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Food commodity price prediction plays a crucial role in monitoring food price
stability and inflation, particularly for commodities with varying volatility
characteristics. This study compares the performance of Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU) models in forecasting
daily food commodity prices in Bandung City, using chili and rice dataset.
Daily price data were collected and modeled in two experimental scenarios:
forecasting using only historical price data and forecasting with temporal
feature engineering. The results showed that GRU consistently outperformed
LSTM across all experiments. Without feature engineering, GRU achieved a
MAPE score 0.49% and 3.26% for rice and chili, respectively. The
incorporation of temporal features improved forecasting performance,
reducing forecasting errors by up to 31.30% for rice and 29.55% for chili. The
best overall performance was achieved by the GRU model with temporal
feature engineering (MAPE rice = 0.48% and MAPE chili = 2.48%). These
findings indicate that incorporating feature engineering remains beneficial for
enhancing deep learning models performance. This study contributes to the
development of deep learning methods for food commodity price forecasting
and provides an understanding of the role of temporal feature engineering in
handling commodities with different levels of volatility.
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1. INTRODUCTION

Food commodity prices are one of the important factors affecting economic stability and inflation
level in a region [1], [2]. This food price stability has also become a strategic issue in Bandung City as
fluctuations in essential commodity prices can directly affect household purchasing power and regional
inflation. The Bandung City Government has intensified efforts to monitor food prices and market supply
conditions to anticipate potential price increases and maintain economic stability. In this regard, accurate
commodity price forecasts can provide significant benefits to various stakeholders. For consumers, price
forecasts offer early information on potential future price movements, while for policymakers, forecasts can
serve as an early warning system to support market monitoring, inflation control, and evidence based decision

making.
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Some commodities such as chilies and rice often receive attention due to their significant contribution
to food inflation, particularly within the volatile food category [3], [4], [S]. Fluctuations in food commodity
prices can be influenced by various factors, such as weather conditions, supply distribution, market demand,
harvest seasons, and religious holidays. These food commodities present different volatility characteristics.
Chili is categorized as a highly volatile commodity because its price is sensitive to supply changes and
distribution conditions. In contrast, rice tends to have more stable prices since it is a staple commodity that
receives special attention in price control and distribution management. These differences of volatility level
present a unique challenge and indicate that forecasting approaches should consider the temporal patterns of
each commodity.

Several forecasting food commodity prices approaches have been developed to support decision-
making and an early warning system for potential food price increases. Traditional statistical methods like the
Autoregressive Integrated Moving Average (ARIMA) have been widely used in time series forecasting.
However, these methods have limitations in capturing nonlinear patterns and long term dependencies in
dynamic and complex daily price data [6], [7].

The development of deep learning has provided a better alternative for modeling time series data.
Recurrent Neural Network (RNN) models, particularly Long Short-Term Memory (LSTM) and Gated
Recurrent Unit (GRU), are capable of learning temporal patterns and long term dependencies from sequential
data. LSTM utilizes a memory cell mechanism to retain information over long periods [8], [9], [10]. GRU
offers a simpler architecture with fewer parameters than LSTM, resulting in more efficient training processes
[11],[12], [13]. Both models have been widely applied in various forecasting tasks, including commodity price
and financial market forecasting. In addition, model architecture forecasting performance can also be
influenced by the feature engineering process [14], [15]. In time series data, temporal feature engineering
techniques such as lag features, rolling mean, and price difference features can help models better understand
historical patterns and price movement trends. Although deep learning models such as LSTM and GRU are
designed to automatically learn temporal patterns, there remains ongoing discussion whether feature
engineering is still necessary to improve forecasting performance especially for commodity price prediction.

Based on these issues, this study aims to compare the performance of LSTM and GRU models in
forecasting daily food commodity prices in Bandung City using two commodities with different volatility
characteristics, namely chili and rice. This study also analyzes the impact of temporal feature engineering on
forecasting performance for each model and commodity. The main contribution of this study is to provide an
analysis of the effectiveness of temporal feature engineering in deep learning models for commodities with
different volatility levels, as well as to compare the performance stability between LSTM and GRU models in
daily food price forecasting. The results of this study are expected to support the development of food price
monitoring systems and provide references for future research in the fields of food commodity forecasting and
food inflation monitoring.

