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Abstract - Weekly sales forecasting plays a crucial role in 

retail business planning and inventory management.This 

study evaluates the prediction performance of a Long 

Short-Term Memory (LSTM) model for weekly sales 

forecasting after data preprocessing using standardization 

and outlier detection with One-Class Support Vector 

Machine (OCSVM) method. The independent variables 

used include temperature, fuel price, holidays, Consumer 

Price Index (CPI), and unemployment rate, with weekly 

sales as the target variable. The dataset is preprocessed 

using StandardScaler and OCSVM to detect and remove 

outliers before model training. The evaluation shows that 

the LSTM model on the clean data achieves an MSE of 

0.03, an RMSE of 0.18, and an MAE of 0.11. The LSTM 

model demonstrates good forecasting performance when 

trained on cleaned data without outliers. This study 

provides practical insights into applying data 

preprocessing with OCSVM to improve the consistency of 

prediction models in retail time series analysis. 

 
Keywords: OCSVM; LSTM; multivariate time series; 
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I. INTRODUCTION 

Time series data is a collection of data collected 

consistently at specific time intervals. This data type is 

widely used in various fields, including economics, 

health, environment, and retail, to model trends, seasonal 

patterns, and irregular fluctuations [1,2]. However, raw 

data often contains outliers that complicate analysis and 

reduce model accuracy. Outliers are data points that 

appear significantly different from the rest [3]. 

In multivariate time series data, outlier detection 

becomes more complex as it must consider the 

relationships between variables and the temporal aspects 

of each variable, unlike univariate methods that only 

focus on one variable. Understanding these relationships 

allows for more accurate predictions, better trend 

analysis, and better detection accuracy [4,5]. This 

challenge highlights the importance of methods that can 

handle high-dimensional and temporal patterns in data. 

A commonly used method for handling outliers in 

unsupervised data is the One-Class Support Vector 

Machine (OCSVM) [6]. This method is designed to 

distinguish between normal (inlier) and outlier data by 

utilizing kernels to capture non-linear patterns [7,8]. 

Radial Basis Function (RBF) kernels are often used 

because they can handle complex and non-linearly 

separable data distributions [9,10]. 

Long Short-Term Memory (LSTM) is an artificial 

neural network that has proven effective in analyzing 

sequential data such as time series [11]. According to 

[12], this model can accurately predict stock prices due 

to its ability to capture long-term patterns and temporal 

relationships. In addition, LSTM has also been used in 

dynamic sales price analysis, such as in the temporal 

price prediction of NFT (Non-Fungible Tokens) sales 

[13]. LSTM's advantages in recognizing recurring 

patterns and adapting to data changes over time make it 

the right choice for understanding complex data 

dynamics, including retail sales data. 

However, although LSTM has shown effectiveness in 

predicting time series data, the quality of the input data 

remains a crucial factor. Therefore, preprocessing steps, 

such as outlier detection with OCSVM, are applied to 

produce cleaner data for training the forecasting model. 

Previous studies, such as those conducted by [14], 

have discussed various time-series data preprocessing 

techniques, including normalization, missing value 

imputation, and outlier detection. However, these 

discussions remain general and do not explicitly examine 

the application of the OCSVM outlier detection method 

for multivariate time-series data. In addition, the datasets 

used in those studies, such as the AirQuality UCI dataset, 

have different characteristics compared to retail sales 

data. While [14] provided a comprehensive survey of 

time-series preprocessing methods, including OCSVM, 

their empirical evaluation did not cover retail datasets 

nor quantify its effect on LSTM forecasting accuracy. 

This study addresses that gap by applying OCSVM-

based outlier detection on multivariate sales data and 

presenting the forecasting performance metrics of an 

LSTM model trained with the cleaned dataset. The 

evaluation uses standard error metrics, namely Mean 

Squared Error (MSE), Root Mean Squared Error 
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(RMSE), and Mean Absolute Error (MAE), to 

demonstrate the forecasting capability of the LSTM 

model after outlier removal and provide insights for 

practical implementation in retail time-series analysis. 

II. METHOD 

The research flow includes data analysis, 

preprocessing, predictive model implementation, and 

testing. The preprocessing stage includes data 

examination, standardization, and outlier detection using 

OCSVM. To predict weekly sales, the implementation 

model includes training and testing the LSTM model on 

clean and raw data. The following Fig. 1 illustrates the 

detailed steps of the research workflow, from data 

collection to predictive model evaluation. 

