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Abstract. Manufacturing industries have been growing in terms of their market size and their
revenue generated in the past decade. With rapidly evolving technologies, accurate forecasting
and predictions act as a strong pillar in strategic planning. Predicting the prices of commaodities
helps in reducing the financial losses incurred while procurement of the inventory. In this paper,
we used the deep learning methods to develop some models for predicting the prices. Deep
learning is basically a part of the bigger sphere of machine learning and artificial intelligence. It
is based on artificial neural networks with representation learning. The models based on deep
learning are superior to any machine learning models in predicting the prices, hence our
methodology consists of such techniques. This paper is a preliminary attempt to predict the future
prices by using hybrid LSTM-Attention-CNN model with the help of the past 10 years data. The
proposed model performed significantly better than traditional ARIMA model which has been a

benchmark in time-series for a long time.
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1. Introduction

Commodities are the common materials used in
industries and businesses which can be traded for or
exchanged with the materials of the same type. Trading of
these commodities and establishing commodity
exchanges are very important as they establish worldwide
standard prices, and are essential for both producers and
consumers?. These commodities are traded through future
contracts. A future contract is basically a contract between
the two parties where an agreement of buying and selling
a specific amount of any commodity is signed. This
agreement is done at a predetermined price and at a
specified date in the future. A commodity exchange is the
legal body or an entity which is responsible for the rules
and regulations for trade of commodities. It may also refer
to an actual physical space where this trading takes place.
The interested buyers use future contracts to fix prices of
certain commodities, which reduces the risk of price hike.
The commodity centric industries, manufacturers and
service providers often participate actively in these
exchanges and markets to reduce the risks of financial
losses due to changing prices?. The rise of the industrial
economy has fuelled the rise of the commodities market
over the last few decades®. Many traders have switched to
commodity markets in search of new trading options, as
capital markets have become more available. The
commodities market is notorious for its high uncertainty,

which can influence a trader's trading strategy. The
extreme volatility of the commodities market can be
attributed to a number of reasons, including commodity
supply and demand, currency fluctuations, geopolitical
conditions, government policies, and economic
development*>.

Over the past years, the economies of the world have
been evolving and the trade of basic commodities have
seen a diminishing trend. Taking the developing nations
into perspective, the primary commodities are an
important export earning source and the fluctuations and
movements in prices of these commodities affect their
economic conditions®.

The pricing of metals in the markets directly affects the
mineral industry and hence the forecasting of the metal
markets have been receiving a lot of light in the past
decade. The prediction of these markets starts with the
analysis of past accumulated data which help in selecting
an accurate machine learning model to perform accurate
predictions®. To forecast these prices, methods such as
econometric, time series models, qualitative, have been
used’™®,

Copper is one of the most important industrial
commodities and has a strong impact on the global
economy. It is a widely used alloy with strong resistance
to corrosion and acts as a very strong conductor for heat
and electricity. Hence being of extreme importance for the
electrical power industry and manufactures of electronic
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products. Given the industrial importance of this metal, its
consumption and rising prices reflect upon a good
economic health. India is currently ranked 30th in copper
producers and given the industrialization the demand of
this metal is growing per year. Gold has since long been
present in our heritage as one of the most precious metals.
And due to its limited supply and the inability to dilute it
enables the retention of its value. Hence is very useful in
hedging against inflation. India being the world's most
ardent gold buyer, is also one of the world's most
important Gold markets today. However, due to limited
domestic gold supply, imports are the primary source of
supply. Our gold market is mainly dominated by the gems
and jewellery industry which contributes to 7% of our
GDP. Silver is the most ideal metal for electrical
applications, and its non toxic composition makes it useful
in the medical and consumer product industry. India is one
of the largest consumers of silver and hence our demand
impacts the global markets. The industrial demand of
silver is more than 50% of the worldwide demand. Solar
energy is also a major consumer of silver as it is used in
fabrication of photovoltaic cells.

