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Abstract: The fresh produce supply chain sector is a vital pillar of any society and an
indispensable part of the national economic structure. As a significant segment of the
agricultural market, accurately forecasting vegetable prices holds significant importance.
Vegetable market pricing is subject to a myriad of complex influences, resulting in nonlinear
patterns that conventional time series methodologies often struggle to decode. Future plan-
ning for commodity pricing is achievable by forecasting the future price anticipated by the
current circumstances. This paper presents a price forecasting methodology for tomatoes
which uses price and production data taken from 2008 to 2021 and analyzed by means of
advanced deep learning-based Long Short-Term Memory (LSTM) networks. A comparative
analysis of three models based on Root Mean Square Error (RMSE) identifies LSTM as the
most accurate model, achieving the lowest RMSE (0.2818), while SARIMA performs rela-
tively well. The proposed deep learning-based method significantly improved the results
versus other conventional machine learning and statistical time series analysis methods.
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1. Introduction
Agricultural price prediction has become a critical anchor to food security, food waste

reduction, and sustainability [1,2]. Important market players such as producers, proces-
sors, consumers, hedgers, and policymakers depend on accurate forecasts of agricultural
produce to engage effectively with the market, as well as to ensure better supply chain
management [3,4]. Vegetables, in particular, are great sources of nutrients and form a
vital part of the human daily diet while significantly contributing to local and national
agricultural economies [3,5]. The fresh produce market (FPM), which is an important key
player in the South African economy, manages the daily operations of the sector. The FPM
ensures that a smooth transition of agricultural produce (from farm to fork) is achieved
daily. However, the FPM is faced with many challenges, ranging from poor returns to low
purchases and food waste [6,7].

Price and demand fluctuations have been identified as one of the leading causes of
poor economic returns. This is purely due to the nature of agricultural commodity prices.
Among other variables that predispose agricultural prices to volatility and sharp changes
in and around one calendar year is seasonality [8]. Other factors include climate change,
political influence, and supply-and-demand relationships, among others [9].

Tomato (Solanum Lycopersicon) makes up one of the most utilized vegetables in the
world and is only behind potato in global importance [10]. In South Africa, the tomato
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industry contributes about 18.3% to the gross value of vegetable production [11]. Now,
tomato distribution is achieved through four major channels, namely, the national fresh
produce markets (FPMs), exports, processing, and direct marketing [12]. The Cape Town
fresh produce market (CFPM) is South Africa’s third major center for the marketing of
fresh produce after the Johannesburg and Tshwane FPMs and controls about 12% of the
market share of the total NFPMs [12]. Currently, production sits at 487000 T for the
2022/2023 season, which is a decline from the previous production value of 534000 T in
2021/2022 [11,13], hence indicating consistent and irregular changes in production, sales,
and price values, adding to other environmental factors and dynamics.

1.1. Research Rationale

The tomato value chain is plagued with increased fluctuating retail pricing [13], among
other challenges. Stakeholders, including producers, processors, national fresh produce
markets, exporters, retailers, wholesalers, and consumers, now seek innovative ways to
address this crisis.

Accurate price prediction/forecasting is critical for any viable economic enterprise.
Poor pricing leads to poor wholesale or fresh produce market management, which conse-
quently leads to food waste, as excessive supply could outweigh demand. It is reported
that over 40% of fresh fruits and vegetables (FFVs) is lost due to waste. In South Africa,
studies estimate that losses can be between 13.5 and 19% of total production [13–15].

Consequently, it becomes imperative that a timely and highly accurate price forecasting
approach be introduced to attempt to address these fluctuations and poor decision making
on the part of the different stakeholders in the industry.

Existing methods for agricultural price forecasting include econometric approaches
(e.g., ARIMA, SARIMA), traditional machine learning algorithms (Support Vector Regres-
sion (SVR), Random Forest (RF), K-nearest neighbors (k-NN), Extreme Gradient Boosting
(XGB)), and emerging deep learning (DL) methods (Artificial Neural Networks (ANNs),
Long Short-Term Memory (LSTM), Convolutional Neural Networks (CNN), Gated Recur-
rent Units (GRUs), Gaussian process (GP) regression, etc.) [1,16–18]. Recently, DL-based
methods have significantly influenced forecasting research, demonstrating strong potential
in predicting and modeling time series data [1–19].

