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Abstract: When considering agricultural commodity transaction data, long sampling intervals or
data sparsity may lead to small samples. Furthermore, training on small samples can lead to
overfitting and makes it hard to capture the fine-grained fluctuations in the data. In this study,
a multi-scale forecasting approach combined with a Generative Adversarial Network (GAN) and
Temporal Convolutional Network (TCN) is proposed to address the problems related to small sample
prediction. First, a Time-series Generative Adversarial Network (TimeGAN) is used to expand
the multi-dimensional data and t-SNE is utilized to evaluate the similarity between the original
and synthetic data. Second, a greedy algorithm is exploited to calculate the information gain, in
order to obtain important features, based on XGBoost. Meanwhile, TCN residual blocks and dilated
convolutions are used to tackle the issue of gradient disappearance. Finally, an attention mechanism
is added to the TCN, which is beneficial in terms of improving the forecasting accuracy. Experiments
are conducted on three products, garlic, ginger and chili. Taking garlic as an example, the RMSE
of the proposed method was reduced by 1.7% and 1% when compared to the SVR and RF models,
respectively. Its R? accuracy was also improved (by 4.3% and 3.4%, respectively). Furthermore, TCN-
attention and TCN were found to require less time compared to GRU and LSTM. The accuracy of the
proposed method increased by about 5% when compared to that without TimeGAN in the ablation
study. Moreover, compared with TCN, the Gated Recurrent Unit (GRU), and the Long Short-term
Memory (LSTM) model in the multi-scale price forecasting task, the proposed method can better
utilize small samples and high-dimensional data, leading to improved performance. Additionally,
the proposed model is compared to the Transformer and TimesNet models in terms of its accuracy,
deployment cost, and other metrics.

Keywords: small samples; TimeGAN; data augmentation; commodities; TCN-attention; multi-scale
forecasting

1. Introduction

With the globalization of the economy, the impacts of commodity price fluctuations
have emerged as a significant concern in the context of sustainable socio-economic devel-
opment. Yu-Yue Hu [1] proposed that when commodity prices rise too quickly, potential
risks may arise in financial markets. Moreover, cost-driven inflation can occur, affecting
the profits of small and medium-sized Enterprises in the midstream and downstream,
which are intermediate links of the supply chain. Yukui Sun et al. [2] have reported that
the accurate prediction of price fluctuations is beneficial with regard to risk management
and helps in the pricing of downstream products. Meanwhile, the price fluctuation of
agricultural products is related to the income of farmers and the living standard of residents
and also has an impact on the stability of the social economy:.

Regarding the actual transaction of bulk commodities, there exist small samples with
short collection periods or sparse data recorded with low trading frequency. The use of
such data for model training can lead to overfitting and makes it difficult to determine
fine-grained changes in the process of price forecasting. Data augmentation is beneficial to
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monitor price fluctuations and provide insights for intelligent decision-making. Data aug-
mentation is often used in image processing, such as translation, rotation, scaling, and other
affine transformations. As for time-series data, geometric transformations are often adopted,
as well as window cropping or the addition of noise in the time and frequency domains.
There still exist shortcomings regarding the data analysis of the overall distribution char-
acteristics [3]. Generative Adversarial Networks (GANSs) can be utilized to generate data,
such as T-CGAN, RCGAN, and so on. However, these methods face challenges related to
parallelization, and it is necessary to further validate their generalization ability.

Forecasting algorithms commonly include statistical, machine learning (ML), deep
learning (DL), and Integrated Learning methods, among others. Traditionally, statistical
methods are based on linear structures and may not perform well on complex, multi-
feature, and non-linear data. Machine learning approaches offer flexibility in feature
correlation analysis, overfitting, and regularization techniques but face performance and
accuracy bottlenecks when dealing with long time series. Deep learning approaches have
the potential to reduce human involvement in feature engineering and enable the rapid
perception of market changes. Small sample-based prediction poses difficulties related
to capturing the intrinsic complex relationships among features and the regularity of
distributions when using traditional algorithms.

Taking into account the above, the purpose of this research is not only to apply
TimeGAN to augment the obtained data in order to prevent overfitting on sparse or small
samples but also to reduce the runtime and computing costs. For this purpose, a multi-scale
comparison method is proposed. The key contributions of this study are summarized
as follows: (1) In the field of commodities, traditional machine learning methods often
struggle with low prediction accuracy when using sparse and small sample data sets,
whereas deep learning techniques are prone to overfitting. Our study mainly focuses
on utilizing TimeGAN to augment the data and improving the training performance of
the models.

(2) A multi-scale forecasting strategy is employed, which combines XGBoost with TCN-
attention to predict the short-term price of agricultural commodities at daily and hourly
levels. The proposed method is compared with the GRU, LSTM, and TCN algorithms
in terms of computational cost, time, and accuracy. Additionally, the Transformer and
TimesNet methods are also considered for comparison.

The experiment involves data augmentation of hourly and daily data for electronic
trading or spot transactions. Moreover, the study compares the outcomes of price and
volatility predictions obtained with different methods. The remainder of the paper is struc-
tured as follows: The related work on data augmentation and price forecasting is presented
in Section 2. The methodologies of data augmentation, feature extraction, and TCN-
Attention are described in Section 3. The experimental results of the proposed method,
in comparison with those of TCN, GRU, LSTM, Transformer, and TimesNet models, are
detailed in Sections 4 and 5. Finally, Section 6 provides the Conclusions.

2. Literature Review

The related work is mainly presented in terms of two aspects: the methods of data
augmentation and an overview of price prediction.