In this research, we aim to forecast metal prices for the
commodities using a hybrid LSTM - Attention - CNN
model. The metals we are considering for our research are
Gold, Copper, and Silver. The paper will begin with a
Review of the past research, followed by the Research
Methodology and Results®.

2. Literature Review

Forecasting the future prices plays an important role in
trading of goods and services in today's world. A
challenging area in the field of prediction is selecting or
designing the appropriate and accurate model for the
prediction. Various methods were implemented in the past
decade for accurate prediction of the price in the market
of the specific commodity.

There is a considerable amount of literature on the
prediction of prices using different models. The models
are categorised into two main segments; (i) econometric
models such as time series, regression analysis, ARIMA,
GARCH, and SARIMA and (ii) computing techniques
such as ANN, CNN, and LSTM driven models. Now, the
models based on traditional econometrics pose a strong
challenge as they fail to detect the hidden non linear
patterns in the price series'!®. When compared to the
models utilising soft computing techniques, they tend to
perform better as they are more robust and have the ability
to forecast the volatilityV.

Deep learning is a subset of machine learning and is
widely applied in today's day and age. The effectiveness
of deep learning and its models are so remarkable, that
many organizations are pouring capital and resources into
developing this architecture. In recent years, highly
efficient deep learning based models are being used for
predictive applications. The Long Short Term Memory
(LSTM) based models have proven their high degree of

accuracy and have been successfully applied for various
price forecasting related objectives'?. Recent studies have
also indicated the better performance of the models based
on machine learning and neural networks than stochastic
methods in prediction of commodity prices® !,

For instance, a study based on Korean stock exchange
through two models (autoregressive & deep learning) was
performed and upon comparison of results, deep learning
models outperformed the linear autoregressive models .
Artificial Neural Network based models were tested on
the New York Stock exchange and its efficiency was
compared with ARIMA linear model, it was found that the
Convolutional neural network (CNN) was more accurate
than the other neural networks used and the CNN
networks were capable of capturing the changes in trends
1516)  An experiment was conducted with LSTM
prediction models, and these neural network based models
were getting upwards of 55% accuracy while predicting
the movement of a stock price”). Efficient models based
on support vector machines and artificial neural networks
were tested on the Istanbul Stock Exchange National 100
Index and the results showed the accuracy of the
predictions to be in the range of 70% to 75%%9),

On the other hand, he stated that computational
complexities and constant error flow through CECs have
been some of the limitations of that model. In 2021,
LSTM is in third place in the Large Text Compression
Bench.!%-20

Squared regression models usually impose an
uncompromising requirement on the real-world data,
whereas the time series and Econometric models depend
on the trend and seasonality for forecasting with higher
accuracy and prediction. The randomness exhibited by the
time series models drastically decreases the accuracy of
the existing models?Y.

3. Approach

To have a high level of accuracy, we propose a hybrid
LSTM (Long-and-Short-Term-Memory) - Attention -
CNN (Convolutional Neural Network) model. This
section talks about our approach towards building a
forecasting model for metal commodities. In this study,
we have used the LSTM (GRU) - attention-CNN model to
forecast using 10 years data respectively for three metals
Gold, Copper and Silver. The LSTM GRU model uses
CNN to memorize short- and long-term patterns. Due to
gradient vanishing and training instability, LSTM or GRU
models cannot memorize very long-term independencies.
LSTM along with the attention model is used to smoothen
out the data??. In alignment, we identified the parts of the
input sequence that are relevant to each word in the output,
whereas in translation we used relevant information to
select the appropriate output. Here after, we used CNN to
compile all the layers and produce the desired forecasted
output?. At last we have concluded our results by
detecting the RMSE (Root mean squared error),
RMAE(Root Mean Absolute Error) and MAPE (Mean
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Absolute Percentage Error).242>)
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Fig. 1: Flowchart of model

3.1 Data Extraction

We have extracted the 10 years historical pricing data
of three of the most commonly traded metals which are
Gold, Silver and Copper from Yahoo Finance. All of these
metals are widely used in industries as well as retained by
individuals as a mode of investment?®.