2. METHOD

This study adopts the Cross Industry Standard Process for Data Mining (CRISP-DM) methodology
as the primary framework for developing the food commodity price forecasting model. CRISP-DM is widely
used in data mining and machine learning research because it provides a systematic and structured approach
for solving data-driven problems. This methodology consists of several stages executed in iteration such as
business understanding, data understanding, data preparation, modeling, evaluation, and deployment as seen
in Figure 1.
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0

Figure 1. CRISP-DM Methodology [16]
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2.1. Business Understanding

This stage focuses on identifying the research objectives. This study focused on the forecasting
problems related to food commodity prices. Price fluctuations in food commodities, particularly highly volatile
commodities such as chili, can significantly affect food inflation and market stability. Therefore, accurate
forecasting methods are needed to support early monitoring of food price movements. This study aims to
compare the forecasting performance of LSTM and GRU models for daily food commaodity price forecasting.
In addition, this study investigates the impact of temporal feature engineering on commodities with different
volatility characteristics, namely chili as a highly volatile commodity and rice as a relatively stable commodity.
The input of this study is daily price data in the form of a time series and the output is the prediction of the next
price. This univariate setting was selected to ensure that the forecasting performance primarily reflects the
temporal dynamics and volatility characteristics of the commodity price series rather than the influence of
external factors.

2.2. Data Understanding

In the data understanding stage, the data collection, exploration, and initial analysis of the dataset used
in the research were conducted. The dataset used in this study consists of daily food commodity prices in
Bandung City, obtained from the Strategic Food Price Information Center (PIHPS). PIHPS is an official
platform from Bank Indonesia that provides food price information from various regions in Indonesia and is
often used as a reference for monitoring food price stability and inflation.

This study used two types of food commodities with different volatility characteristics: chili peppers
which exhibit high volatility, and rice which exhibits low volatility. Data were collected from January 2021 to
February 2026 at a daily frequency. Figure 2 presents a representative sample of the daily price movements to
illustrate the contrasting volatility characteristics of chili and rice prices. Each data point consists of date and
commodity price attributes. Supporting the volatility analysis, this study also calculated descriptive statistics
such as average price, standard deviation, and coefficient of variation (CV) as shown in Table 1. Higher
standard deviation and CV values in the chili data indicate that this commodity has a higher level of volatility
than rice.
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Figure 2. Sample daily price movements of chili and rice commodities in Bandung City, illustrating the higher volatility
of chili prices compared to rice prices

Table 1. Descriptive Statistics of Commodity Prices

Commodity Average Price Standard Coefficient of Variation (CV)
(IDR) Deviation (IDR) (%)
Chili 60639.04 16488.23 27.19
Rice 13601.62 1408.96 10.35

2.3. Data Preparation

In the data preparation stage, a series of preprocessing processes are carried out to prepare the dataset
before it is used in deep learning model training. This stage aims to ensure data quality, maintain temporal
consistency and continuity, and create a suitable data structure for forecasting models. In this study, the raw
data (as seen in Figure 3) still contains missing observations. These missing observations appear because there
is no price recording during the holidays. Since this study needed complete daily price data, the missing values
were handled using the forward fill method which propagates the last valid observation forward to the next
temporary missing value. It assumes that the price remains unchanged during the holiday. The date attributes
also need to be converted to a datetime format to facilitate time series data manipulation. The dataset is sorted
chronologically by date to maintain temporal order in the forecasting process.
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date chili_price
0 2021-01-04 60000
1 2021-01-05 60000
2 2021-01-06 60000
3 2021-01-07 60000
4 2021-01-08 60000
5 2021-01-11 60000
6 2021-01-12 57500
7 2021-01-13 57500
8 2021-01-14 57500
9 2021-01-15 57500

Figure 3. Raw data still contains missing observations that can disrupt the temporal structure required for time series
forecasting.

This study uses a univariate approach with historical prices as the primary variable. Furthermore,
temporal feature engineering is performed to generate additional features that can help the model better
understand price change patterns. Some of the temporal features used include: (1) lag features, which are prices
from previous periods [17]; (2) rolling mean, which is the moving average of prices over a specific period to
capture local trends[18][19]; (3) price difference between periods, represents the dynamics of price increases
and decreases. Table 2 summarizes the generated temporal feature formula for this study.