2.1. Data Augmentation

Zhao et al. [4] divided the approaches to small sample learning into three categories:
model fine-tuning, data augmentation, and transfer learning. Data augmentation methods
involve enhancing the features and expanding the target data sets with auxiliary data or
information. Based on the learning method, they further categorized learning methods
into three kinds: based on unlabeled data, data synthesis, and feature enhancement by
data augmentation. Pan Y. et al. [5] have proposed a data augmentation method based on
knowledge to monitor oil conditions using sparse and small samples. Furthermore, data
augmentation was carried out using particle filtering algorithms after data decomposition.
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However, this method has a high computational complexity, and it may be hard to efficiently
compute the solution. Li D. C. et al. [6] have put forward a noise-based spatial clustering
method based on DBSCAN and AICc density for small sample clustering. It utilizes a
Maximum P-Value method to estimate whether each sample distribution is unimodal or
multimodal and creates virtual samples based on the sample distributions. Wang et al. [7]
proposed generating virtual data to improve sample diversity. The method jointly trains
the generation model and classification algorithms by means of an end-to-end strategy
combined with meta-learning methods. Timestamps are used as an input in the T-CGAN
method in order to handle irregular time intervals [8]. Hyland S. L. et al. have combined
an RNN with GAN in RGAN and RCGAN to generate multi-dimensional time-series data;
however, this method suffers from insufficient parallelization, and further validation of its
generalization ability is required.

2.2. Price Forecasting
2.2.1. Statistical Methods

The price volatility is a crucial element in evaluating risk and determining the pricing
of downstream commodities. Guangwei Shi [9] has noted that fluctuations in the trading
prices of commodities often present characteristics such as a spiky thick-tailed distributions
of returns, the aggregation of fluctuations, persistence, leverage effects, volatility spillover
effects, and interdependence among higher-order error terms. Engle [10] introduced an
Autoregressive Conditional Heteroskedasticity Model (ARCH) and applied this model
to study the volatility of the U.K. inflation index. However, its limitation is that it treats
positive and negative fluctuations as having the same impact on volatility and imposes
strict parameter constraints. Bollerslev [11] proposed the Generalized Autoregressive
Conditional Heteroskedasticity (GARCH) model based on the ARCH model, providing
a more detailed description of asset volatility dynamics. The ARCH model can capture
the interdependence between errors and describe the temporal aggregation and variation
of time-series. It is frequently employed in the forecasting of financial asset volatility.
Taylor [12] introduced the stochastic volatility model, which is capable of capturing abrupt
changes in financial time-series.

The abovementioned models are primarily based on low-frequency data. Ander-
sen et al. [13] put forth the realized volatility, which is applicable to high-frequency
data for assessing price volatility. This method boasts ease of computation and non-
parametric modeling characteristics. While the ARIMA model can predict non-stationary
time-series and offers quick computation, its accuracy is compromised when the series
presents higher volatility.

2.2.2. Machine Learning Methods

Traditional statistical methods are often built upon assumptions and still exhibit
limitations when tasked with analyzing intricate non-linear data sets. In contrast, machine
learning approaches offer superior flexibility in correlation analysis, dealing with overfitting
and regularization, among other aspects. Jabeur et al. [14] harnessed the XGBOOST
algorithm to forecast the price volatility of gold, followed by comparing its performance
with six alternative machine learning models to confirm the efficacy of the algorithm.
Valente [15] predicted high-frequency, multi-seasonal time-series data sets using a forward
feature selection based on the SVR. Meanwhile, Shaolong Sun et al. [16] have integrated
the Ensemble Empirical Mode Decomposition, Least Squares Support Vector Regression,
and K-means clustering methods, which proved valuable in forecasting foreign exchange
rates. Advancements in deep learning technology coupled with the better computational
capabilities of hardware make it possible to reduce the need for manual intervention,
process vast amounts of multi-source heterogeneous data concurrently, and rapidly perceive
market exigencies.
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2.2.3. Forecasting Methods Based on Deep Learning

Deep learning techniques have undergone significant advancements across various
fields, which have empowered machines to grasp abstract concepts and enhance their
capabilities in representational learning. Neural networks have emerged as universal
frameworks for dealing with issues in multiple research fields. Wang et al. [17] proposed
Recurrent Neural Network (RNNs), which are commonly employed for processing time-
series data; however, they have issues with handling the gradient disappearance problem,
long-term dependencies, and parallelization. In this regard, gating mechanisms can be
utilized to mitigate gradient disappearance and better capture temporal dependencies in
LSTM networks. Shaolong Sun [16] combined wavelet analysis with LSTM to develop
financial time-series prediction models that overcome the challenges posed by complex
features and non-linear correlations. Comparing LSTM and Gated Recurrent Units (GRUs),
the latter exhibit faster convergence due to their fewer number of parameters. Further-
more, CNNs offer efficient parallel data processing, and one-dimensional convolutions
can be substituted for RNNs in sequence modeling. Liu Suhui [18] has exploited a deep
learning model combined with news event data for stock price prediction. Moreover,
a convolutional neural network based on event information was established using a text
representation in the form of event triples and an attention mechanism. The WaveNet
model, introduced by Oord et al. [19], serves as an autoregressive probabilistic model. It
employs extended causal convolutions and has been used in audio generation, time-series
prediction, and machine translation. Bai et al. [20] introduced the TCN for processing
time-series data. Cao et al. [21] developed a discrete dynamic model, utilizing TCN to
compute the conditional probabilities for different kinds of stocks. Meanwhile, attention
mechanisms can be added to capture the time-varying distribution. As for graph convo-
lutional neural networks, Wei et al. [22] introduced the Spectral Temporal Graph Neural
Network (StemGNN) model, which exploits the Graph Fourier Transform (GFT) and Dis-
crete Fourier Transform (DFT) to transform the spatio-temporal domain into the frequency
domain, effectively capturing time-space dependencies. Cheng et al. [23] proposed the
Multimodal Graph Neural Network (MAGNN) for financial forecasting, which integrates
intra-modal graph attention and inter-modal attention mechanisms, providing a solution
to crucial issues related to financial price forecasting.

