Transform (DFT) defines time series
from the signal’s fundamental standpoint, with its frequency-domain representation
offering a more intuitive and efficient way for feature extraction. In the frequency
domain, various components of the time series can be flexibly manipulated, such
as filtering by removing or retaining specific frequency components. By combining
frequency-domain information with deep neural networks, the inherent patterns in the
time series can be fully mined, thereby enhancing the model’s information modeling
ability.

Algorithm 1 Pipeline of FEDNet

Input: Time series data X € RLXP | future horizon 7.
Output: Predicted time series Y.

1: X, + RevINT(X) // Reversible normalization
2. X!, X < Decompose(X,) // Trend and seasonal components
3. Y,! < Linear(X}) // Trend prediction
4: {s1,..., 85} < Fourier(X?) // Amplitudes and phases
5 Y5 « MLP([X?,s1,...,55]) // Seasonal prediction
6: YV, < YI+Vs // Weighted summation
7. Y < RevIN~(Y,) // Inverse reversible normalization

In summary, the entire workflow of FEDNet is shown in Algorithm 1. In FEDNet,
the seasonal component from the decomposition undergoes Fourier decomposition to

15



extract low-frequency components (the first 5 coefficients). These are combined with
the original seasonal signal X and fed into an MLP network for training, resulting in
the predicted seasonal term Y,’. The periodic features, including the amplitude and
phase of the first five frequency components obtained via Fourier Transform, are fused
with the original seasonal component to enhance the model’s ability to capture cyclical
variations. This approach improves the model’s capacity to predict periodic patterns,
significantly boosting forecasting accuracy and reliability. Finally, the predicted trend
term Y,! and seasonal term Y,* are added together, and the inverse normalization
operation RevI N~ from Equation 7 is applied to obtain the final forecast result Y.

4 Experimental results and analysis

This section presents an evaluation of the proposed algorithmic framework (USFF)
by analyzing its performance in forecasting the actual sales of vending machines.
Through the analysis of experimental results on the SNBC sales dataset, we verify
the superiority of the classifier-based hybrid model in daily SKU-level sales forecast-
ing for multi-terminal and multi-product scenarios. Furthermore, we also demonstrate
through experiments on public datasets that our proposed FEDNet outperforms the
baseline models. In addition, ablation experiments are conducted to validate the
effectiveness of the proposed model in improving prediction accuracy for long-term
forecasts. These studies provide significant insights for retail businesses dealing with
vending machine products.

4.1 Experimental setup
4.1.1 Datasets

To evaluate the performance of the USFF framework, we conducted experiments using
real-world transaction data from SNBC, a Chinese vending machine operator, and
compared it with nine benchmark models. The dataset of SNBC covers sales records
from 3,000 vending machines across China between January 1, 2023, and September
12, 2024. It includes data for 5,000 distinct products and more than 30 million trans-
action entries. To avoid the impact of COVID-19 on sales data, we specifically selected
data after 2023. The Table 1 shows the characteristics of the data set. Table 2 shows
the classification details of the 12 categories based on the features of sales duration,
volatility, and seasonality as described in Section 3.1.1.

To better simulate real-world forecasting circumstances, the data was organized
chronologically rather than randomly. To evaluate of model performance and facilitate
fine-tuning in time series forecasting, the dataset was partitioned into training, vali-
dation, and testing sets using a 70:10:20 split. This approach ensured a more accurate
evaluation of the model’s operational performance.

In evaluating FEDNet, we referenced tasks from other types of LSTF. We selected
five real-world datasets for extensive experimentation to assess the proposed model.
These datasets are characterized by strong periodicity and long time spans [38],
covering fields such as energy, weather, and transportation.
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Table 1 Data characteristics of SNBC sales dataset

Attribute Feature Detail Description

Time Span - 2023/1/1 to 2024/09/12 Time span of the dataset

Covers vending machines, sales
data, and product sales volume

Data Volume - 3,023 vending machines,

sales data, and product

sales volume

Features

Vending Info

Machine 1D

Scenario

City Location

The ID corresponding to each
vending machine

The scenario where the vending
machine is located

The city where the vending
machine is located

Sales Info

Sales Time

Product ID

Machine 1D

Daily Sales
Product Price
Product Brand
Product Category

The timestamp of each sales
record

The ID corresponding to each
product

The ID of the vending machine
selling the product

The daily sales volume
The price of product
The brand of product
The category of product