Table 2. Formula for Temporal Features

Features Formula Definition
Lag features Lag,—x = Py P, isprice in time t, k is lag period (set with lag-1 and lag-7 ).
Rolling mean 1 n-t RM, is rolling mean in time ¢, n is windows size (set the window
RM, = ;Z P size =7)
=0
Price difference AP =P, -P,_, P, s current price then P,_, is previous price

The next stage is data normalization using the standard scaler method [20]. Under this approach, each
feature value is standardized by subtracting the corresponding feature mean and dividing by its standard
deviation as written in (1). This process reduces scale differences among variables and generates features with
a mean of zero and a variance of one. This normalization makes the deep learning model training process more
stable and converging faster.

! Xi—X

Xp o= (1)
where x; is the original value, x is the mean of feature, s is the standard deviation of the feature, and x' is the
standardized value.

The scaler fitting process is only performed on the training data (training set) to avoid data leakage,
and then the same scaler is applied to the validation and testing data.The dataset is then divided into three parts:
the training data (training set), the validation data (validation set), and the testing data (testing set), using a
chronological partitioning with a ratio of 70:15:15. This partitioning is performed without shuffling to preserve
the temporal characteristics of time series data.

Next, the data is converted into sequence form using a sliding window approach. In this process,
historical data from several previous periods is used as input to predict prices in the next period. The sequence
length is determined based on experimental results to capture temporal dependencies in daily price data. The
resulting data are then used as inputs for training and evaluating the LSTM and GRU forecasting models.

2.4. Modeling

In this stage, a deep learning model was developed and trained to forecast daily food commodity
prices. This study used two Recurrent Neural Network (RNN) architectures: LSTM and GRU. Both models
were chosen because of their ability to learn temporal patterns and long term dependencies in time series data.

24.1 LSTM

LSTM is a development of the RNN architecture designed to overcome the vanishing gradient
problem in sequential data modeling [21]. LSTM has been widely used in various time series forecasting tasks
due to its ability to learn long term dependencies. Unlike conventional RNN, LSTM contains a memory cell
mechanism that enables the model to store and preserve important information from previous time steps over
longer periods, as seen in Figure 4. This structure allows LSTM to effectively capture temporal patterns and
relationships among historical data during the forecasting process. The LSTM architecture consists of a cell
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state and three main gates: forget gates, input gates, and output gates [22]. The forget gate determines which
information from the previous time step should be retained or removed from the cell state. This mechanism
helps the model discard irrelevant information during prediction. The formula for forget gates can be defined
as (1), where o is a sigmoid activation function, x; is vector of inputs, h; is hidden vector of previous layer,
W; and by are the weights and bias values of the inputs.

fe=0Wp-[he = 1,xc] + by) (D
The input gates can be expressed as (2) below:

i =0(W;-[he —1,x] + by) )
The candidate cell state value is calculated using the tanh activation function, as shown in (3).

L, = tanh(W, - [hy — 1,x;] + b) 3)
The cell state is then updated using (4).

Co=fex Ce—1+i L )

The output gate determines which information will be passed to the next hidden state and produced as the
output of the model. The output gate is formulated as (5).

o =0W, - [hy —1,x] + Do) )
The final hidden state output is calculated as (6).
he = o, * tanh (Cy) (6)
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Figure 4. LSTM architecture

24.2 GRU

GRU is a development of the RNN architecture [23]. GRU was designed to address the limitations of
conventional RNNs, particularly the vanishing gradient problem, while providing a simpler architecture
compared to LSTM. Similar to LSTM, GRU is capable of learning temporal dependencies and sequential
patterns in time series data. However, GRU uses a simpler structure with fewer parameters, allowing faster
training and lower computational complexity while still maintaining competitive forecasting performance [24].
Unlike LSTM, GRU does not use a separate cell state. GRU combines the hidden state and memory mechanism
into a unified structure controlled by two main gates, including input gates and update gates. Formulation of
GRU can be expressed as following equation:

1t = 0 (WarXe + Whrhe—q + by) 7
z = o(Wyzxe + Wipzhe_q + by) ®
hy = tanh(Wypxe + Wyp(re O he_y) + by) ©)
he=2Oh1+(1-2)0O h (10)

where 14, Z¢, X¢, hy respectively defined as reset gate, update gate, input vector and output vector. Similar to
LSTM, W represent weight value, b is bias value, o is a sigmoid activation function, and tanh is the
hyperbolic tangent activation function. The architecture of GRU can be seen in Figure 5.
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b reset gate update gate
Xt

Figure 5. GRU architecture

2.4.3 Preliminary Experiment

Before the main experiments were conducted, a preliminary experiment was performed to identify
suitable hyperparameter settings for the LSTM and GRU models using the training and validation datasets.
The experiment evaluated several combinations of sequence lengths (7, 14, and 30 days) and hidden unit
configurations (64-32 and 32-16) using a two-layer recurrent architecture. Additionally, dropout rates of 0.2
and 0.1 were applied to reduce overfitting and improve model generalization. The configurations were assessed
based on forecasting accuracy, training stability, and computational efficiency. The best-performing
configuration was subsequently adopted for all experimental scenarios to ensure a fair comparison between
LSTM and GRU models and to isolate the impact of temporal feature engineering on forecasting performance.

2.5. Evaluation

The evaluation phase was conducted to measure and compare the forecasting performance of the
proposed deep learning models. In this study, the performance of LSTM and GRU models was evaluated under
different experimental scenarios, including forecasting with and without temporal feature engineering. The
evaluation process was performed using the testing dataset, which was separated chronologically from the
training and validation datasets to preserve the temporal characteristics of the time series data. The predicted
values generated by each model were compared with the actual commodity prices to assess forecasting
accuracy. Several performance metrics used in this study, namely Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE) [25], and also Mean Absolute Percentage Error (MAPE) [26].

To ensure the reliability and stability of the forecasting models, this study performs statistical
experiments by repeating each training process multiple times. Deep learning models such as LSTM and GRU
involve random initialization of weights and stochastic optimization processes, which may produce slightly
different forecasting results in each execution. Therefore, repeated experiments are necessary to evaluate model
consistency and robustness. Each experimental scenario was executed five times using the same dataset
configuration and hyperparameter settings. The evaluation metrics obtained from each run were then averaged
to produce the final performance results. In addition, the standard deviation of each metric was calculated to
measure the stability of the forecasting models. The mean value of each metric represents the average
forecasting performance, while the standard deviation indicates the consistency of the model across multiple
runs. Lower standard deviation values indicate more stable forecasting performance. The statistical experiment
used in this study is summarized in Table 3.

Table 3. Statistical Experimental Setup

Component Configuration
Commodity Rice, Chili
Forecasting models LSTM, GRU
Forecasting scenarios With and without temporal feature engineering
Number of runs 5 runs per scenario
Evaluation metrics MAE, RMSE, MAPE
Result aggregation Mean and standard deviation

3. RESULTS AND DISCUSSION

This section presents the evaluation results of the LSTM and GRU models for daily food commodity
price forecasting. The evaluation was conducted based on statistical experimental setup. The models were
assessed using several performance metrics to measure their forecasting accuracy and predictive capability.
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3.1. Preliminary Experiment Result

The preliminary experiment evaluated several combinations of sequence lengths, hidden units, and
dropout rates. As a result of the preliminary experiment, the best performing LSTM hyperparameter
configuration consisted of two LSTM layers with 64 and 32 hidden units, respectively, a sequence length of 7
days, and dropout rates of 0.2. This configuration achieved the best balance between forecasting accuracy,
model stability, and computational efficiency in all subsequent experiments. The GRU configuration consisted
of a sequence length of 30, two GRU layers with 64 and 32 hidden units, and a dropout rate of 0.2, achieving
the lowest average MAPE (2.44%). Although the configuration achieved the lowest MAPE, the configuration
with a sequence length of 7, hidden units of 64—32, and a dropout rate of 0.1 demonstrated substantially lower
variability across repeated runs. Therefore, this configuration was selected as the final model due to its superior
balance between forecasting accuracy and stability. This preliminary result can be seen in Table 4 and Table
S.