A. Data Acquisition 

The dataset used in this study is Walmart's weekly 

sales data obtained from Kaggle in CSV format. It is 

multivariate time series data sorted by the date column 

(Date) to maintain its integrity. This dataset was chosen 

because it consists of various variables (multivariate) and 

has a time pattern suitable for sales pattern analysis, as 

detailed in Table I, which presents the structure of the 

dataset. 

 

 

Fig. 1 Research workflow diagram 

 

TABLE I 

DATA STRUCTURE OF WALMART SALES 

Variable Frequency 

Weekly Sales 

 

Total of Weekly Sales 

(Target Variables) 

Holiday Flag Holiday Indicator (1: 

holiday, 0: not) 

Temperature Average of Temeprature 

(Fahrenheit) 

Unemployment Unemployment rate 

CPI Consumer Price Index 

B. Data Preprocessing 

Preprocessing is done to ensure the quality of the data 

before it is used in training the predictive model. The 

steps taken include: 

1)   Data Cleaning:  at this stage, the data is checked 

to ensure there are no inconsistent data or missing values 

[15]. The results of the inspection show that the dataset 

has no missing or duplicate values, making it possible to 

proceed to the next stage. 

2)  Data Standardization: In the standardization 

process, each value in the dataset is transformed to have 

a mean of 0 and a standard deviation of 1. This is 

achieved by computing the z-score, where each value is 

subtracted by the mean and then divided by the standard 

deviation [14], as shown in (1). 

𝑧 =
𝑥−𝜇

𝜎
                           (1) 
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Where 𝑧 = standardized value (z-score), 𝑥 = original 

value, 𝜇 = dataset mean, 𝜎 = dataset standard deviation. 

This transformation converts each value into a measure 

of how far it deviates from the mean in terms of standard 

deviations. Standardization equalizes the scale across 

variables, ensuring that the model is not influenced by 

differences in scale and can learn all features more 

effectively [16]. Therefore, it is applied to all numerical 

features. 

C. Outlier Detection using OCSVM [17] 

One-Class Support Vector Machine (OCSVM) is a 

machine learning method used to detect anomalies by 

constructing a separating hyperplane that distinguishes 

normal data from outliers. This method works by 

mapping data to a high-dimensional feature space using 

a kernel function and determining a hyperplane that 

maximizes the margin between data points and the origin 

in that feature space [17]. 

In this approach, the main parameter is 𝜈, which 

controls the maximum number of data considered 

outliers and the minimum number of support vectors 

used in the model [17]. 

1)  Hypersphere OCSVM: Hypersphere OCSVM 

aims to find the smallest hypersphere that encloses the 

majority of normal data points in the high-dimensional 

feature space. Data outside this hypersphere are 

classified as anomalies. To account for the natural 

variability of normal data, OCSVM introduces slack 

variables (ξi). These variables allow some data points to 

reside just outside the defined hypersphere, tolerating 

minor outliers or normal variations without significantly 

distorting the boundary. The objective function for 

Hypersphere OCSVM is defined in (2) [17]. 

Minimize 𝑅, 𝜉, 𝑏 

                                𝑅2 +
1

𝑣𝑛
∑ 𝜉𝑖
𝑁
𝑖=1                             (2) 

Subject to 

‖𝑥𝑖 − 𝑏‖2 ≤ 𝑅2 + 𝜉𝑖 

𝜉𝑖 ≥ 0, ∀𝑖 = 1, . . . . , 𝑁 

where 𝑅 is the radius of the hypersphere, and 𝑎 is the 

center of the hypersphere. 

This method works by forming a spherical decision 

region around the standard data, and any points outside 

the hypersphere are considered anomalies. 

2)  Objective Lagrange Function:  To solve the above 

optimization, The Lagrangian function is constructed by 

introducing Lagrange multipliers. This converts the 

constrained problem into a solvable mathematical 

formulation, as shown in (3) [17]. 

𝐿(𝑅, 𝑏, 𝜉, 𝛼, 𝛽) = 𝑅2 +
1

𝑣𝑁
∑ 𝜉𝑖
𝑁
𝑖=1 + ∑ 𝛼𝑖

𝑁
𝑖=1 (‖𝑥𝑖 − 𝑏‖2 −

𝑅2 − 𝜉𝑖) + ∑ 𝛽𝑖𝜉𝑖
𝑁
𝑖=1                  

(3) 

Where 𝛼𝑖 ≥ 0 are Lagrange multipliers that 

determine the contribution of each support vector in the 

separation of the data, and  𝛽𝑖 ≥ 0 are additional 

multipliers to lower bound the slack variables 𝜉𝑖. 
The optimal solution can be found by finding the 

partial derivatives concerning 𝑅, 𝑏, ξ, which results in a 

system of equations that can be solved numerically. 