Weather Info

Max Temperature

Min Temperature

Wind Speed
City Name

The daily maximum tempera-
ture

The daily minimum tempera-
ture

The daily wind speed

City location information

Holiday Info

Holiday Category
Is Holiday

The type of holiday

Whether it is a holiday (non-
working day)

ETT dataset: This dataset comprises two years of data collected from two distinct
provinces in China. ETTm1 and ETTm2 collect data every 15 minutes.

Electricity dataset: This dataset, taken from the UCI Machine Learning Repos-
itory, consists of 321 customers’ hourly electricity consumption records from 2012
through 2014.

Traffic dataset: This dataset offers information on road occupancy rates and is
made up of hourly data from San Francisco Bay Area freeways.
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Table 2 Classification details based on statistical features

Sales Duration Volatility Seasonal Category
Strength

Short-term Low Weak 1
Short-term Low Strong 2
Short-term High Weak 3
Short-term High Strong 4
Medium-term Low Weak 5
Medium-term Low Strong 6
Medium-term High Weak 7
Medium-term High Strong 8
Long-term Low Weak 9
Long-term Low Strong 10
Long-term High Weak 11
Long-term High Strong 12

Weather dataset: This dataset includes climate data from 1600 locations across
the United States, sourced from the National Environmental Information Center.

The data characteristics of the five public datasets listed above are displayed in
Table 3.

Table 3 The data characteristics of the five public datasets

DateSet Length  Channel Frequency  Start-time End-time

Etthml 17420 7 15min 2016-07-01  2018-06-26
Etthm2 69680 7 15min 2016-07-01  2018-06-26
Electricity 26304 321 1h 2012-01-01  2014-12-31
Traffic 17544 862 1h 2016-07-01  2018-07-02
Weather 52696 21 10min 2020-07-01  2021-01-01

4.1.2 Baselines

In evaluating the USFF, we selected three classic statistical methods: SARIMA [20],
Prophet, and Holt-Winters; three widely used machine learning methods: LR (Lin-
ear regression), XGBoost [22], and Light GBM [5]; and four deep learning methods:
FEDNet, DLinear [38], LSTM [28], and FEDformer [11].

SARIMA is a classical model for time series forecasting, integrating autoregressive
(AR), differencing (I), moving average (MA) components, and seasonal components.
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It is well-suited for modeling data with trends and periodic features. Its parameter
selection requires manual tuning based on ACF and PACF plots, making it ideal for
handling non-stationary data with clear time dependencies.

Prophet is an open-source tool for time series forecasting designed by Facebook
in 2017, which is specifically designed for handling time series data characterized
by strong seasonality and pronounced trend variations. Based on an additive model,
Prophet automatically handles missing values, holiday effects, and outliers, and allows
users to easily adjust model parameters and assumptions.

Holt-Winters is a weighted moving average model used to capture trends and sea-
sonal components in time series data. It provides simple smoothing predictions through
either an additive or multiplicative model, but it performs weakly when dealing with
complex nonlinear trend data.

Linear Regression(LR) is a straightforward statistical model that represents
the relationship between the target variable and predictors through a linear function.
While computationally efficient, it lacks the ability to model nonlinear features or
seasonal patterns commonly found in time series data.

XGBoost is a powerful ensemble learning algorithm built on the principle of gradi-
ent boosting, renowned for its computational efficiency, scalability, and high accuracy.
It can handle nonlinear features and various types of data, but for time series problems,
feature engineering is necessary to fully leverage its potential.

LightGBM is another gradient boosting model known for its fast training speed
and low memory usage. It is well-suited for large-scale data and can efficiently han-
dle both categorical and continuous features. However, when applied to time series
forecasting, feature engineering is necessary to capture time dependencies effectively.