Duan Z. et al. [24] introduced CauGNN, a model that incorporates neural Granger
causal graphs to delineate causal relationships among multiple variables. Lim B. et al. [25]
provided an overview of time-series forecasting based on deep learning. Their work fo-
cused on the evolution of hybrid deep models that integrate statistical models with neural
networks. Wen Q. et al. [26] discussed the performance of Transformer models in handling
time-series data, including assessments of robustness, model dimensions, and seasonal
trend decomposition. Zhou H. [27] supposed that the limitations of Transformers (e.g.,
quadratic time complexity and high memory consumption) hinder their direct application
to long-term time-series prediction. Wu H. et al. [28] introduced Autoformer based on a
deep decomposition architecture and an autocorrelation mechanism, which is an intricate
forecasting model for long-term time series that can decompose intricate time series into
manageable elements. Next, Informer was used to mitigate the time complexity of the
model, handle lengthy sequences, and improve the inference speed. Wu H. et al. [29]
proposed the extension of one-dimensional sequences into a multi-period 2D tensor and en-
capsulated changes in intra- or inter-periodic variations into rows and columns of the
tensor. The algorithm’s efficacy covers short- and long-term time-series prediction, a filling
task, classification, and anomaly detection. Fanling Huang et al. [8] introduced TCGAN,
a convolutional approach that is designed for time-series classification and clustering.
The solution is particularly exploited to handle challenges associated with the shortage
of labeled data and imbalanced sample distributions. Furthermore, Zhang C. et al. [30]
investigated four deep time-series generation methods for commodity markets and com-
pared them with classical probabilistic models. As a result, they proposed a data-driven
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approach to commodity risk management. The key characteristics of various methods are
detailed in Table 1.

Table 1. The key characteristics of various methods.

Category Method Description
o AR, MA, ARMA, Trad}tlgnal statistical met'hoc.is re}ymg on time-series
Statistical prediction from a data distribution. These methods
ARIMA, ARCH, . .
methods often make assumptions about the data and face limita-
GARCH, and so on. . . . .
tions in analyzing complex non-linear data sets.
Machine learning approaches offer greater flexibility for
Machine correlation analysis, overfitting control, and regulariza-
learnin XGBOOST, SVR, tion techniques. However, bottlenecks still exist when
metho dgs EEMD, and so on. processing large data sets. Machine learning methods

show improved performance, but still encounter issues
with large-scale data.

RNN: Difficulties in handling gradient disappearance,
long-term dependencies, and parallelization. GRU:

RNN, LSTM, GRU, .

Faster convergence due to fewer parameters, but still
. TCN, GNN . o .

Deep learning (GauGNN, TCGAN prone to gradient vanishing and exploding. LSTM:
methods MA G,NN * Handles long-term dependencies better, but is computa-
Stem GNN,) tionally expensive. GNN: Effective for spatio-temporal
modeling, although traditional GNNSs struggle with dy-
namic time-series and high computational complexity.
Transformers applied to long-term time-series forecast-
Transformer Transformer, ing face quadratic time complexity and high memory
methods Autoformer, consumption. The use of Informer reduces these issues,

Informer, and so on.  enabling the handling of long sequences, but Trans-
former algorithms still have high deployment costs.

We previously published a paper [31] in which the XGBoost and TCN-attention meth-
ods were applied for the short-term forecasting of power load, incorporating influencing
factors such as weather, exchange rate, and electricity consumption, among others. This
approach is considered generalizable and was further extended to tackle small sample pre-
diction issues. During the research, it was found that data of seasonal commodities typically
present a small sample size and long data-collection intervals, prompting us to conduct
further exploration. In another study [32], we combined XGBoost with TCN-attention for
cotton price forecasting, incorporating nine influencing factors, including the supply and
demand relationship, the exchange rate, macroeconomics, and the industrial chain. We ex-
amined the impacts of multiple factors on agricultural product prices. However, this study
focused on small-sample forecasting using real data from the Peony International Trading
Market in which factors such as weather and exchange rate are treated as static data.

Finally, while TimeGAN has been typically used for data augmentation in engineering
applications, its use in the financial field has been limited. Therefore, this study focuses on
integrating the TimeGAN method with TCN-attention to forecast short-term prices across
multiple scales, with an emphasis on assessing the model’s usability.

3. Principles of Price Forecasting Combined with GAN

This study focuses on utilizing TimeGAN to generate data for small samples of agricul-
tural products. Meanwhile, similarity evaluation is used to assess the difference between
the generated data and the original data. Furthermore, the XGBoost method is utilized to
extract important features, followed by price prediction using a TCN-attention network.

The price forecasting model is composed of an input layer, data generation, feature
extraction, TCN Residual Blocks, an attention mechanism, and an output layer, as shown
in Figure 1.
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Figure 1. Framework of price forecasting.