3.2 Data Preparation

During data extraction, to remove the null values we
have used interpolation. As we were dealing with prices
of the metal commodities which turns out to have
somewhat of a polynomial growth, for this reason we have
used polynomial interpolation in this study to fill in the
missing values in the series. Polynomial interpolation uses
the minimum polynomial that passes the resulting graph
and predicts the values of the missing points from the
same. The degree of the polynomial interpolation that we
have considered here is quadratic.

3.3 Long Short-Term Memory (LSTM) - Gated
recurrent units (GRU)

LSTM is a part of a family of Recurrent Neural
Networks (RNNs). These layers have a special property of

retaining the information extracted from the previous state.

This fundamental property makes them particularly useful
in time series analysis, as they can account for the historic
trend in the time series.

(@)

(b)
Fig. 2: Gate system of (a)LSTM and (b)GRU.

3.4 Attention Model

Attention models are relatively new in deep learning
and are finding their extensive use in Natural Language
Processing and Machine Translations. They can be used
to assign different weights to different time-steps, and this
determines how much weight-age should be given to each
point to forecast the time-series?’2".

In this research, we have created three vectors namely,
Query, Key and Value vector from the encoder’s input
vector. Using the dot product of the Query and Key vector
we have calculated the score which helps us to determine
how the focus on the different inputs needs to be
distributed. Here after, for a stable gradient we divided the
scores by 8 which is a default value for the same and the
result has been passed to the softmax operation which
normalizes the score i.e scores turn to be positive and add
up to 1. We multiplied values of the vector by the
normalized scores and added the weighted value error*
33)

To form the self-attention matrix, we packed the
resulting vectors in the form of matrix and condensed
them into a layer using the formula:

oxkT

Softmax ( Jax
K

yv=z (1)

In the following model we have used 8 similar layers
for the data prediction.

3.5 Convolutional Neural Network (CNN)

A typical CNN has a sequence of layers stacked
together. Mainly, a convolutional layer, a ReLU Layer, a
pooling layer and a fully connected layer. In the First layer,
the convolutional procedure is followed wherein the exact
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features are extracted. Then an activation function is used
to give the final result. The pooling layer has the purpose
of reducing the spatial size of the map of features and
gives the most feasible learning results for the data that is
provided as input. The output is then passed through the
next layer where the entire process is repeated. This
ensures that the most optimal solutions are received at
every stage. Finally, the classification and regression are
obtained through the fully connected layer.
Fig. 5: Structure of a typical Convolutional Neural Network

3.6 Error Measurement

To evaluate the performance of our model we use
different error metrics namely, Root Mean Square Error,
Root Mean Absolute Error and Mean Absolute Percentage
Error.

Root Mean Square Error is calculated by the formula:

RMSE = ,E(Pir—l 0i)2 @)

Root Mean Absolute Error is calculated by the formula:

RMAE = /2—i=°(’:‘0” 3)

Root Mean Square Error is more sensitive to the outliners
than RMAE hence mostly RMSE is used for the error
prediction.

At — Ft
At

MAPE =5 [*=%| (a)

4. Results & Discussions

A Keras environment was used to implement the model.
We trained and tested our model on three different
commodities, namely Gold, Copper and Silver. This was
done to make sure that the model was generic in nature
rather than being specific to a single commodity. Initial
data pre-processing was done and the missing data points
were calculated using spline interpolation. We then
divided the data into training and testing sets and trained
the model. Different window sizes were tried for the CNN
and ultimately we worked with a window of size 7 as it
was found to give the optimum look back window.
Ultimately, the three error metrics namely Root Mean
Square Error, Root Mean Absolute Error and Mean
Absolute Percentage.

5. Conclusion and Future Scope of Work

Precious metal price forecasting can be a much
significant and challenging task. Precious metals find their
usage in industry and households and are an important
financial holding all over the world.