FEDformer introduces the Frequency Enhanced Decomposition Transformer
(FEDformer) method, which combines Transformer architecture with frequency
domain analysis to address the computational expense and difficulty in capturing
global views in long-term time series forecasting.

DLinear explores a Transformer-based Long-Term Series Forecasting (LTSF)
approach and questions the effectiveness of this research direction. The authors present
a straightforward one-layer linear model, named LTSF-Linear, for comparative anal-
ysis. Experimental data indicate that LTSF-Linear substantially surpasses current
intricate Transformer-based Long-Term Sequence Forecasting models applied on nine
real-world datasets.

LSTM was developed to overcome the long-term dependency limitations of tradi-
tional recurrent neural networks (RNNs) by incorporating gating mechanisms. These
mechanisms enable LSTM to effectively capture and model long-term sequential rela-
tionships in time series data. Renowned for its versatility, the model has achieved
outstanding performance across various tasks, establishing itself as a foundational tool
in sequence modeling.

To assess the performance of FEDNet, we conducted a comparison with various
advanced Transformer-based models. These models include Pyraformer [33], FED-
former , Informer [9], and Autoformer [10]. Additionally, we included the recent linear
model DLinear [38] and the classical LSTM model as the baseline for comparison.
FEDformer, DLinear, and LSTM are described in the previous paragraph.
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Pyraformer uses a multiresolution representation and pyramidal attention mod-
ule, offering high accuracy and efficiency in both short and long-range forecasting.

Autoformer introduces a novel decomposition architecture called Autoformer,
which incorporates an Auto-Correlation mechanism to address long-term time series
forecasting issues. By combining time series decomposition with internal deep models,
Autoformer is capable of stepwise decomposition for complex time series.

Informer is an effective Transformer-based model designed specifically to address
long-sequence time series forecasting issues. It integrates the ProbSparse self-attention
mechanism and employs self-attention distillation to enhance the processing of input
sequences. Additionally, the model features a generative decoder that accelerates long-
sequence prediction.

4.1.3 Evaluation metrics

In evaluating the predictive performance of the models, this paper employs two pri-
mary metrics: Mean Absolute Error (MAE) and Mean Squared Error (MSE). These
estimations reflect the deviation between predicted and actual values to varying
degrees, as well as the dispersion between them. For both MAE and MSE, lower values
indicate minimal difference between expected and actual values, indicating reduced
dispersion. The formulas for MAE and MSE are as follows:

1 n
MAE = — _3
n;\y gl

(13)

1 & .
MSE = EZ(Q -9)?

i=1

where y is the actual value and ¢ is the predicted value for each observation ¢, with n
being the total number of observations.

4.1.4 Parameter Settings

In the experiment of USFF, the main hyperparameter settings of the 10 models are
shown in Table 4.

In the FEDNet experiment, which is based on the conventional LTSF task, all
models adhere to identical experimental parameters and are utilized for four distinct
future prediction durations T' € {96,192,336,720}. For Transformer-based models,
the default lookback window L = 96 is used, while for DLinear and FEDNet, L = 336
is used. In our experiment, We adopt the Adam optimizer, using a batch size of 32
and an initial learning rate of 0.0001.

Each experiment is conducted five times to ensure reliability. All methods are
implemented on a system equipped with dual Intel(R) Xeon(R) Gold 5218 CPUs and
a single NVIDIA 4090 GPU, running on Ubuntu 20.04.4.
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Table 4 The hyperparameters in USFF

Method Algorithm Hyperparameter
SARIMA autoregressive terms p = 1,
order of differencing d = 1
Statistical method seasonal period = 7
Prophet weekly _seasonality = True
Holt-Winters seasonal_periods = 7
seasonal = 'mul’
trend = ’add’
Linear Regression fit_intercept = True
Light GBM boosting_type = gbdt

Meachine Learning objective — tweedic

num_leaves = 256
subsample = 0.65
learning_rate = 0.015

XGBoost boosting_type = gbdt
objective = regression
num_leaves = 256
max_depth = 10
subsample = 0.65
learning_rate = 0.015

FEDNet / DLinear  batch_size =128
lookback_window=49
prediction_durations=14

D L i
eep Learming FEDformer num_heads = 8

d_model = 256
hidden_size = 1024
batch_size = 128
num_layer = 4

lookback window=49
prediction_durations=14

LSTM num_layer = 3
hidden_size = 128
learning_rate = 0.005

4.2 Experiment Result

This subsection presents USFF’s experimental results on SNBC’s real sales dataset
and FEDNet’s experimental results on public datasets.