3)  Kernel: Kernels map the data to a high-

dimensional feature space to allow for better separation 

between normal and anomalous data. One of the most 

commonly used kernels in OCSVM is the Radial Basis 

Function (RBF), which is defined in (4) [18]. 

𝐾(𝑥1, 𝑥2) = 𝑒𝑥𝑝⁡(−𝛾‖𝑥𝑖 − 𝑥𝑗‖
2
)                 (4) 

Where 𝑥𝑖 and 𝑥𝑗 are vectors in the input space, 𝛾 is a 

kernel parameter that controls the smoothness of the 

feature mapping in the high-dimensional space. Larger 

values of 𝛾 cause the model’s decisions to be more 

sensitive to small changes in the data, while smaller 

values of 𝛾 results in a smoother model that is less 

sensitive to noise. 

4)  Decision Function: Using the Lagrange technique 

and the RBF kernel function, the decision function in 

OCSVM is formulated in (5) [17]. 

𝑓(𝑥) = 𝑠𝑔𝑛⁡(∑ 𝛼𝑖𝑘(𝑥𝑖 , 𝑥𝑗)
𝑁
𝑖=1 − 𝜌)           (5) 

Using the RBF kernel, the (5) becomes (6): 

𝑓(𝑥) = 𝑠𝑔𝑛⁡ (∑ 𝛼𝑖𝑒𝑥𝑝⁡(−𝛾‖𝑥𝑖 − 𝑥𝑗‖
2
)𝑁

𝑖=1 − 𝜌)   (6) 

D. Long Short Term Memory (LSTM) 

The prediction model used in this study is Long-Short 

Term Memory (LSTM). LSTM is a Recurrent Neural 

Network (RNN) type designed to overcome vanishing 

gradients and capture long-term dependencies in 

sequential data [14]. LSTM has the main advantage of 

cell states that are responsible for storing information 

and managing the transformation of input memory into 

output memory [19]. Each LSTM unit has three main 

components called gates: forget gate, input gate, and 

output gate. This mechanism determines how 

information is selectively maintained, updated, or 

discarded at each step in the time series [14]. In addition, 

there is also an update gate that helps update the cell 
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state. These four components work together to receive 

short-term memory, long-term memory, and input at 

each timestamp, then produce new short-term memory, 

long-term memory, and output [19]. Mathematically, the 

mechanism of each gate in LSTM can be explained by 

the following equations: 

1)  Input gate:  Determines the information received 

into memory. the input gate is formulated in (7) [19]. 

     𝑖𝑡 = ⁡𝜎(𝑊𝑖 ∗ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)                 (7) 

2)  Forget gate: Decides which information from 

previous memory needs to be forgotten. It is formulated 

in (8) [19]. 

  𝑓𝑡 = ⁡𝜎(𝑊𝑓 ∗ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)                (8) 

3)  Update gate: Updates the cell state, expressed in 

two stages [19]. 

Update cell state, which formulated in (9). 

  𝑐𝑡 = ⁡𝑡𝑎𝑛ℎ(𝑊𝑐 ∗ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐)             (9) 

     Update cell state, formulated in (10). 

     𝑐𝑡 =⁡𝑓𝑡 ∗ 𝑐𝑡−1 + 𝑖𝑡 ∗ 𝑐𝑡                   (10) 

4)  Output gate: Produces a new output based on the 

updated cell state [19], which given in (11). 

           𝑜𝑡 = ⁡𝜎(𝑊𝑜 ∗ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)             (11) 

     Hidden state, is expressed in (12). 

           ℎ𝑡 =⁡𝑜𝑡 ∗ tanh⁡(𝑐𝑡)                    (12) 

Where σ is a function sigmoid, tanh is the hyperbolic 

activation function, W is the weight for each gate, ℎ𝑡−1 

is the previous hidden state, 𝑥𝑡 is the input at time t, and 

b is the bias. 

The implementation process involves several stages, 

including the formation of time series data, the design of 

the LSTM model architecture, and the training of the 

predictive model. 

1)  Time Series Data Formation:  The data is 

converted into a sequential format using a sliding 

window for 12 weeks to capture the temporal patterns 

present in the sales data, where each window covers 12 

weeks of data as input, and the 13th week serves as the 

target. The raw and clean datasets are processed 

separately to ensure accurate evaluation. 