In the past decade, numerous studies have successfully applied deep learning models,
particularly LSTM, for agricultural price forecasting [1,20,21], with LSTM proving very
effective for agricultural price forecasting analysis. These methods address the limita-
tions of traditional approaches in managing nonlinear, nonstationary, and dynamically
varying time series data. DL models can uncover deeper insights compared to classical
machine learning and econometric methods. However, DL methodologies present notable
challenges, including model training complexities, parameter tuning and optimization
difficulties, and issues concerning model architecture design and practical implementation.

In this study, we aim to evaluate the effectiveness of the deep learning-based LSTM
method in accurately modeling price variations and forecasting future prices. We explore
and compare the performance of four additional forecasting models—ARIMA, SARIMA,
SVR, and XGB—against the LSTM approach.

1.2. Related Work

Agricultural product (fresh produce) prices undergo frequent fluctuations over pe-
riodic intervals. Although research suggests that demand and supply exert the highest
influence on prices, the prices of agricultural produce are also influenced by other factors,
including production, weather changes, policy interventions, and market risks, among
others [5]. Nevertheless, the prices of commodities often show irregular, nonlinear, and
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dynamic trends when analyzed [1,5]. These uncertainties in the relationship between prices
and various independent variables make the analysis of these trends difficult [8].

Several authors have attempted to explore different approaches to analyzing price
trends and to develop prediction and forecasting models for different types of fresh agri-
cultural produce [1]. Zhang et al. [3] collected daily prices of fresh produce (vegetables)
between 2009 and 2023 from wholesale markets in Beijing and developed prediction models
for future prices using four different models. The authors compared their performance and
found that LSTM outperformed the other models. LSTM achieved over 5% improvement
compared to the conventional approaches, thus proving to be effective in decoding delicate
time series datasets. A similar price forecasting study was conducted by other experts [5].
The authors evaluated different models and provided the relative advantage of one ap-
proach over another. The large learning model-based method was found to outperform
all the other forecasting methods. Several other deep learning-based approaches involv-
ing vegetable price prediction have also been reported [20,22,23]. Although they used
different models for vegetable price prediction, these studies reported relatively accurate
prediction performance.

In a price forecasting study on strawberry fruit, Okwuchi [24] explored several deep
learning-based approaches and compared their performance. The authors modeled their
time series predictions using both daily and weekly data on the weather and on the yield,
prices, and sales of strawberries. DL-based methods showed better performance. However,
the authors observed that the use of attention mechanisms significantly improved model
performance. A similar study on strawberry prices also reported the effectiveness of
DL-based methods for time series prediction purposes [23]. Other studies involving DL-
based approaches for price forecasting analysis of fresh produce samples include RNN for
banana [25] and LSTM for soybean [26], millet, sorghum, and maize [27], rapeseed [28],
and strawberries [29]. A summary of the different applications of deep learning-based
methods is provided in Table 1.

Table 1 indicates that most comparative analysis studies have primarily utilized the
ARIMA model for econometric forecasting, without concurrently considering the SARIMA
model. Nevertheless, existing research highlights that the performance of the ARIMA and
SARIMA models can vary significantly depending on the characteristics of the time series
data [1,16]. To the best of our knowledge, only Patil et al. [27] have simultaneously assessed
the ARIMA and SARIMA models, comparing their performance with traditional machine
learning algorithms (SVR and XGB) and with the deep learning-based LSTM approach
specifically in the context of agricultural price forecasting. However, their evaluation only
employed MAPE as a performance metric. Moreover, no prior study has investigated
tomato price forecasting within the context of fresh market produce pricing, highlighting
a critical research gap. This study aims to address that gap by evaluating the predictive
performance of five forecasting models—ARIMA, SARIMA, SVR, XGB, and LSTM—using
three widely accepted error metrics: RMSE, MAPE, and MAE.
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Table 1. Summary of different applications of ML- and DL-based approaches for price forecasting and prediction for fresh agricultural produce.