4.2.1 USFF Result

For the classification of the aforementioned 12 dataset categories, we conducted a
comparison using 10 methods from three major types of models. The experimental
results are shown in Table 5 and 6:
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Table 5 The experimental results of USFF from Category 1 to Category 6

Statistical methods

Machine learning

Deep learning

Category Metric SARIMA  Prophet Holt- LR LightGBM XGBoost | FEDNet Dlinear LSTM  FEDformer
Winters
MSE 1.1338 1.3363 1.3887 1.6257 1.5353 1.8127 1.7728 17321  1.8248 1.6521
Categoryl  \1ag 0.7142 1.0714 0.9286 1.2143 1.1581 1.4286 1.4286 1.2857  1.6286 1.3429
MSE 1.2817 1.6036 1.2536 1.6036 1.3887 1.8127 1.3628 1.3363  1.7571 1.6355
Category2 1\ g 0.9286 1.0271 1.0213 1.1429 1.0714 1.4286 1.1429 1.0714 15412 1.2571
MSE 5.1824 4.3916 4.062 21557  1.8112 1.8676 2.1318 2.0043  1.9495 1.7806
Category3  \iag 4.1429 3.4286 3.5001 1.8166  1.6281 1.6250 1.9174 1.8259  1.7569 1.6229
MSE 5.8919 6.2163 5.1475 17271 1.5529 1.6914 1.8393 2.0817  1.7857 1.8610
Categoryd 1\ g 4.4286 4.7857 4.4286 1.3455 1.2199 1.3141 1.6429 1.8442  1.6119 1.6428
MSE 3.7702 3.151 3.7607 1.6430  1.2028 1.4230 1.9329 1.8311  1.7559 1.7466
Categoryd  \1ag 3.2143 2.7857 3.1429 1.4083 1.0921 1.3141 1.8259 17344  1.7121 1.6000
MSE 7.746 8.0178 7.1714 2.0129 21104  1.8159 2.1217 1.9787  2.0271 1.8503
Category6  \1ap 6.5714 7.6152 6.1429 1.6596 1.9046  1.5340 1.9393 17710 1.8954 1.7308

The optimal result is highlighted in bold.
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Table 6 The experimental results of USFF from Category 7 to Category 12

Statistical methods

Machine learning

Deep learning

Category Metric SARIMA  Prophet Holt- LR LightGBM XGBoost | FEDNet Dlinear LSTM  FEDformer
Winters
MSE 7.3193 5.3012 5.2222 21207  1.5352 1.6699 1.8690 1.7885  2.0907 1.9053
Category? 1\ g 6.5781 4.6429 4.2857 1.7915 1.3769 1.5025 1.6978 1.6429  1.8843 1.6978
MSE 6.3358 5.757 5.5997 17672  1.5703 1.8159 2.1948 1.8899  2.2137 1.9053
Category8 /R 5.6912 4.7143 4.5321 1.5842 1.4397 1.5340 2.0052 1.7893  1.9906 1.6978
MSE 7.6017 7.3387 7.1614 1.6498  1.4448 1.4694 1.9743 1.9451  2.2070 2.1727
Categoryd  \/ap 7.0714 5.4286 6.5714 1.3455 1.1256 1.2199 1.8259 1.7930  1.9906 1.9723
MSE 4.4159 4.7585 4.6675 2.2000 1.9264 2.1228 1.4895 1.6113  2.2372 1.6936
Categoryl0 /i a g 3.6429 4.0714 3.9286 1.8794 1.6596 1.7538 1.2416 1.3891  1.6286 1.4143
MSE 3.4949 5.2801 2.7903 1.2847  1.2354 1.3046 1.9524 2.1309  2.5000 2.0020
Categoryll /4 p 2.6429 4.7143 2.2143 1.1759 1.0628 1.0942 1.8259 1.9686  2.1404 1.8726
MSE 3.4017 5.5613 3.4538 1.7870 1.6376 1.7623 1.5019 1.6791  2.5806 1.7903
Categoryl2  \/apg 2.9071 4.6429 2.7857 1.4720 1.4397 1.5025 1.1307 1.2681  1.7143 1.4714

The optimal result is highlighted in bold.