Step 1: Multi-dimensional data of agricultural products (e.g., garlic or ginger) are used
as input. Data pre-processing mainly deals with the original data using a sliding window
method and includes excluding outliers, filling missing values, and other processes.

Step 2: New data are generated using the TimeGAN framework [33], and a dual-scale
measurement approach is used to evaluate the quality of the generated data. To measure the
proximity between the generated and original data, the t-distributed Stochastic Neighbor
Embedding (t-SNE) method and a visualization approach are utilized.

Step 3: Correlation analysis among features is carried out, exploiting XGBoost to
extract important features.

Step 4: TCN residual blocks and dilated convolution are leveraged to reduce the
processing time for long sequences. Meanwhile, an attention mechanism is used to improve
the forecasting accuracy.

Step 5: Three groups of agricultural product data are used for experimentation in order
to compare the predictive outcomes of the proposed model at multiple scales with those
obtained using LSTM, GRU, TCN, Transformer, and TimesNet models. A comparative
analysis is conducted by evaluating metrics such as R-squared (R?), Root Mean Squared
Error (RMSE), and so on.

During model training, small samples can lead to the overfitting of deep learning
models, while they may result in lower prediction accuracy of machine learning methods.
TimeGAN can capture correlations between time series to generate highly similar data.
Therefore, it is utilized in this study to increase the data volume, with the aim of improving
model performance. Important features are extracted using XGBoost, which helps to
reduce the computational complexity. A dilated convolutional network can compute data
across time steps in parallel, thus capturing long-term dependencies with fewer parameters.
Therefore, it is employed for price forecasting and is found to converge fasterthan the GRU
and LSTM models.

3.1. Data Generation

TimeGAN can generate time-series data that retain the intricate temporal dynamics in-
herent to the original data. It merges the adaptability of the unsupervised GAN framework
with the controllability of supervised learning using autoregressive models. The TimeGAN
model mainly encompasses four components—the Embedding Network, the Recovery
Network, the Generator, and the Discriminator—as illustrated in Figure 2.

The Embedding Network serves a crucial purpose, namely, establishing an invertible
mapping between features and feature representations of the latent layer, which contributes
to reducing the dimensionality of data in an adversarial learning space. The embedding
function is shown in Equation (1):

hs =es(s) (1)
hy = ex(hs/ht—llxt) ’

where the feature spaces are denoted by S and yx, while the corresponding latent vector
spaces are represented by Hs and H, respectively. S represents the static features S € S,
whereas X, X € yx indicate temporal features in the time-series. The tuples (S, Xj.7)
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conform to a certain joint distribution P, where T is a random variable. Meanwhile, S, X
are instantiated as s, x, and the set X contains n feature vectors, where n € (1---N).
Here, s represents the high-dimensional static eigenvectors of trading data, /s indicates the
mapped low-dimensional static eigenvectors, x; represents the high-dimensional temporal
eigenvectors at time ¢, hi; represents the low-dimensional temporal eigenvectors at time ¢,
and e is the embedding function implemented via recurrent networks. The training data

set is denoted as TR = { (S, x].1) }N

n=1"

- - Embedding Generate | H

Latent
Space

?econstructing Recovery Discriminate ! — |
Time-Series . > Classification ;

Autoencoder Network

Reconstruction Loss of Supervised Loss Unsupervised Loss
Autoencoder Network Minimization

Y

Output

Figure 2. TimeGAN framework.

The recovery function reconstructs the original high-dimensional static and temporal
features from the low-dimensional feature vectors of the data. The recovery function is
represented as shown in Equation (2):

5 rS(hs)
X =ry(ht) ’ @

where 75 and 7y serve as the recovery Embedding Networks for the static and temporal
embeddings, respectively; § represents the recovered high-dimensional static feature vector;
and ¥ represents the recovered high-dimensional temporal feature vector at time .

The loss function for the embedding and recovery functions during the construction
of the low-dimensional feature space for the data and recovery of the high-dimensional
feature space is shown in Equation (3):

Ler = Eoxyrop ['S —sly+ Yl —mz]- 3
t

The output results of the Generator, along with the low-dimensional feature vectors
from the embedded functions, are inputted into the Discriminator through joint encoding,
as illustrated in Equation (4). For the purpose of generating data, it is necessary to enter the
output of the Generator into the Discriminator. We have

hs = 8s( zs) @)
hy = gx (hs, ht71/Zt>,
where Zs and Zy represent the static and temporal vector spaces for known distributions,
respectively; zs € Zg and z; € Zy are random noise, where z; is sampled from a Gaussian
distribution and z; follows the Wiener process; /s and h; denote the generated static
feature vectors and temporal feature vectors, respectively; and g is a generating function.
Furthermore,gs is a generative network for static features and g, is a recurrent Generator
for temporal features.
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The Discriminator compares the output generated data with real transaction data in
order to determine whether the generative data closely resemble real data in order to obtain
classification results. Hence, we have

y~s =ds (Es)

U = dy (g, x¢) ©)

The Discriminator function d is implemented by a bi-directional recurrent network
with a feed-forward output layer, where and d, are the output layer classification func-
tions and #i; represents the synthetic output. The unsupervised joint loss function for the
Generator and Discriminator is denoted as Lgpy, as shown in Equation (6):

Lopu = Espy g p llogys +) logys| +Esp,, lIOg(l —9s)+ Y log(1—=91)|, (6)
t t

where ys and y; correspond to the classification results of the static and temporal features
of real data, respectively, while s and #j; denote those of synthetic data; #s and #; indicate
the classification results for the static and temporal features, which include real or synthetic
transaction data; and the synthetic data follow the probability distribution P.