Sample (Time Series Period) Study Objective Deep Learning Approach Evaluation Metric Key Finding References

Carrot, potato, oyster
mushroom, eggplant, spiny
cucumber, and celery
(2009–2023)

To forecast daily prices of six distinct vegetables
from wholesale markets in Beijing LSTM, CNN, SVR, and XGB R2, RMSE, MAPE,

and MAE
The LSTM model demonstrated high generalization
abilities and yielded highly accurate performance

Zhang et al.
[3]

Bur cucumber, oyster
mushroom, cauliflower,
knotted lettuce, and eggplant
(2014–2024)

To compare the performance of LLM with a range of
other price forecasting models for the daily price
prediction of five different vegetables

SARIMA, Time-LLM, TimeMoE,
N-BEATS, TiDE, PatchTST,
and iTransformer

R2, RMSE, MAE,
and PCC

The results showed LLM-based approaches
outperform the others; however, VPF-MoE
showed optimal performance

Zhao et al.
[5]

Tomato and chili (2009–2019)
To develop an application that can forecast the price
of agricultural commodities for the benefit of
farmers, traders, and end-users

ARIMA, LSTM, SVR,
Prophet, and XGBt MSE

The results show that LSTM is the most accurate
and efficient in handling increasing
amounts of complex data

Yuan and
Ling [20]

Tomato, onion, and potato
(2006–2023)

To integrate HMM alongside other DL approaches
for price forecasting analysis

HMM, MLP, RNN, GRUs, LSTM,
and hybridized HM of
all four DL methods

RMSE, MAPE,
and MAE

A hybrid HMM -LSTM approach yielded superior
forecasting performance compared to
existing models

Avinash
et al. [22]

Cabbage, bok choi,
watermelon, cauliflower, and
strawberry (2011–2015)

To predict the price of commodities at
a fresh produce market

ARIMA, SVM, GB, ANN, LSTM,
CNN, and CNN-LSTM

R2, MAPE, MAE,
and RMSE

The study reported ATT-CNN-LSTM to have the
best performance in price prediction compared to
ML and simple DL

Nassar et al.
[23]

Strawberry fruit (2006–2019) To predict future prices of strawberries in FP
using weather, yield, price, and sale data

ATT-CNN-LSTM,
ATT-ConvLSTM, and SVR

AGM, R2, MAE,
and MSE

The authors reported both ATT-CNN-LSTM and
ATT-ConvLSTM as the two best- performing models
compared to the rest

Okwuchi
[24]

Banana (2009–2019) To forecast the price of bananas for the benefit of
farmers, traders, and end-users

ARIMA, SARIMA, ARCH,
GARCH, ANN, and RNN

MAPE, RMSE,
SMAPE, MASE,
and MDA

The RNN outperforms other models in the study in
predicting accurate prices when compared to
various statistical and machine learning techniques

Kumari et al.
[25]

Soybean (2020–2024) To compare different ML algorithms for optimal
prediction performance

Gradient Boosting, RF, DT, SVR,
ANN, ElasticNet, SARIMAX,
ARIMAX, and LSTM

MAPE Gradient Boosting was found to outperform all
the other models compared

Srichaiyan
et al. [26]

Millet, sorghum, and maize
(2005–2022) To forecast global prices of agricultural commodities ARIMA, SARIMA, SVR, XGB,

LSTM, and SARIMA-LSTM MAPE
SARIMA and LSTM have a MAPE between 4.31 and
7.83% and demonstrate promising results as
compared to ARIMA, SVR, and XGB

Patil et al.
[27]
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Table 1. Cont.

Sample (Time Series Period) Study Objective Deep Learning Approach Evaluation Metric Key Finding References

Soybean and
rapeseed(1980–2010)

To explore integrated linear and nonlinear price
data trend for accurate forecasting ARIMA, TDNN, and hybrid RMSE and MAD Results showed that ANN models captured better

price trend compared to the linear models
Jha and
Sinha [28]

Strawberry (2006–2019) To incorporate both yield data and a weather dataset
for fresh produce price prediction and forecasting

LSTM, CNN, CNN-LSTM, and
ATT-CNN-LSTM MAE, RMSE, and R2

The ATT-CNN-LSTM model is found to be the
winning model since it outperforms the rest of the
deployed ML and DL methods

Nassar et al.
[29]