According to the experimental results, the performance of different models varies
significantly across different categories of data. Statistical learning methods (such as
SARIMA, Prophet, and Holt-Winters) exhibit certain advantages when applied to
relatively short, low-volatility time series, especially SARIMA, which demonstrates
the lowest MAE and MSE values in Category 1 and Category 2. These methods are
well-suited for short-term and clearly periodic scenarios. However, as data complex-
ity increases, the effectiveness of these methods notably decreases, particularly for
non-stationary data (e.g., Category 7 and Category 8), where their performance is
inadequate.

Conversely, machine learning techniques (like LightGBM, XGBoost, and LR)
exhibit significant adaptability and resilience, particularly in more complex categories
like Category 3 to Category 9, where their nonlinear modeling capabilities significantly
enhance prediction accuracy. Among these, Light GBM and XGBoost perform excel-
lently in most scenarios, making them suitable for data with rich features, noise, or
nonlinear relationships.

Furthermore, deep learning methods (such as FEDNet, Dlinear, LSTM, and FED-
former) gradually demonstrate their superiority on long-term dependencies or complex
pattern data. Particularly, FEDNet demonstrates the best performance in Category
10 and Category 12, reflecting its ability to effectively model long-duration and highly
periodic time series.

Overall, model selection should be tailored to the data’s characteristics. For short
sales periods with stable and regular time series, such as Categories 1 and 2, statis-
tical learning methods (e.g., SARIMA) deliver the best results. For data with more
nonlinear or complex features, such as Categories 3 through 9, machine learning meth-
ods (e.g., Light GBM) outperform others with superior computational efficiency. For
data with long-term dependencies and strong periodicity, such as Categories 10 and
12, deep learning models (e.g., FEDNet) demonstrate optimal performance, making
them ideal for handling multidimensional time series or capturing global trends. Based
on the above experimental results, we made corresponding adjustments to the feature
weights in the model selector and the model scores to ensure that the selected model
is optimal. Ultimately, the above three models were chosen and applied to the SNBC
retail operation system, providing data support for business decision-making.

4.2.2 FEDNet Result

On five public datasets, our FEDNet was compared with six deep learning meth-
ods: Dlinear, FEDformer, Autoformer, Informer, Pyraformer, and LSTM models. The
experimental results of Transformer-based and DLinear models are sourced from DLin-
ear [38]. A lower MSE or MAE indicates better performance. The comparison results
across different forecasting horizons (96, 192, 336, 720) on five public datasets are
shown in Table 7. IMP represents the percentage improvement of the best result over
the second-best result.
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Table 7 Forecasting results on five datasets. The best results are highlighted in bold, while the second-best results are underlined.

Method IMP FEDNet Dlinear FEDformer  Autoformer Informer Pyraformer LSTM
etho (ours) (2023) (2022) (2022) (2022) (2022) (1997)

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
Electricity 96 6.43 % 5.06 % | 0.131 0.225 0.140 0.237 0.193 0.308 0.201 0.317 0.274 0.368 0.386 0.449 0.375 0.437
192 719% 4.42% | 0.142 0.238 0.153 0.249 0.201 0.315 0.222 0.334 0.296 0.386 0.386 0.443 0.442 0473

336 828 % 449% | 0.155 0.255 0.169 0.267 0.214 0.329 0.231 0.338 0.300 0.394 0.378 0.443 0.439 0.473

720 345% 399% | 0.196 0.289 0.203 0.301 0.246 0.355 0.254 0.361 0.317 0.449 0.376 0.445 0.980 0.814