This study proposed a new deep learning-based model
featuring CNN, LSTM and Attention mechanism for price
forecasting. This method is different from traditional

statistical and data-based techniques and takes into
account both the historical trend and the signal of the time
series.
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Fig. 3 (a)
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Fig. 3 (c)
Fig. 3: Predicted price vs Actual Price for (a) Gold, (b)
Silver, (c) Copper
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Comparision of Error for Gold

. |

RMSE RMAE MAPE
® ARIMA 5.93E+00 2.17e+00 2.5
= OUR MODEL 8.47€-01 7.16€-01 2.59E+0C

Fig. 4 (a)

Comparision of Error for Silver

|

RMSE RMAE MAPE
W ARIMA 5.93E+00 2.17E+00 2.58E+01
= QUR MODEL 8.68E-01 7.39E-01 2.76E+00
Fig. 4 (b)

Comparision of error for Copper

— l

RMSE RMAE MAPE
m ARIMA 5.22E-01 6.69E-01 1.64E+01
= OUR MODEL 5.41E-02 2.03E-01 1.50E+00
Fig. 4 (c)

Fig. 4: Comparison between the error of Arima model and
proposed model prediction for (a) Gold, (b) Silver and (c)
Copper.

In our empirical results we found out that the proposed
model performed significantly better than traditional
ARIMA model which has been a benchmark in time-series
for a long time. This work may be further improved by
accounting for the correlation between different
commodities and using signal processing techniques like
Fourier analysis.

Fully-
connected
Convolution layer
layer 1 Convolution
layer 2

Max pooling

layer 1 Output
layers

Input Layer

Fig. 5: Structure of a typical Convolutional Neural Network
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Nomenclature

CNN Convolutional Neural Network
LSTM Long-Short Term Memory

ARIMA Auto-Regressive Integrated Moving
Average

GARCH Generalized Auto-Regressive
Conditional Heteroskedasticity

RelLU Rectified Linear Unit

GRU Gated Recurrent Unit

RMSE Root Mean Squared Error

RMAE Root Mean Absolute Error

MAPE Mean Absolute Percentage Error
References

Commodities: What  Are They? (n.d.).
https://www.thebalance.com/what-are-commodities-
356089

Raikes, P., Jensen, M. F., & Ponte, S. (2000). Global
commodity chain analysis and the French filiére
approach: Comparison and critique. Economy and
Society, 29(3), 390-417.
https://doi.org/10.1080/03085140050084589

Jones, S. (1986). Future demand for selected
industrial commodities.

Cox, C. C., & Michael, D. C. (1986). The Market for
Markets: Development of International Securities and
Commodities Trading. Catholic University Law
Review, 36.

Evans, G. (1990). Industrial Commodities. In ICCH
Commodities Yearbook 1990 (pp. 143-176).



EVERGREEN Joint Journal of Novel Carbon Resource Sciences & Green Asia Strategy, Vol. 10, Issue 02, pp1027-1033, June 2023

6)

7)

8)

9)

10)

11)

12)

13)

14)

15)

16)

17)

Palgrave Macmillan UK.
https://doi.org/10.1007/978-1-349-11268-5 11

Tapia Cortez, C. A., Saydam, S., Coulton, J., &
Sammut, C. (2018). Alternative techniques for
forecasting mineral commodity prices. International
Journal of Mining Science and Technology, 28(2),
309-322. https://doi.org/10.1016/j.ijmst.2017.09.001
Moroga, K. (n.d.). Effect of Investment Regulations
and Subsidies on the Proliferation of Next Generation
Vehicles in China. https://doi.org/10.5109/1500424
Sato, T. (n.d.). How is a Sustainable Society
Established? : A Case Study of Cities in Japan and
Germany How is a Sustainable Society Established?
A Case Study of Cities in Japan and Germany. 2, 25—
35. https://doi.org/10.5109/1800869