2)  LSTM Model Architecture: The LSTM model in 

this study consists of three sequential layers followed by 

a dense output layer. Layer 1, consists of 128 LSTM 

units, where each unit uses a forget gate to decide which 

part of the previous cell state (𝐶𝑡−1) should be retained, 

an input gate to introduce new information, and an output 

gate to calculate the hidden state (ℎ𝑡) is handed over to 

the next layer. A dropout rate of 30% is applied to reduce 

overfitting, and the return_sequences = True parameter 

ensures that the sequence information is preserved for 

the next layer. 

Layer 2, with 64 LSTM units, continues processing the 

sequential data using the same LSTM mechanism. The 

sequence structure is maintained as return_sequences = 

True, and the number of units is reduced to improve the 

temporal representation.  

Layer 3, consisting of 32 LSTM units, produces the 

final representation of the time series data. Unlike the 

previous layers, return_sequences = False is applied, 

retaining only the hidden state (ℎ𝑇) to be passed to the 

Dense layer. Finally, the Dense layer with one unit 

utilizes the secret state (ℎ𝑇) to generate weekly sales 

predictions. The model employs the ReLU activation 

function to introduce non-linearity, uses Mean Squared 

Error (MSE) as the loss function, and adopts the Adam 

optimizer to accelerate convergence during 

backpropagation. 

3)  Model Training: The model is trained separately 

on raw and clean data. The training uses the ReLU 

activation function, while the loss function is Mean 

Squared Error (MSE). Adam optimizer is used to 

accelerate model convergence. The training data for the 

model is transformed into a three-dimensional form with 

the format (number of windows, window length, number 

of features) before being fed into the LSTM model. This 

process ensures the model can optimally learn data 

patterns from both datasets. 

E. Testing and Analysis 

The testing and analysis phase involves a weekly 

sales dataset consisting of 6,435 records, which is used 

as the population to determine the research sample. To 

preserve the temporal order of observations and avoid 

data leakage, the dataset is split into 80% for training and 

20% for testing, without any random shuffling. The 

distribution of data allocation is summarized in Table II. 

TABLE II 

DISTRIBUTION TO DATA ALLOCATION 

Training Data Testing data 

4620 1156 

 

The outlier detection process uses the One-Class 

Support Vector Machine (OCSVM) method with the 

Radial Basis Function (RBF) kernel. This method learns 

the normal data distribution based on standardized 

numerical features, such as weekly sales, temperature, 
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fuel prices, unemployment rates, and CPI. OCSVM uses 

the nu parameter to determine the proportion of data 

considered outliers. In contrast, the gamma parameter is 

automatically set (scale) to adjust the kernel's sensitivity 

to the data distribution. Data identified as outliers is 

labelled -1, while inlier data is labelled 1. After detection, 

data labelled -1 will be removed from the dataset to 

produce a clean dataset ready for predictive model 

training. 

The data sequence formation process involves 

converting the time series dataset into a 12-week 

windowed sequence to capture temporal patterns. 

Model testing is done by training a Long Short-Term 

Memory (LSTM) model on both datasets (raw and 

clean). Model accuracy is then evaluated using the 

following assessment metrics: 

1)  Mean squared Error (MSE) [20]:  Used to calculate 

the average of the squared differences between the actual 

and predicted values. 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑁
𝑖=1                 (13) 

2)  Root Mean Squared Error (RMSE) [20]: Used to 

measure the root mean square error of the difference 

between the actual and predicted values. The RMSE 

value is determined from the actual data value (𝑦𝑖), the 

expected system value (𝑦̂𝑖), and the number of data points 

(n). 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)2
𝑁
𝑖=1                   (14) 

3)  Mean Absolute Error (MAE) [20]: MAE 

measures the average absolute error between the 

predicted and actual values without considering the 

direction (positive or negative). The MAE value 

provides an overview of the average error size that 

occurs in each prediction. 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|
𝑁
𝑖=1                       (15) 

III. RESULT AND DISCUSSION 

This study analyzes the prediction performance of a 

Long Short-Term Memory (LSTM) model for weekly 

sales forecasting after data preprocessing with z-score 

standardization and outlier detection using the One-Class 

Support Vector Machine (OCSVM) method. 

A. Initial Data Characteristics 

The initial dataset consists of 6,435 weekly sales 

records with multiple numerical features: Weekly_Sales, 

Temperature, Fuel_Price, CPI, and Unemployment. 

Descriptive statistics in Table III show substantial 

variation in both scale and dispersion, which justifies the 

use of standardization to balance the influence of each 

feature during outlier detection and model training. 