The supervised loss Lgpg is minimized through joint training of the embedded and
generative networks, as shown in Equation (7):

Leps = Es1.7~p [; Hht - fltH2‘| . 7)

The optimization loss function for TimeGAN is expressed in Equation (8):

minL(e,r) = mign (ALgps + LER)

es/vr

/ 8
minmaxL(g,d) = rr(}in (’yLGDs + max LGDU) ®)
s i
where A and v are hyperparameters and the weight parameter sets for the embedded
network, Recovery Network, Generator, and Discriminator network are denoted as 0,, 6;,
B¢, and 0, respectively.

3.2. Quality Assessment of t-SNE

For the t-SNE algorithm [34], a similarity matrix is established according to the likeness
among data points existing in a high-dimensional space. The matrix lays the foundation for
constructing a conditional probability distribution. In essence, the distribution quantifies
the likelihood that other points are chosen as neighbors for a given data point.

Subsequently, the similarity distribution allows for the construction of relationships
among points in a lower-dimensional space. Meanwhile, the proximity of data points
in the space has an effect on assigned probabilities: the closer the distance, the higher
the probability.

The t-SNE method exploits the minimization of the Kullback-Leibler (KL) divergence
to make the similarity distribution in the low-dimensional space as close as possible to the
conditional probability distribution of the high-dimensional space. The steps are described
as follows.

Step 1: The data x’ = {xll, xlz, e, x;} in the high-dimensional space are mapped into

Yy = {3/,1' y;, ey, y;} in the low-dimensional space, which are then visually represented
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using a scatter plot. For each point x; in the high-dimensional space, the probability
C . . e . / /I / . .
distribution of the similarity between y; and x; is denoted as pjjiras shown in Equation (9):

! I 2 2
/ exp<—‘xi—xjH /2(7i>

pu: ; ; ,
i Yki eXP(— ;= kaz/z‘Tz‘Z)

©)

where ; denotes the variance of the Gaussian distribution centered around x:-. A probability
distribution, with a fixed degree of complexity set by the user, is achieved by a bisection
search process for o; [35].

Step 2: The joint probability density function p;]. is calculated for high-dimensional
samples, as shown in Equation (10):

P TPy

Pii 5 (10)

Step 3: The low-dimensional data are initialized as y,(o) = { 3/1/ y,z, e, y; }

Step 4: A Student’s t-distribution with a single degree of freedom is employed as the
heavy-tailed distribution in the low-dimensional graph. The joint probability f;; in the
lower-dimensional space is defined as shown in Equation (11):

robi-sf)’

y;‘_l/j
- ’ AN
izt (14 i)

fij (11)

The similarity between the distributions of the high- and low-dimensional spaces
is computed according to the Kullback-Leibler (KL) divergence. The gradient descent
method is used to minimize the cost function, while the gradient is computed as illustrated
in Equation (12):

6C

o =A@y ) (Vi) <1+ | y}Hz) ° (12)
]

oy

where the cost function C is calculated according to the KL divergence: C =} ) p; ;Lo g%.
ij i
Step 5: A large momentum term is added into the gradient in order to avoid becoming
trapped in a local minimum, thus accelerating optimization. The output is updated as
shown in Equation (13):

1y, ,9C e
y =y g5 () (Y -y ), (13)

where y(7) signifies the solution obtained in iteration 7, & denotes the learning rate, and m(7)
denotes the momentum factor at iteration 7.
Step 6: Iteratively execute Steps 4 and 5 until the cost function tends to convergence.

3.3. Important Feature Extraction

The feature importance can be evaluated using the average information gain, average
coverage, or feature split counts [35] in the XGBoost algorithm. This study utilizes a greedy
algorithm [36] to calculate the information gain of multiple features in order to perform
feature extraction. The principle is described as follows.
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The objective function 0bj(*) consists of the loss function and the regularization term
shown in Equations (14) and (15), respectively:

obj=Y_ L(v;0") + ;Q(fK)/ (14)

2

1
Qf) =0T + Sul'[|", (15)
where 77 and p are penalty coefficients, T’ denotes the number of leaves, and ||’ ||2 is the
L2 norm of the leaf scores.
In the loss function L(v;, z?l(t)), v; is an observed value, the predicted value of the jth

sample is 6§t), and z?l(t_l) represents the predicted value of the first t — 1 trees to the sample.

The first-order partial derivative g; and the second-order partial derivative g, are
computed based on the second-order Taylor expansion of the loss function. Let G; =

Y. 8, Qj = L q';, where I; refers to the sample set on the j leaf node.
i€l i€l

The information gain before and after node splitting is shown in Equation (16), where
Objx(r?n f and objr(:grl , stand for the before- and after-split minima of the objective function,
respectively, and [ and r represent the left and right subtrees, respectively.

) 1 Glz Gf G2

" m'nbzf[/ / + /
1 2°074+u Oy+u O+upu

t —
min f

=17 (16)

Gain = obj obj

Variable gain refers to the maximum information gain among various splits based
on a specific eigenvalue. For the purpose of calculating feature importance in the model,
the gains of each tree need to be summed, and the gain proportion of a given feature with
respect to the entire model must be computed.

3.4. Price Forecasting Based on TCN-Attention Principle
The vector (X{,X},..., X;_;,X}) derived from XGBoost is utilized as the input for TCN.

Let X! € R", and h;' (i = 0...t) be an output vector. The hidden layer of TCN is padded
in order to maintain consistency in length, matching that of the input layer. The ranges of
receptive fields mainly depend on the network depth (n), the size of the convolution kernel
(k), and the dilation factor (d), as shown in Figure 3.