Traffic 96 1.95% 5.67% | 0.402 0.266 0.410 0.282 0.587 0.366 0.613 0.388 0.719 0.391 2.085 0.468 0.559  0.549
192 426 % 557% | 0.405 0.271 0.423 0.287 0.604 0.373 0.616 0.382 0.696 0.379 0.867 0.467 0.843 0.453

336 573% 507% | 0.411 0.281 0.436 0.296 0.621 0.383 0.622 0.337 0.777 0.420 0.869 0.469 0.847 0.453

720 751 % 413% | 0.431 0.302 0.466 0.315 0.626 0.382 0.660 0.408 0.864 0.472 0.881 0.473 0.853 0.455

Weather 96 6.25% 759% | 0.165 0.219 0.176 0.237 0.217 0.296 0.266 0.336 0.300 0.384 0.896 0.556 0.369 0.406
192 773 % 3.19% | 0.203 0.273 0.220 0.282 0.276 0.336 0.307 0.367 0.598 0.544 0.622 0.624 0.416 0.435

336 8.68 % 345 % | 0.242 0.308 0.265 0.319 0.339 0.380 0.395 0.395 0.578 0.739 0.376 0.753 0.455 0.454

720 464 % 829% | 0.308 0.333 0.323 0.362 0.403 0.428 0.419 0.428 1.059 0.741 1.004 0.934 0.535 0.520

ETTml 96 569% 7.01% | 0.282 0.319 0.299 0.343 0.379 0.419 0.505 0.475 0.672 0.571 0.543 0.510 0.863 0.664
192 5.07 % 356 % | 0.318 0.352 0.335 0.365 0.426 0.441 0.553 0.496 0.795 0.669 0.557 0.537 1.113 0.776

336 298 % 466 % | 0.358 0.368 0.369 0.386 0.445 0.459 0.621 0.537 1.212 0.871 0.754 0.655 1.267 0.832

720 329% 451 % | 0.411 0.402 0.425 0.421 0.543 0.490 0.671 0.561 1.166 0.823 0.908 0.724 1.324 0.858

ETTm2 96 | 10.78 % 6.92 % | 0.149 0.242 0.167 0.260 0.203 0.287 0.255 0.339 0.365 0.453 0.435 0.507 2.041 1.073
192 313% 726 % | 0.217 0.281 0.224 0.303 0.269 0.328 0.281 0.340 0.533 0.563 0.730 0.673 2.249 1.112

336 534 % 292% | 0.266 0.332 0.281 0.342 0.325 0.366 0.339 0.372 1.363 0.887 1.201 0.845 2.568 1.238

720 6.55 % 7.84 % | 0.371 0.388 0.397 0.421 0421 0.415 0.433 0.432 3.379 1.338 3.625 1.451 2.720 1.287




According to the quantitative analysis in Table 7, SDHNet obtains the following
average reductions in MSE compared to the best results across all benchmarks: 6.34
% on the Electricity dataset, 4.86 % on the Traffic dataset, 6.82 % on the Weather
dataset, 4.25 % on the ETTm1 dataset, and 6.45% on the ETTm2 dataset. Similarly,
the average MAE reductions are as follows: 4.49 % on the Electricity dataset, 5.11 %
on the Traffic dataset, 5.63 % on the Weather dataset, 4.93 % on the ETTh2 dataset,
and 6.32 % on the ETTm2 dataset. As a result, FEDNet achieved the best perfor-
mance across all benchmark tests for every forecasting horizon setting. In terms of
quantitative performance, FEDNet consistently outperformed the best results in all
benchmark tests. Notably, compared to other specialized Transformer-based models,
LSTM performed the worst. The design of FEDNet enables better modeling of period-
icity, allowing the model to effectively utilize longer historical windows, which contain
more information for making accurate predictions.

4.2.3 Ablation Experiment

The FEDNet proposed in this study consists of three key components: reversible nor-
malization(RevIn), trend-seasonal decomposition(T-S Decomp), and Fourier decom-
position(F Decomp). To illustrate the beneficial effects of these elements, we carry out
extensive experiments in this section. The table 8 displays the experimental findings,
with "w/” denoting the module’s presence, "w/0” denoting its absence, and bolding
the best results.