ANN, Artificial Neural Network; ARCH, Autoregressive Conditional Heteroscedasticity; ARIMA, Autoregressive Integrated Moving Average; CNN, Convolutional Neural Networks;
ConvLSTM, Convolutional Neural Network-Long Short Term Memory; GARCH, Generalized Autoregressive Conditional Heteroscedasticity; LLM, Large Language Model; LSTM, Long
Short-Term Memory Networks; MAE, Mean Average Error; MAPE, Mean Absolute Percent Error; MASE, Mean Absolute Scaled Error; MDA, Mean Direction Accuracy; MSE, Mean
Square Error; PCC, Pearson correlation coefficient; RMSE, Root Mean Square Error; RNN, Recurrent Neural Network; SARIMA, Seasonal Autoregressive Integrated Moving Average;
SMAPE, Symmetric Mean Absolute Percentage Error; SVM, Support Vector Machine; SVR, Support Vector Regression; XGB, Extreme Gradient Boosting.
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1.3. Research Contributions

Although a substantial number of research studies have attempted different approaches
in analyzing time series-related datasets, in this paper, we make the following contributions:

• We investigated the effectiveness of two different econometric models (ARIMA and
SARIMA), two traditional ML-based approaches (SVR and XGB), and a deep learning-
based LSTM network method for accurate and optimized tomato price prediction
and forecasting.

• We provided a comprehensive overview of existing related work and highlighted the
efficacy of LSTM as a reliable deep learning method for time series analysis of fresh
agricultural produce.

• We discussed different time series price forecasting methodologies and briefly high-
lighted their merits and applicability.

1.4. Paper Organization

The remainder of this paper is organized as follows: The Introduction section is
immediately followed by the Materials and Methods (Section 2); then, Section 3 contains
the Results and Discussion, where data presentation, analysis, and results are expanded
on. It further highlights a discussion of the results and provides an applicability insight for
fresh produce stakeholders. The Conclusion (Section 4) provides a summary of the work
and highlights key findings.

2. Materials and Methods
2.1. Data Source

Monthly tomato prices from the Cape Town fresh produce market (FPM) from 2008
to 2021 were obtained from the Directorate of Statistics and Economic Analysis within
the former Department of Agriculture, Land Reform, and Rural Development (DALRRD),
South Africa [12]. The data were sourced from a Microsoft Excel file sheet located in the
reports folder hosted on the website of the Directorate of Statistics and Economic Analysis
and are readily accessible online [12].

2.2. Data Description and Preparation

The monthly production (T), prices (R), ratio of price to production (R/T), and annual
total were extracted into a Microsoft Excel sheet from the yearly records (“2008–2021”) of
the Cape Town (CT) fresh produce market (FPM) for the time interval from 2008 to 2021.
Within the period under study, monthly tomato prices contained no missing information
and had the highest average price per kg of all the major fresh produce supplied in the
Cape Town FPM [12].

Preliminary calculations, which include unit conversions (Ton to kg) and average price
(ZAR/t to ZAR/kg), were carried out using Microsoft Excel.

The full dataset was then split into the following way:

• Training dataset: January 2008–December 2018.
• Test dataset: January 2019–December 2021.

2.3. Model Development
2.3.1. Econometric Forecasting Approaches
The ARIMA Model

The Auto-Regressive Integrated Moving Average (ARIMA) model is a widely used
econometric time series analysis approach [30,31]. The ARIMA model assumes that a time
series dataset is a linear function of the previous actual values and random shocks [28,30].
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In general, the ARIMA model is characterized by the notation ARIMA (p, d, q), where
p, d, and q denote orders of auto-regression (AR), integration (differencing), and moving
average (MA), respectively. ARIMA is a data-centric based approach and can be adapted
to the structure of the data. It works best for time series data that do not contain a
seasonality component.

The SARIMA Model

SARIMA models are gaining popularity in the agricultural application domain as an
innovative time series forecasting method [27]. They expand on the ARIMA model by
taking into account the seasonality component of time series data [24,27]. They combine
the seasonal component of time series data with the moving average, autoregressive, and
differencing components. SARIMA models are useful in handling time series data with
obvious seasonal patterns or trends, as in our case.