FAY
owt  TT T T IIIILIL]
d=4
e T I TIITITITTIT]
d=2
e  TITTTITITIT]
d=1
Input :T-

Figure 3. The principle of TCN.
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In Equation (17), F(w) represents a convolution operation on the sequence element w.

k-1

F(w) =Y f(i) - Xeo—gis (17)

i=0

supposing that we have a filter f : {0,1,2...,k — 1} — R, and where w — d - i denotes
the direction of the past. From the input layer to the output layer, the higher the layer,
the larger the receptive field. Residual blocks are exploited to deal with the degradation
issue in the TCN algorithm. The residual blocks consist of double-layer networks, including
dilated causal convolution, weight normalization, and activation function (e.g., ReLU).
Meanwhile, 1 x 1 convolution is used to enable elements to be added with tensors of the
same shape [19,20].

As shown in Figure 4, (hy, I}, . .., h}) is an output eigenvector from the TCN network.
LP refers to the forecasting vector. The similarity S(h';, LP) of i/; (i = 0,1,2...t) and LP is
calculated using Equation (18). The attention score a; can be obtained using the softmax(S;)
function. The vector added attention is computed by summing the product of ; and #’;,
as illustrated in Equations (19) and (20). The final prediction value is obtained using a fully
connected layer.

sim(i';, LP) = I; - LP, (18)
esi
a; = softmax(S;) = ———, 19)
i=0 ¢
Attention(a;, W';) = 25:0 a; - Wi (20)

=] B0 L]
i

| softmax (S;) |
v v

G D[] [

] [0 [

Figure 4. Attention mechanism architecture.

3.5. Price Volatility

Price volatility refers to the fluctuation in price returns within a designated timeframe.
When volatility is high, investing in a commodity becomes more precarious. Logarithmic
returns offer a more accurate description of price performance. The computation for log
returns is illustrated in Equation (21).

ui =1In(gi/gi-1), (21)

where u; represents the rate of return (i = 1...# ) and # signifies the sample size. Addition-
ally, g; stands for the variable’s price at the conclusion of the ith time interval. Simultane-



Appl. Sci. 2024, 14, 8737

12 of 19

ously, the standard deviation of the sample is outlined in Equation (22). The volatility is
determined using the sliding window method.

o= \/(,11_1)2”:(”1 —ﬁ)z, (22)

i=1

where the standard deviation ¢ is computed within each window, i represents the mean
of logarithmic returns within the sliding window, and v represents the overall volatility
as shown in Equation (23).

v=0xVT, (23)

where T is the minimum period required to specify the minimum number of non-missing
values needed in the rolling window. The calculation of volatility involves the use of
the rolling window method with a minimum period of 5 and a window size set to 7.
The changes in price volatility shown in Figure 5a and Figure 5b were obtained based on
original garlic prices from 2008 to 2023 and from June 2021 to June 2023, respectively.
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Figure 5. Price volatility for garlic: (a) spot transaction; and (b) electronic trading.

3.6. Error Evaluation
The metrics RMSE, MAPE, and R? are calculated using Equations (24)—(26):

~ 12 ~ 2
RMSE(y/i’yli) =\ E v, =y, (24)
i=1
;o 122 y/i - ];lz
MAPE(Y,y";) = ;Z;T. , (25)
n ~ N2
. EUi-Y)
R, 7)) == % (26)
’21 Wi=7)
1=

where ', 7/, and 7’ indicate the actual value, the predicted value, and the average value,
respectively, and n denotes the sample size.

4. Experimental Results
4.1. Actual and Synthetic Values
The used data sets were mainly sourced from domestic exchanges of international bulk

commodities (https://www.pibce.com/, accessed on 24 September 2024), including 15
features such as trade funds, trade quantity, and trade price. The online electronic trading
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data for garlic, ginger, and chili span two years, with 3524, 3584, and 2152 records from 9
June 2021 to 7 June 2023, respectively.

Each data set comprises seven points, selected each day for two years. Differencing
and normalization were applied in the pre-processing stage, and each data set was increased
to 24 times the size of the original data set through data augmentation. The resulting data
sets of garlic, ginger, and chili prices were utilized to forecast data across various scales,
such as at the hourly or daily level.

During the training of TimeGAN, the sequence length was set to 24, the learning rate
was set to 5 x 1074, and 5000 epochs were set. After dimensionality reduction using t-SNE,
the original data points fit well with the synthetic data points and had substantial similarity.
The results of t-SNE for garlic, ginger, and chili data are depicted in Figure 6. Meanwhile,
the KL divergence was calculated for the purpose of quantitative analysis, comparing
original data with synthetic data based on 24 records for each group within the first 3504
records, as shown in Figure 6b.
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Figure 6. Results of t-SNE: (a) garlic; (b) KL of garlic; (c) ginger; and (d) chili.

4.2. Feature Importance

Feature extraction was performed using the XGBoost algorithm, with important
features chosen based on F-scores. These important features were then used as input for
the TCN-Attention model. Figure 7 shows the feature scores of the synthetic data for garlic
and chili data.
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Figure 7. Feature importance results: (a) garlic; and (b) chili.

4.3. Price Forecasting

The experiment leveraged electronic transaction data to assess the effectiveness of
the proposed model. The garlic, ginger, and chili data sets were utilized for forecasting at
various intervals, including hourly and daily scales. Each data set comprised 10 features
relevant to prediction, structured in hourly units, with seven data points chosen per day.
Daily data were derived from the averaging of hourly data points for each day.