4.2.3.1 Reversible Normalization Module

An ablation experiment initially investigated the impact of the reversible normal-
ization module on time series forecasting models. Table 8 demonstrates that this
module is crucial for improving the model’s predicted accuracy and stability. Specifi-
cally, when the reversible normalization module was removed, the model’s prediction
errors increased across multiple datasets. Theoretically, the reversible normalization
operation unifies the scale characteristics of the data, reducing the negative impact
of outliers and inconsistencies in feature dimensions on model training. The value
of reversible normalization is reflected not only in the improvement of prediction
accuracy but also in enhancing the model’s robustness and stability. Overall, the exper-
iment provides strong evidence for the critical role of reversible normalization in time
series forecasting tasks and offers important design insights for optimizing time series
modeling.
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Table 8 The ablation experiment results of the three key components. The optimal result is highlighted in bold.

Electricity Traffic ‘Weather Etthm?2
RevIN T-S Decomp F Decomp Horizon

MSE MAE MSE MAE MSE MAE MSE MAE
96 0.131 0.225 0.402 0.266 0.165 0.219 0.149 0.242
192 0.142 0.238 0.405 0.271 0.203 0.273 0.217 0.281
w/ w/ w/ 336 0.155 0.255 0.411 0.281 0.242 0.308 0.266 0.332
720 0.196 0.289 0.431 0.302 0.308 0.333 0.371 0.388
96 0.138  0.237 0410 0281 0.173 0241 0163  0.251
o y o 192 0.157  0.249 0418 0299 0226 0273 0223  0.303
336 0.169 0.272 0436 0316 0.265 0.302 0.283  0.342
720 0.203 0304 0463 0323 0319 0364 0396  0.421
96 0.166  0.298 0412  0.322 0265 0294 0231  0.294
192 0.192  0.366 0423  0.396 0.312  0.364 0.296  0.383
w/ w/o w/ 336 0.263 0406 0496 0462 0.378  0.412 0401  0.422
720 0.436  0.506 0.763  0.606  0.409 0453 0514  0.533
96 0.139  0.231 0408 0279 0.175 0236 0.156  0.261
192 0.151  0.248  0.426 0284 0215 0282 0221 0.313
w/ w/ w/o 336 0.167 0267 0431 0291 0262 0319 0279  0.342
720 0.208 0301 0462 0317 0315  0.353  0.407  0.412




4.2.8.2 Seasonal-trend decomposition Module

Through the ablation study of the seasonal-trend decomposition module, we evalu-
ated the effect of removing this crucial component from the FEDNet, specifically by
modeling directly on the unprocessed raw time series data without any decomposition
operations. Table 8 shows the changes in model performance after the seasonal-
trend decomposition module was removed. The seasonal-trend decomposition module
improves forecasting performance, as seen by the model’s considerable decline in pre-
dicted accuracy across several datasets. This module separates trend and seasonal
components from the raw time series signal, allowing the neural network to learn
long-term trends and periodic patterns in the time series data, thereby enhancing
future prediction accuracy. In contrast, when the raw signal was input directly into
the network without decomposition, complex patterns at different time scales inter-
twined, increasing the difficulty of model training and imposing higher demands on the
model’s generalization ability. Consequently, seasonal-trend decomposition markedly
improved its capacity to elucidate the inherent structure of the time series, rendering
it an essential element for augmenting forecasting precision.

4.2.3.3 Fourier decomposition Module

Finally, an ablation experiment was carried out to investigate the function of the
Fourier decomposition module in the FEDNet. Specifically, by removing this module
and directly using the seasonal components for prediction, the impact of its absence on
model performance was assessed. The experimental results in Table 8 clearly show that
Fourier decomposition is crucial for enhancing the prediction accuracy of the model.
Once the module was removed, the model’s performance deteriorated significantly
across multiple datasets, indicating that Fourier decomposition effectively extracts
periodic features from the raw time series data and aids the model in capturing the
periodic patterns and their variations through frequency domain decomposition. In
conclusion, Fourier decomposition is essential in FEDNet, enhancing the model’s capa-
bility to handle complex time series data by improving prediction accuracy and feature
extraction.