The standardized dataset ensures that each feature 

contributes proportionally to the outlier detection 

process and to the training stability of the LSTM. 

B. Outlier Detection and Filtering 

The standardized data was then processed using the 

OCSVM method to identify and filter anomalous records 

across all numerical features. A total of 701 data points 

(approximately 10.89%) were identified as outliers and 

removed to produce a cleaner dataset for subsequent 

prediction tasks Table IV. 

Fig. 2 shows the outlier detection results for each 

numerical feature in the dataset, including Weekly Sales, 

Temperature, Fuel Price, CPI, and Unemployment. In 

each subplot, the red points and shaded areas indicate 

data instances identified as outliers by the OCSVM 

model, while the blue points represent normal 

observations (inliers). This visualization confirms that 

the OCSVM method successfully captures unusual 

patterns across all features, helping to remove potential 

anomalies that could distort the LSTM model’s learning 

process if left untreated. Overall, the plots illustrate that 

outliers are scattered irregularly across the time span and 

feature space, underlining the benefit of multivariate 

outlier detection in this forecasting context. 

C. Model Performance Evaluation 

The final cleaned and standardized dataset was used 

to train the LSTM model for weekly sales forecasting. 

The performance metrics in Table V show that the model 

achieves a Mean Squared Error (MSE) of 0.03, a Root 

Mean Squared Error (RMSE) of 0.18, and a Mean 

Absolute Error (MAE) of 0.11, indicating good 

alignment between predicted and actual sales. 

As visualized in Fig. 3, the predicted values imply 

that the prediction errors remain low and stable across 

different measurement scales, indicating that the 

preprocessing pipeline effectively supports the model in 

capturing the underlying sales patterns with minimal 

deviation from actual observations.
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TABLE III  

DESCRIPTIVE STATISTICS BEFORE AND AFTER PREPROCESSING 

Statistic Weekly Sales Holiday Flag Temeprature Fuel Price CPI Unemployment 

Raw Count 6435.00 6435.00 6435.00 6435.00 6435.00 6435.00 

Raw Mean 1,046,964.88 0.07 60.66 3.36 171.58 8.00 

Raw Std 564,366.62 0.26 18.44 0.46 39.36 1.88 

Clean Count 5734.00 5734.00 5734.00 5734.00 5734.00 5734.00 

Clean Mean -0.03 0.05 0.00 0.01 0.04 -0.04 

Clean Std 0.92 0.22 0.94 0.97 0.99 0.88 

 

 

  

Fig. 2 Outlier detection visualization across multiple features using OCSVM 

TABLE IV 

SUMMARY OF DETECTION RESULTS USING 

OCSVM 

Description Data Count Percentage 

Outlier 701 data 10.89% 

Inlier 5.734 data 89.11% 

 

TABLE V 

RESULTS OF THE EVALUATION OF RAW AND 

CLEAN DATA 

Metric Clean data 

MSE 0.03 
RMSE 0.18 
MAE 0.11 

 

 

 
Fig. 3 Predicted vs. actual weekly sales graphic
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Compared to the empirical findings in [14], where 

standardization and imputation techniques were 

primarily evaluated on univariate datasets such as 

AirQuality, this study extends the scope by 

implementing outlier detection using OCSVM on a 

multivariate, real-world retail sales dataset. While [14] 

provided a broad overview of preprocessing methods, 

their evaluation did not explore how outlier detection 

with OCSVM can be integrated with LSTM to handle 

real-world retail forecasting tasks involving multiple 

interrelated features. 

IV. CONCLUSION 

The results show that LSTM performance for weekly 

sales prediction significantly improves with data 

preprocessing, particularly through z-score 

standardization and OCSVM outlier detection. By 

filtering anomalous points, noise in the data is reduced, 

resulting in cleaner inputs and more accurate forecasts, 

as shown by notable decreases in MSE, RMSE, and 

MAE. Although Tawakuli et al. (2024) broadly reviewed 

preprocessing methods, their work did not assess its 

integration with LSTM nor its effect on multivariate 

retail forecasting. This study fills that gap by empirically 

evaluating OCSVM-based preprocessing on real-world 

sales data, underlining the importance of robust outlier 

filtering in improving time series prediction accuracy. 

The results offer valuable implications for practitioners, 

showing that careful preprocessing can help retailers 

develop more dependable sales forecasts to inform 

inventory and business planning. Future research could 

test other detection methods like Isolation Forests or 

Autoencoders, apply this pipeline to sectors such as 

finance or health, and consider including relevant 

external factors to further enhance forecasting 

performance and model generalizability. 
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