4.3.1. Data Training and Prediction at the Hourly Level

For the hourly data, the original data were utilized to generate the data set, with a
sliding window size of 24 and a stride of 1, via data augmentation. During pre-processing,
standardization and normalization were carried out. The training data were enhanced by
generating additional data, with the training set being composed of generated data and
a portion of the original data set. Additionally, a similarity comparison was conducted
using t-SNE.

The experimental results of forecasting were evaluated according to the MAE, RMSE,
MAPE, and R? values. Multi-scale prediction for the three commodities was performed
based on the hourly or daily data. The parameter settings were as follows: kernel size of 3,
30 and 100 iterations, learning rate of 0.001, time window set to 5, and Adam optimizer.

From Table 2, we can see that the TCN-attention and TCN models took less time
than GRU or LSTM, and TCN-attention generally performed better overall. Meanwhile,
the outcomes of training data for garlic, ginger, and chili with 30 and 100 iterations are
presented. Traditional methods such as SVM, RF, and ARIMAX, along with univariate
analysis, were added at an hourly level for chili, as shown in Table 3. It can be seen that
the accuracy for different species is lower than that of the proposed method. In Table 4,
the forecasting results for the next 5 and 10 h on the test sets are presented. Compared
with GRU and LSTM, TCN-Attention had better accuracy, slightly outperforming TCN.
The comparison of various forecasting methods, including TCN, GRU, LSTM, and TCN-
Attention, is illustrated in Figure 8. The figures depict a performance comparison between
30 epochs and 100 epochs for forecasting within the next 10 days. Additionally, the proposed
model tended to converge after 30 training iterations.

Table 2. Training evaluation.

Variety Method MAE RMSE MAPE R? Time(s)
GRU 0.006 0.009 0.108 0.99 25,039.205

Garlic LSTM 0.007 0.009 0.119 0.989 20,667.592
TCN 0.008 0.01 0.101 0.988 5225.946

TCN-Attention 0.006 0.008 0.104 0.991 5410.65
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Table 2. Cont.
Variety Method MAE RMSE MAPE R? Time(s)
GRU 0.034 0.051 0.066 0.935 23,808.89
Gineer LSTM 0.036 0.057 0.08 0.917 19,775.038
J TCN 0.029 0.043 0.061 0.953 4930.271
TCN-Attention 0.035 0.053 0.072 0.93 5264.069
GRU 0.056 0.088 0.157 0.948 14,011.354
Chili LSTM 0.058 0.093 0.195 0.942 11,406.636
o TCN 0.059 0.094 0.194 0.941 2914.418
TCN-Attention 0.061 0.092 0.197 0.942 3155.873
Table 3. Training evaluation of ML methods.
Variety Method MAE RMSE MAPE R?
SVR 0.021 0.025 0.335 0.948
Garlic RF 0.009 0.018 0.124 0.957
ARIMAX 0.031 0.037 0.427 0.9
SVR 0.033 0.054 0.075 0.927
Ginger RF 0.079 0.102 0.15 0.691
ARIMAX 0.162 0.252 0.351 0.508
SVR 0.092 0.141 1.001 0.845
Chili RF 0.073 0.122 0.581 0.8
ARIMAX 0.176 0.229 1.038 0.503
Table 4. Forecasting at the hourly level.
Garlic Ginger Chili
Hours Method
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
GRU 0.008 0.009 0.028 0.029 0.032 0.052 0.002 0.002 0.019
5 LSTM 0.01 0.011 0.034 0.046 0.048 0.083 0.003 0.003 0.03
TCN 0.007 0.007 0.022 0.029 0.033 0.053 0.003 0.003 0.035
TCN-Attention 0.006 0.008 0.021 0.045 0.047 0.082 0.003 0.004 0.038
GRU 0.007 0.008 0.024 0.03 0.031 0.053 0.041 0.129 0.471
10 LSTM 0.009 0.009 0.029 0.043 0.046 0.077 0.032 0.100 0.372
TCN 0.006 0.006 0.019 0.032 0.034 0.057 0.044 0.129 0.507
TCN-Attention 0.007 0.007 0.022 0.044 0.047 0.079 0.038 0.11 0.436
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Figure 8. The forecasting results for garlic in the next 10 days: (a) 30 epochs; and (b) 100 epochs.

4.3.2. Price Forecasting at the Daily Level

The results of price prediction for the next 5 and 10 days at a daily level are compared in
Table 5 with 30 iterations. The accuracy of the 5-day forecast is better than that of the 10-day
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forecast. For garlic, TCN achieved the lowest MAE and RMSE in price forecasting. For chili,
TCN-Attention demonstrated better predictive performance in terms of MAE, RMSE,
and MAPE; however, it is worth noting that the forecasting accuracy at the daily level was
lower than that at the hourly level, and the attention mechanism was not always effective.

Table 5. Forecasting at the daily level.