2.3.2. Traditional ML Approaches
The SVR Model

SVR is a regression-based algorithm that is developed from the Support Vector Ma-
chine (SVM) principle [1,32]. SVR possesses strong and highly dimensional discriminative
ability, which has motivated its application in price prediction analysis [1]. SVR has been
explored in the agricultural sector for price prediction and forecasting [3,20,26]. Although it
is very responsive to time series data, it can be slow and has high memory demands in large
dataset analysis. In this study, the efficacy of SVR is explored for tomato price prediction.

The EXtreme Gradient Boost (XGB) Model

XGB is another type of ML technique that has become popular for agricultural pro-
duce price forecasting applications [3,20,27]. In this technique, models are developed to
combine the predictions of several smaller models together by means of a gradient boosting
framework [27]. In most comparative analyses, XGB has been reported to outperform
most other techniques [20]. XGB achieves optimized solutions by the continuous iteration
of smaller multiple-decision trees, thereby further improving its performance. In this
study, we compare the performance of XGB to the deep learning-based LSTM. A detailed
description of the XGB and its modeling formula is provided by [27].

2.3.3. Deep Learning-Based LSTM Model

Deep learning approaches have evolved over the years. LSTM is an improvement on
the existing RNN framework. It incorporates the forget gate into the RNN and enables
deep learning models to recall sequence data dependencies [27]. LSTM is designed to
memorize time series data and process these data streams by means of the cell units in
its structure [27,33]. The LSTM model is capable of either retaining an important portion
of time series data or discarding irrelevant aspects of the time series data because of the
forget gate [27,34]. Other gates in the LSTM architecture include the input gate, through
which new updates are included in the cell state, and the output gate, which finalizes the
hidden state of the LSTM model [27,35]. LSTM is notorious for yielding highly accurate
prediction models [20,24,27], and in this study, we explore its potential for future tomato
price prediction.

2.4. Model Evaluation

The forecasting ability of different models is assessed with respect to three common
performance measures, viz., the root mean squared error (RMSE), the mean absolute
error (MAE), and the mean absolute percentage error (MAPE) [24,29]. The equations for
estimating these errors are all as given in [24]. Lower values of errors are considered
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suitable for model evaluation. Figure 1 gives the flowchart of the model development
process for tomato price analysis.
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Figure 1. Flowchart of the model development process.

All analyses were implemented using MATLAB software, version 2024B, on a WIN-
DOWS 10 EliteBook hp personal computer.

3. Results and Discussion
3.1. Data Description

The overall summary of the mean, minimum (Min), maximum (Max), standard devia-
tion (StdDev), skewness, kurtosis, first quartile, second quartile, and third quartile statistics
of the monthly price data of tomato are reported in Table 2. An overview of the table shows
the average price of tomato. Typically, in time series analysis, data are plotted against
monthly prices. Figure 2 shows the time series plot of the average monthly price of tomato
from January 2008 to December 2018. An overview of Figure 2 reveals a positive trend over
time, which indicates the non-stationary nature of the series. A total of 132 observations (n)
were recorded and used to train the models. A seasonal pattern can also be observed. The
prices show periodic fluctuations with peaks and troughs, indicating a seasonal trend in
tomato prices. A further indication of an overall increasing trend with occasional significant
price spikes was noticed, which highlights a potential market or environmental disruption
over the period under study.

Table 2. Summary of monthly tomato price dataset description (n = 132).

Parameter Value (ZAR/kg)

Mean 5.2861
Minimum 2.4560
Maximum 10.6725
StdDev 1.6638
Skewness 0.5522
Kurtosis 3.0408
First quartile 3.8840
Second quartile 5.1040
Third quartile 6.4458
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Figure 2. Monthly price data of tomato from January 2018 to December 2022 (ZAR/kg).Figure 2. Monthly price data of tomato from January 2018 to December 2022 (ZAR/kg).
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Table 2 shows that the mean price was 5.2861 ZAR/kg and the second quartile (median)
was 5.1040 ZAR/kg, and these values closely follow each other. This indicates that the
prices slightly deviate from non-normality. Figure 3 shows a box plot of the dataset to
further describe the data. In Figure 3, the data display an asymmetric but stable variation
during the years considered. An outlier price (red plus symbol) is observed at the top of
the box plot. This can likely indicate seasonal price spikes, market fluctuation, and other
extreme factors affecting tomato prices.
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Furthermore, the box plot is right-skewed (slightly longer towards the top), which
suggests that some months had significantly higher tomato prices compared to others.
However, the kurtosis is just slightly above 3, which indicates that data are within a
stable variation.