Overall, the ablation experiments in this section further validate the effectiveness
and necessity of the three key components in FEDNet: the normalization operation,
trend and seasonal component decomposition and Fourier decomposition module. The
experimental results confirm that these design choices are reasonable and essential,
collectively ensuring the model’s efficient forecasting capability.

4.3 Visual Analysis

In the USFF experiment, we selected the two-week sales forecast results of three
SKU products from three different categories for visual comparison and analysis, as
illustrated in Figs. 3, 4, and 5. The predicted sales were rounded up to the nearest
integer. Through this process, we were able to validate the reasonableness of the models
we selected.

The SKU sales forecasting results depicted in Fig. 3 indicate that the SARIMA
model exhibits superior performance in Category 1. where the sales cycles are short
and the data exhibits low volatility. In Category 5, the Light GBM model achieves
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the best results, as this type of data features moderate sales cycles, high volatility,
and strong periodicity. In Category 10, the FEDNet model delivers the best perfor-
mance, as the sales cycles are longer and the periodicity of the data is more evident.
Overall, after the model classification in USFF, the integration of multiple models
better adapts to various complex datasets, improving prediction accuracy and model
generalization. The visualized results further validate the rationality of the proposed
algorithm framework.

For the FEDNet experiments, we conducted a visual comparison between the FED-
Net and DLinear models, as shown in Figs. 6, 7, and 8. For comparison, we plotted the
expected outcomes of the final channel of the test sets from three datasets. The predic-
tion horizon was set to 720 time steps for each experiment. The visualization results
show that FEDNet outperforms the baseline model DLinear across all three datasets.
FEDNet is better able to capture the periodic variations in the different datasets.

1.0 —— GroundTruth 1.0 —— GroundTruth
—— Prediction —— Prediction

0.5 05

0.0 I 0.0
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Fig. 6 Visualization comparison of Dlinear and FEDNet on the Electricity dataset
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Fig. 7 Visualization comparison of Dlinear and FEDNet on the Traffic dataset
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Fig. 8 Visualization comparison of Dlinear and FEDNet on the ETTm?2 dataset

5 Conclusions

This study presents a novel predictive algorithmic framework, named the Unified Sales
Forecasting Framework (USFF), designed to address the challenge that a single model
cannot effectively handle the diverse nature of data in vending machine product sales
forecasting. The framework integrates statistical classification, data preprocessing,
classifier construction, and hybrid modeling strategies, enabling accurate prediction
of vending machine product sales across various time spans, volatility, and season-
ality. By combining the strengths of statistical learning, machine learning, and deep
learning techniques, the USFF framework effectively accommodates the diverse char-
acteristics of sales data. Additionally, this study introduces FEDNet, an innovative
deep learning algorithm aimed at overcoming prediction accuracy challenges caused
by complex dynamic dependencies and non-stationarity in long-term sales forecasting.
FEDNet integrates reversible instance normalization, seasonal-trend decomposition,
and Fourier decomposition to address these issues. Experimental results demon-
strate that FEDNet outperforms traditional models in terms of metrics such as MSE
and MAE, showcasing its efficiency and generalizability in multidimensional time-
series forecasting. The USFF framework and the FEDNet approach introduced in
this research provide innovative algorithmic tools and technical support for vending
machine sales prediction, with promising application potential.

Future research will focus on enhancing the model’s predictive accuracy. While
existing studies primarily rely on historical sales data and external features, they do
not fully account for the potential impact of market dynamics, such as foot traf-
fic, competitor activities, and promotions. Subsequent work will explore integrating
these external factors into the model to enhance its accuracy. Additionally, as sales
data volumes continue to increase, deep learning techniques will become progressively
more advantageous. We propose incorporating attention mechanisms and graph neu-
ral networks to more effectively capture the complex dependencies and interactions
across data channels, thereby improving prediction accuracy and ultimately providing
stronger support for business decision-making.
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