Table 4. Preliminary Experiment Result for LSTM

Sequence Length Hidden Unit Dropout MAPE (%)
7 32-16 0.1 5.64+0.86
0.2 5.20+0.99

64-32 0.1 3.79 £0.11

0.2 4.70 £0.79

14 32-16 0.1 7.42 +0.63
0.2 7.11+£0.96

64-32 0.1 4.55+0.08

0.2 4.87+0.21

30 32-16 0.1 5.69£0.61
0.2 6.53+0.51

64-32 0.1 5.03+0.34

0.2 5.53+0.12

Table 5. Preliminary Experiment Result for GRU

Sequence Length Hidden Unit Dropout MAPE (%)
7 32-16 0.1 3.23+£1.43
0.2 4.33+0.55

64-32 0.1 2.76 £0.12

0.2 2.88+£0.07

14 32-16 0.1 294+ 1.11
0.2 3.53+£0.47

64-32 0.1 3.14£0.12

0.2 3.07+0.15

30 32-16 0.1 4.66 +0.91
0.2 2.59 £ 0.83

64-32 0.1 3.25+0.12

0.2 2.44 £ 0.80

3.2. Forecasting Performance Comparison

The first experiment was conducted using historical price data without additional temporal feature
engineering. In this scenario, the models relied solely on historical price patterns to forecast future prices. Table
6 shows that GRU consistently outperformed LSTM for both commodities. For rice forecasting, GRU achieved
alower MAPE of 0.49% compared to 1.15% obtained by LSTM. It indicates that the simpler gating mechanism
of GRU was sufficient to capture the relatively stable price patterns of rice. Similarly, for chili forecasting,
GRU also achieved a lower MAPE of 3.26% than LSTM which recorded a MAPE of 4.67%.

The forecasting results also present a substantial difference between the two commodities. Both
models achieved lower forecasting errors for rice than for chili. This finding suggests that rice prices exhibit
more stable temporal patterns, making them easier to predict. In contrast, chili prices which have higher
volatility and more frequent fluctuations, resulting in larger forecasting errors for both deep learning models.
Furthermore, in terms of model stability, LSTM produced relatively consistent results across repeated runs, as
indicated by the lower standard deviation values. However, despite its higher variability, GRU still achieved
better average forecasting accuracy. This result suggests that GRU provides a more effective representation in
food commodity price data while maintaining a lightweight architecture.

Table 6. Forecasting Performance of LSTM and GRU Without Feature Engineering

Model Commodity MAE RMSE MAPE (%)
LSTM Rice 173.51 +£29.68 179.23 +£28.88 1.15+0.20
Chili 2713.15+78.79 4042.72 £91.17 4.67+0.16
GRU Rice 73.94 + 52.69 81.08 +£47.65 0.49 +0.35
Chili 1881.52 + 506.89 2935.00 +470.84 3.26 £0.90
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3.3. Impact of Temporal Feature Engineering

The next experiment incorporated temporal feature engineering, including lag features, rolling mean,
and price difference features. These additional temporal features were designed to help the models better
understand historical patterns, local trends, and price movement dynamics. Based on Table 7, GRU consistently
outperformed LSTM across both commodities and experimental settings. The lowest forecasting errors were
achieved by GRU with temporal feature engineering, resulting in MAPE values of 0.48% for rice and 2.48%
for chili.

Furthermore, the impact of temporal feature engineering can be seen in Table 8. These results show
that temporal feature engineering consistently improves the performance across all experimental settings. The
most significant improvement was observed in rice commodities with the LSTM model (improved 31.30%).
This improvement suggests that the additional temporal features provided explicit contextual information that
complemented the sequential learning process of LSTM. Without these features, the model relies only on
historical price observations to infer temporal dependencies. By incorporating temporal attributes directly into
the input space, the LSTM was able to better distinguish recurring seasonal patterns and calendar-related
effects, leading to more accurate forecasts for commodities exhibiting strong temporal variations. The GRU
model achieved up to 23.93% improvement for chili price forecasting. This result indicates that temporal
feature engineering helped the model identify periodic fluctuations that may not have been fully captured
through recurrent memory alone. Explicit temporal information provided additional signals that enhanced the
model’s ability to represent these complex temporal dynamics. In contrast, the improvement for rice forecasting
using GRU was marginal (2.04%). A possible explanation is that the baseline GRU model had already learned
most of the relevant temporal dependencies from the historical price sequence. The gating mechanism in GRU
is effective at retaining long term information while maintaining a simpler architecture than LSTM.
Consequently, the additional temporal features contributed limited new information, resulting in only marginal
performance gains. This finding suggests that the benefit of temporal feature engineering depends on both the
commodity characteristics and the model’s inherent capability to extract temporal patterns from sequential
data.