3.2. Data Preprocessing
3.2.1. Non-Stationarity Test

To test for stationarity, the dataset was subjected to the Augmented Dickey–Fuller
(ADF) test [36] in order to accurately determine whether to subject the training dataset to
differencing before applying ARIMA or SARIMA modeling. Table 3 shows the results of
the ADF test. The results indicate that the p-value (0.9298) is much greater than 0.05, which
means we fail to reject the null hypothesis. Also, the critical value is higher than the test
value, which suggests that our tomato price series data are non-stationary.

Table 3. Result summary of ADF test (stationarity test) before model development.

ADF Test Test Statistic p-Value Critical Value Conclusion

Original price −0.2690 0.9298 −2.8862 Non-stationary

Price after differencing (d = 1) −5.6256 0.000001 −3.4865 Stationary

After differencing, the tomato price series achieved stationarity and both the ARIMA
and SARIMA model were assigned a differential d = 1 in ARIMA (p, 1, q) and SARIMA (p,
1, q) accordingly [36].
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3.2.2. Autocorrelation Function (ACF) and Partial Autocorrelation Function
(PACF) Analysis

After the stationarity test, autocorrelation function (ACF) and partial autocorrelation
function (PACF) analyses were carried out to optimize the performance of the ARIMA and
SARIMA model, respectively. The ACF and PACF enhance the performance of ARIMA
and SARIMA by indicating the most accurate order of the moving average (MA) and the
autoregressive component (AR) of the ARIMA model.

The plots of the ACF and PACF are provided in Figures 4A and 4B, respectively.
Figure 4A shows that the first two lags (lag 1 and lag 2) have a highly significant autocorre-
lation. This can indicate that the data exhibit a strong dependence on past values and may
require an MA (q) process (moving average) to be implemented. Furthermore, ACF values
are observed to drop gradually after the first two lags, which hints at the non-stationarity
of the raw price series data. Some lags beyond lag 10 still have significant autocorrelation,
which could indicate seasonality. A similar pattern is observed in Figure 4B. A noticeable
spike in lag 1 and lag 2 in the PACF plot is indicative that an AR (p) (2) is required. Hence,
the optimal ARIMA model (2, 1, 2) is modeled for the tomato price analysis.
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3.2.3. Nonlinearity Test

Nonlinearity tests allow for an accurate choice of the modeling and prediction of time
series data, and it is important to find whether a given time series is nonlinear or not [22].
In this study, Ramsey’s Regression Specification Error Test (RESET) was implemented to
provide evidence of nonlinearity or the lack of it. RESET was implemented on the Google
Collab platform using python codes. The results are as follows: F-statistic: 2.5400, p-value:
0.1134. Since p > 0.05, this suggests that our tomato time series may be linear.

3.3. Results

Table 4 presents the RMSE, MAE, and MAPE of the different models. In Table 4, lower
values for all the performance metrics are indicative of superior performance. The LSTM
model stands out as it achieves the lowest RMSE, MAE, and MAPE values.

Table 4. Summary of results of model performance.

Model RMSE MAE MAPE (%)

ARIMA 3.0576 2.5127 28.63
SARIMA 0.9738 0.6564 7.66

SVR 1.8535 1.4089 16.44
XGB 1.7637 1.3184 15.38

LSTM 0.2818 0.1925 2.42

3.3.1. ARIMA Model Result

From the results, the ARIMA model showed poor performance, with the highest
RMSE (3.0576), MAE (2.5127), and MAPE (28.63%) among the models. Figure 5 shows the
performance plot for the ARIMA model.
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3.3.2. SARIMA Model Result

As shown in Table 4, the SARIMA model results performed relatively well compared
to the other models. The model achieved RSME (0.9738), MAE (0.6564), and MAPE (7.66%).
It is the second best-performing model in this study. In Figure 6, a plot of actual tomato
prices against the predicted prices is presented.
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Figure 6. SARIMA model plot of actual tomato prices against predicted tomato prices for the test 
dataset (“2019–2021”).