FAMA, E. F., & FRENCH, K. R. (1988). Business
Cycles and the Behavior of Metals Prices. The
Journal ~ of  Finance, 43(5), 1075-1093.
https://doi.org/10.1111/j.1540-6261.1988.tb03957.x
Ciner, C. (2017). Predicting white metal prices by a
commodity sensitive exchange rate. International
Review of Financial Analysis, 52, 309-315.
https://doi.org/10.1016/j.irfa.2017.04.002

Ding, S., & Zhang, Y. (2020). Cross market
predictions for commodity prices. Economic
Modelling, 91, 455-462.
https://doi.org/10.1016/j.econmod.2020.06.019

Yu, L., Wang, S., & Lai, K. K. (2008). Forecasting
crude oil price with an EMD-based neural network
ensemble learning paradigm. Energy Economics,
30(5), 2623-2635.
https://doi.org/10.1016/j.enec0.2008.05.003

Nelson, D. M. Q., Pereira, A. C. M., & De Oliveira,
R. A. (2017). Stock market’s price movement
prediction with LSTM neural networks. Proceedings
of the International Joint Conference on Neural
Networks, 2017-May, 1419-1426.
https://doi.org/10.1109/IJCNN.2017.7966019

Bakir, H., Chniti, G., & Zaher, H. (2018). E-
Commerce price forecasting using LSTM neural
networks. International Journal of Machine Learning
and Computing, 8(2), 169-174.
https://doi.org/10.18178/ijmlc.2018.8.2.682

Ryll, L., & Seidens, S. (2019). Evaluating the
Performance of Machine Learning Algorithms in
Financial Market Forecasting: A Comprehensive
Survey. ArXiv. http://arxiv.org/abs/1906.07786
Anomaly Detection Using LSTM-Autoencoder to
Predict Coal Pulverizer Condition on Coal-Fired
Power Plant. EVERGREEN Joint Journal of Novel
Carbon Resource Sciences & Green Asia Strategy,
8(1), 89-97 (2021). https://doi.org/10.5109/4372264
Hiransha, M., Gopalakrishnan, E. A., Menon, V. K.,
& Soman, K. P. (2018). NSE Stock Market Prediction
Using Deep-Learning Models. Procedia Computer
Science, 132, 1351-1362.
https://doi.org/10.1016/j.procs.2018.05.050

18)

19)

20)

21)

22)

23)

24)

25)

26)

27)

- 1032 -

Selvin, S., Vinayakumar, R., Gopalakrishnan, E. A.,
Menon, V. K., & Soman, K. P. (2017). Stock price
prediction using LSTM, RNN and CNN-sliding
window model. 2017 International Conference on
Advances in Computing, Communications and
Informatics, ICACCI 2017, 2017-January, 1643—
1647.
https://doi.org/10.1109/ICACCL.2017.8126078
Selvin, S., Vinayakumar, R., Gopalakrishnan, E. A.,
Menon, V. K., & Soman, K. P. (2017). Stock price
prediction using LSTM, RNN and CNN-sliding
window model. 2017 International Conference on
Advances in Computing, Communications and
Informatics, ICACCI 2017, 2017-January, 1643—
1647.
https://doi.org/10.1109/ICACCIL.2017.8126078

Kara, Y., Acar Boyacioglu, M., & Baykan, 0. K
(2011). Predicting direction of stock price index
movement using artificial neural networks and
support vector machines: The sample of the Istanbul
Stock Exchange. Expert Systems with Applications,
38(5), 5311-5319.
https://doi.org/10.1016/j.eswa.2010.10.027
Hochreiter, S., & Schmidhuber, J. (1997). Long
Short-Term Memory. Neural Computation, 9(8),
1735-1780.
https://doi.org/10.1162/neco.1997.9.8.1735

Do, Q. H., & Yen, T. T. H., "Predicting primary
commodity prices in the international market: an
application of group method of data handling neural
network." (2019)