Garlic Ginger Chili
Days Method
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
GRU 0.026 0.03 0.03 0.04 0.04 0.065 0.013 0.013 0.176
5 LSTM 0.025 0.028 0.028 0.026 0.027 0.042 0.019 0.022 0.267
TCN 0.014 0.016 0.016 0.036 0.038 0.058 0.022 0.025 0.297
TCN-Attention 0.049 0.051 0.056 0.037 0.037 0.06 0.004 0.005 0.06
GRU 0.023 0.028 0.027 0.039 0.039 0.063 0.011 0.012 0.152
10 LSTM 0.029 0.034 0.032 0.027 0.028 0.043 0.022 0.025 0.287
TCN 0.028 0.04 0.033 0.039 0.041 0.064 0.035 0.039 0.447
TCN-Attention 0.045 0.048 0.05 0.04 0.000 0.064 0.011 0.014 0.139
4.3.3. Ablation Study
In the ablation experiments, XGBoost+TCN-Att and Timegan+TCN-Att are univariate
price prediction, while XGBoost+TCN-Att and the proposed method are multi-variate
forecasting as shown in Table 6. The R? of the proposed method is higher than that of
several other univariate and multivariate prediction methods. Although the accuracy of
proposed method is similar to that without TimeGAN, the method presented may avoid
overfitting and better reflect the relationships among time-series, ensuring stable forecasting
performance.
Table 6. Ablation experiments.
Variety Method MAE RMSE MAPE R? Time(s)
XGBoost+TCN-Att 0.002 0.002 0.006 0.940 186.196
Garlic Timegan+TCN-Att 0.008 0.01 0.146 0.986 5085.855
TCN-Att 0.005 0.006 0.016 0.546 202.499
Xgboost+TimeGAN-TCN-Attention 0.006 0.008 0.104 0.991 5410.65
XGBoost+TCN-Att 0.017 0.021 0.029 0.863 215.03
Ginger Timegan+TCN-Att 0.033 0.067 0.088 0.884 5138.506
8¢ TCN-Att 0.028 0.037 0.046 0.540 205.682
Xgboost+TimeGAN-TCN-Attention 0.035 0.053 0.072 0.930 5264.069
XGBoost+TCN-Att 0.007 0.013 0.072 0.100 125.56
Chili Timegan+TCN-Att 0.067 0.107 0.223 0.922 3093.66
TCN-Att 0.004 0.005 0.048 0.749 111.655
Xgboost+TimeGAN-TCN-Attention 0.061 0.092 0.197 0.942 3155.873

5. Discussion

During the development of our research, it was observed that seasonal commodities
typically have a small sample size and long data collection intervals, prompting us to
propose a strategy to address this issue. TimeGAN has been widely used in engineering
fields, but is less common in the domain of bulk commodities. Our experiments revealed
that the accuracy of forecasts for periods extending beyond 10 days or 10 h is relatively
low. However, predictions for 5 days and 5 h tended to converge after approximately 30
iterations, demonstrating practical value. During the experiments, a low-cost GPU was
used, and the model’s stability was validated through the ablation experiments detailed in
Section 4.3.3. As the model was applied to real-time data, only its usability was verified
in this study. In future research, more influencing factors—such as weather, exchange
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rates, and regional differences—should be incorporated for further validation. Based on
the experimental results, we discuss various issues below.

On one hand, the error evaluation indicated that the proposed method may provide
improved accuracy when compared to various existing methods. It performed better than
machine learning methods such as SVR or RE. Furthermore, TCN-attention and TCN cost
less time than GRU and LSTM, but the running time is also related to parameter settings.
The traditional Transformer model presented a negative R? and, so, does not accurately
capture the relationships between sequences. The accuracy of TimesNet was similar to that
of the proposed method, and its accuracy is closely related to its parameter adjustment.
For the TimesNet algorithm, the R? values for the next 5 h were 0.981, 0.874, and 0.328,
while those for the next 5 days were 0.950, 0.793, and 0.806. Considering its deployment
cost and parameter volume, it was not adopted in the proposed application. On the other
hand, the proposed model converged in accuracy at 30 iterations, and excessive iterations
in training may lead to overfitting or decreased accuracy. Additionally, the limited range
of volatility values has an impact on the accuracy of volatility prediction. In future work,
the generalization ability of the model should be further improved.

6. Conclusions

This study proposed a cost-effective method with low run-time for predictive analysis
using deep learning models on small sample data. Furthermore, the generalization ability
of the model in a practical application considering bulk agricultural commodities was
assessed based on previous research outcomes from different perspectives.

A forecasting method combining TimeGAN with TCN-attention was presented for
small sample data of agricultural commodities. The proposed approach tackles the is-
sues of overfitting and gradient disappearance, enabling prediction on small sample data.
TimeGAN is utilized to augment the obtained data, with similarity evaluation of the syn-
thetic data conducted using t-SNE. Meanwhile, XGBoost is exploited to extract important
features. Subsequently, price forecasting is performed with TCN-attention. The results
of experiments comparing the proposed model with the TCN, GRU, and LSTM models
demonstrated that the proposed method can increase the data volume for small samples,
mitigate overfitting, and enhance the prediction accuracy.

When dealing with small-sample data, the proposed method improves the model’s
training performance. However, for different varieties, accuracy improvement requires
parameter adjustment, and it is essential to further enhance the generalization ability of
the model with respect to different varieties. In practical applications, method selection
must also take deployment costs into account, as newer methods with deep network
layers often pose higher demands regarding the hardware configuration. Additionally,
attention should be paid to the interpretability of prediction models in order to improve the
reliability of price forecasting in real-world scenarios. The presented method is not limited
to agricultural products. Additionally, the method combining XGBoost with TCN-Attention
was utilized in our previous publications on power load forecasting, demonstrating the
method’s generalization performance. However, the proposed method faces limitations
in terms of volatility forecasting, due to the minimal fluctuations in the normalized data.
Optimizing the data augmentation algorithm is crucial for enhancing the effectiveness of
model training in improving its volatility prediction performance, and further research is
needed to tackle the issue of sparse data forecasting.
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