3.3.3. SVR Model Result

The SVR model only outperformed the ARIMA model, with results showing RMSE 
(1.8535), MAE (1.4089), and MAPE (16.44%), the highest values among the models. Figure 
7 shows the plot of the actual vs. predicted values for the SVR model.

Figure 7. SVR model plot of actual tomato prices against predicted tomato prices for the test dataset 
(“2019–2021”).
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The XGB model outperformed the SVR model in terms of future tomato price forecast-
ing. The model performance in Table 4 shows that XGB obtained an RMSE (1.7637), MAE 
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3.3.3. SVR Model Result

The SVR model only outperformed the ARIMA model, with results showing RMSE
(1.8535), MAE (1.4089), and MAPE (16.44%), the highest values among the models. Figure 7
shows the plot of the actual vs. predicted values for the SVR model.
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3.3.4. XGB Model Result

The XGB model outperformed the SVR model in terms of future tomato price fore-
casting. The model performance in Table 4 shows that XGB obtained an RMSE (1.7637),
MAE (1.3184), and MAPE (15.38%). It is the best-performing traditional ML model among
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the two compared. Figure 8 shows the plot of the actual vs. predicted values for the
XGB model.
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3.3.5. LSTM Model Result

The LSTM proved to be the best-performing model in terms of price forecasting of 
tomato prices. It obtained the lowest RMSE (0.2818), MAE (0.1925), and MAPE (2.42%). 
The model performance, showing the predicted prices against the actual price values, is 
presented in Figure 9. From Figure 9, it can be observed that the predicted prices closely 
follow the actual price values.

Figure 9. LSTM model plot of actual tomato prices against predicted tomato prices for the test da-
taset (“2019–2021”).
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3.3.5. LSTM Model Result

The LSTM proved to be the best-performing model in terms of price forecasting of
tomato prices. It obtained the lowest RMSE (0.2818), MAE (0.1925), and MAPE (2.42%).
The model performance, showing the predicted prices against the actual price values, is
presented in Figure 9. From Figure 9, it can be observed that the predicted prices closely
follow the actual price values.
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The combined model is provided in Figure 10. In Figure 10, we notice that the SARIMA
model (red dotted lines) and the LSTM model (green dotted lines) closely follow the price
trend of the actual or real price values, which further elucidates the accuracy and reliability
of the models.
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SARIMA model (red dotted lines) and the LSTM model (green dotted lines) closely follow 
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reliability of the models.

Figure 10. The combined plot of actual vs. predicted prices for all the models used for tomato price 
forecasting analysis (“2019–2021”).

3.4. Discussion

This study has comparatively considered the model performance of several price 
forecasting approaches for the price prediction of future tomato prices. Two standard 
econometric models (ARIMA and SARIMA) as well as two popular traditional machine 
learning approaches (SVR and XGB) have been compared to the deep learning-based 
LSTM model. This study further includes comprehensive analyses such as data prepro-
cessing, autocorrelation (ACF) and partial autocorrelation (PACF) evaluations, and tests 
for non-stationarity and nonlinearity to enhance the robustness and validity of the results.

The findings show that the LSTM approach is superior to the conventional ap-
proaches considered. Similar studies have reported that the LSTM outperforms conven-
tional ML-based approaches for various types of agricultural produce. For instance, Nas-
sar et al. [23] compared LSTM with ARIMA and XGB. They found that LSTM achieved an 
RMSE of 1.22 compared to 1.28 for XGB in price prediction for cabbage, cauliflower, bok 
choi, and watermelon. However, a hybrid-based CNN-LSTM with an additional attention 
mechanism was used to further improve the model performance by a further 19% and 
10%, respectively. In another comparative study with five (5) major predictions, Paul et 
al. [37] compared price prediction for brinjal (eggplant) using price data. The deep learn-
ing-based G-RNN yielded better model performance for the commodity from different 
localities based on ME, RMSE, MAE, and MAPE values. However, the author applied 
daily wholesale price data for their analysis.