Table 7. Forecasting Performance of LSTM and GRU With Temporal Feature Engineering

Model Commodity MAE RMSE MAPE (%)
LSTM Rice 119.98 £ 87.35 129.25 + 88.05 0.79 + 0.61

Chili 1910.62 £ 60.46 2921.37+61.26 329+0.11
GRU Rice 72.47 +99.43 81.52 £ 99.20 0.48 + 0.66

Chili 1431.02 + 343.48 2284.76 + 260.71 248 +0.61

Table 8. Impact of Temporal Feature Engineering

Model Commodity MAPE without FE (%) MAPE with FE (%)  Reduction in MAPE (%)
LSTM Rice 1.15 0.79 31.30

Chili 4.67 3.29 29.55
GRU Rice 0.49 0.48 2.04

Chili 3.26 2.48 23.93

In terms of model stability, the results show that the standard deviation of rice commodities is still
high. So, although the average accuracy increased, the rice forecasting results still showed quite high variation
between runs. LSTM with feature engineering exhibited the most stable forecasting performance, achieving in
chili commodity with a MAPE of 3.29 = 0.11%.

The results of this study demonstrate that commodity volatility characteristics influence the
effectiveness of forecasting models and temporal feature engineering. Highly volatile commodities such as
chili benefited more from additional temporal features compared to stable commodities such as rice.
Furthermore, the findings indicate that although deep learning models such as LSTM and GRU are designed
to automatically learn temporal dependencies, temporal feature engineering can still improve forecasting
performance, particularly for highly fluctuating data. These findings support the use of hybrid forecasting
approaches that combine deep learning capabilities with engineered temporal features.

4. CONCLUSION

This study compared the forecasting performance of LSTM and GRU models for daily food
commodity price forecasting in Bandung City, representing low volatility (rice) and high volatility (chili)
commodities. The experimental results demonstrate that GRU consistently outperformed LSTM across all
forecasting scenarios. Without temporal feature engineering, GRU achieved lower forecasting errors than
LSTM for both commodities, indicating its effectiveness in capturing temporal dependencies from historical
price data.

The study also investigated the impact of temporal feature engineering on forecasting performance.
The results show that incorporating temporal features improved the accuracy of both deep learning models.
The improvement was particularly significant for chili prices, where forecasting errors were reduced by up to
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29.55% for LSTM and 23.93% for GRU. For rice forecasting, temporal feature engineering provided
substantial improvement for LSTM (31.30%), while only marginal improvement was observed for GRU,
suggesting that GRU was already able to learn most temporal patterns directly from historical price sequences.
Among the two models, the LSTM model shows the largest reduction in MAPE after the application of feature
engineering.

Overall, the best forecasting performance was achieved by the GRU model with temporal feature
engineering, obtaining a MAPE of 0.48% for rice and 2.48% for chili. These findings indicate that GRU is a
suitable deep learning architecture for food commodity price forecasting and that temporal feature engineering
remains beneficial even in deep learning-based forecasting frameworks, particularly for commodities with high
price volatility.

However, this study has several scope limitations. The analysis was conducted using two food
commodities with contrasting volatility characteristics and data from Bandung City, so the conclusions should
be interpreted within the context of these commodities and market conditions. The study was intentionally
designed to isolate and evaluate the contribution of temporal feature engineering in deep learning based
forecasting, providing a controlled comparison between LSTM and GRU architectures. Future research should
extend this study by validating the proposed approach across a broader range of commodities and multiple
geographical regions. A more comprehensive analysis could also investigate the interaction between temporal
feature engineering and other external factors such as weather conditions, supply chain indicators, and
economic variables, to further improve forecasting performance and support food price monitoring and
inflation management.
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