Dooley, G., & Lenihan, H. (2005). An assessment of
time series methods in metal price forecasting.
Resources Policy, 30(3), 208-217.
https://doi.org/10.1016/j.resourpol.2005.08.007
Rafei, S., Esmaelian, M., & Botshekan, M. (2018).
The Efficinecy and Predictability of Industrial
Commodities using Fundamental and Technical
Approaches. In Journal of Industrial Management
Perspective (Vol. 7, Issue Issue 4, Winter 2018).
(il Ry o8l
https://jimp.sbu.ac.ir/article_87188.html

Baldursson, F. M. (1999). Modelling the price of
industrial commodities. Economic Modelling, 16(3),
331-353. https://doi.org/10.1016/S0264-
9993(99)00003-6

Dharu Feby Smaradhana, Dody Ariawan, and Rafli
Alnursyah, "A Progress on Nanocellulose as Binders
for Loose Natural Fibres", Evergreen, 7(3), 436-443
(2020). https://doi.org/10.5109/4068624

Nagendra Kumar Maurya, Vikas Rastogi, and
Pushpendra Singh, "Experimental and Computational
Investigation on Mechanical Properties of Reinforced
Additive Manufactured Component", EVERGREEN
Joint Journal of Novel Carbon Resource Sciences &
Green Asia Strategy, 6 (03), 207-214 (2019).
https://doi.org/10.5109/2349296



To Determine the Futures pricing of Metal Commodities using Deep Learning

28) Ang Li, Azhar Bin Ismail, Kyaw Thu, Muhammad
Wakil Shahzad, Kim Choon Ng, and Bidyut Baran
Saha, "Formulation of Water Equilibrium Uptakes on
Silica Gel and Ferroaluminophosphate Zeolite for
Adsorption Cooling and Desalination Applications",
Evergreen, 1(2), 37-45 (2014).
https://doi.org/10.5109/1495162

29) Jabir Al Salami, Changhong Hu, and Kazuaki Hanada,
'A Study on Smoothed Particle Hydrodynamics for
Liquid Metal Flow Simulation', Evergreen, 6(3), 190-
199 (2019). https://doi.org/10.5109/2349294

30) Matheus Randy Prabowo, Almira Praza Rachmadian,
Nur Fatiha Ghazalli, and Hendrik O Lintang,
"Chemosensor of Gold (I) 4-(3, 5-Dimethoxybenzyl)-
3, 5-Dimethyl Pyrazolate Complex for Quantification
of Ethanol in Aqueous Solution", Evergreen, 7(3),
404-408 (2020). https://doi.org/10.5109/4068620

31) Jain, Ankit, Cheruku Sandesh Kumar, and Yogesh
Shrivastava. "Fabrication and Machining of Metal
Matrix Composite Using Electric Discharge
Machining: A Short Review." Evergreen, 8(4), 740-
749 (2021). https://doi.org/10.5109/4742117

32) Mohamed Egiza, Hiroshi Naragino, Aki Tominaga,
Kouki Murasawa, Hidenobu Gonda, Masatoshi
Sakurai, and Tsuyoshi Yoshitake, "Si and Cr Doping
Effects on Growth and Mechanical Properties of
Ultrananocrystalline Diamond/Amor-Phous Carbon
Composite Films Deposited on Cemented Carbide
Substrates by Coaxial Arc Plasma Deposition",
Evergreen: joint journal of Novel Carbon Resource
Sciences & Green Asia Strategy, 3(1), 32-36 (2016).
https://doi.org/10.5109/1657738.

33) Ashish Kumar Srivastava, Shashi Prakash Dwivedi,
Nagendra Kumar Maurya, and Manish Maurya, "3d
Visualization and Topographical Analysis in Turning
of Hybrid Mmc by Cnc Lathe Sprint 16tc Made of
Batliboi", Evergreen, 7(2), 202-208 (2020).
https://doi.org/10.5109/4055217.

- 1033 -