The LSTM model’s performance nearly mirrors the performance of LSTM for the 
price forecasting analysis of celery [3]. The authors reported RMSE (0.226), MAE (0.131), 
and R2 (0.953). In the current study, an R2 value of 0.9807 was attained. Although daily 
price data were used for the study, the LSTM model performed similarly, thereby proving 
LSTM’s generalization capability. Like the findings of this study, Patil et al. [27] found 
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3.4. Discussion

This study has comparatively considered the model performance of several price
forecasting approaches for the price prediction of future tomato prices. Two standard
econometric models (ARIMA and SARIMA) as well as two popular traditional machine
learning approaches (SVR and XGB) have been compared to the deep learning-based LSTM
model. This study further includes comprehensive analyses such as data preprocessing,
autocorrelation (ACF) and partial autocorrelation (PACF) evaluations, and tests for non-
stationarity and nonlinearity to enhance the robustness and validity of the results.

The findings show that the LSTM approach is superior to the conventional approaches
considered. Similar studies have reported that the LSTM outperforms conventional ML-
based approaches for various types of agricultural produce. For instance, Nassar et al. [23]
compared LSTM with ARIMA and XGB. They found that LSTM achieved an RMSE of
1.22 compared to 1.28 for XGB in price prediction for cabbage, cauliflower, bok choi, and
watermelon. However, a hybrid-based CNN-LSTM with an additional attention mechanism
was used to further improve the model performance by a further 19% and 10%, respectively.
In another comparative study with five (5) major predictions, Paul et al. [37] compared
price prediction for brinjal (eggplant) using price data. The deep learning-based G-RNN
yielded better model performance for the commodity from different localities based on ME,
RMSE, MAE, and MAPE values. However, the author applied daily wholesale price data
for their analysis.

The LSTM model’s performance nearly mirrors the performance of LSTM for the price
forecasting analysis of celery [3]. The authors reported RMSE (0.226), MAE (0.131), and R2

(0.953). In the current study, an R2 value of 0.9807 was attained. Although daily price data
were used for the study, the LSTM model performed similarly, thereby proving LSTM’s
generalization capability. Like the findings of this study, Patil et al. [27] found that SARIMA
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and LSTM outperformed other methods in terms of future price prediction analysis for five
important commodities (wheat, millet, sorghum, maize, and rice). However, the authors
only reported the MAPE values in their study.

Typically, seasonality causes data series to be nonstationary, which is expected for
tomato price data [38]; this explains why the SARIMA model showed good forecasting capa-
bilities. This was highlighted as LSTM’s capabilities to handle linearity and other intricate
time series features were explored for better model performance [22]. However, the authors
report that improved performance can be further achieved with model hybridization.

Although this study exclusively utilized data from the Cape Town fresh produce
market (FPM), tomatoes exhibit comparable seasonality patterns and market dynamics
across other regions in South Africa. Therefore, the forecasting approach presented here is
broadly applicable and could be adopted for other FPMs nationwide. To further enhance
the generalizability and accuracy of the findings, future research could investigate various
hybrid deep learning models to optimize forecasting performance for tomato price analysis.

4. Conclusions
This study investigated models for the prediction and forecasting of tomato prices from

the Cape Town fresh produce market using monthly price data from 2008 to 2021 by means
of a deep learning-based LSTM method. A comparative analysis was performed against
four other well-known forecasting models. The results show that LSTM outperformed all
other approaches for prediction and forecasting applications. The SARIMA model closely
followed the LSTM model in terms of its performance; however, ARIMA showed very poor
performance and should not be encouraged for tomato price modeling applications.

Although this study focused on tomato prices, the developed model could be adapted
for other agricultural commodities. The forecast of future prices reveals that the prices of
tomatoes will be stable over the next 10 years. These forecasted prices present a valuable
insight and serve as a critical decision making tool for stakeholders in the agribusiness
sector, supporting sustainable tomato production, food security, and profitability within
the fresh produce supply chain. Future studies could further enhance forecasting accuracy
by integrating additional agricultural variables that directly influence tomato pricing
and production. Furthermore, optimized forecasting models have the potential to be
incorporated into real-time decision support systems, thereby significantly improving the
effectiveness of the fresh produce supply chain.
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