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1|Introduction    

Copper blocks (raw stone blocks extracted from mines) are among the most important primary products in 

the building stone industry, playing a decisive role in the profitability of the supply chain, exports, and the 

development of domestic markets. The price of this product is influenced by multiple factors such as stone 

type, geographic location of the mine, transportation costs, extraction quality, and market conditions. The 

continuous fluctuations of these factors make accurate price forecasting a fundamental challenge in 
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Abstract 

This study aims to develop and evaluate four deep learning models for forecasting the monthly prices offered by 

stone suppliers in Iran. Given the simultaneous influence of temporal factors (such as exchange rate, inflation, fuel 

price, and order volume) and static attributes (including block quality, brand reputation, and cooperation history), 

each model was designed with a dual-input structure to separately process sequential and non-sequential features, 

which are then integrated at a later stage. The implemented architectures include LSTM, Bi-LSTM, Transformer, and 

a hybrid Transformer+LSTM+CLS model. The models were trained and evaluated using data collected from five 

different mines over several months, ensuring robustness and generalizability across diverse supply sources and time 

periods. Model performance was assessed using key evaluation metrics including Mean Absolute Error (MAE), Mean 

Squared Error (MSE), Root Mean Squared Error (RMSE), the coefficient of determination (R²), and validation loss. 

The results indicate that the Transformer model achieved the highest accuracy, with the lowest prediction errors and 

the best generalization capability. The hybrid model also performed comparably well, making it a robust alternative 

for more complex forecasting tasks. In contrast, the Bi-LSTM model underperformed and is less recommended for 

this application. Overall, the findings highlight that combining attention-based architectures with sequential analysis 

provides an effective solution for price forecasting in data-driven and competitive industrial contexts.  
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production planning, sales pricing, and investment decision-making. Traditional pricing methods are mostly 

based on expert experience and static analyses, which, due to data complexity and multiple influencing factors, 

can be inefficient or unreliable.  Recent advances in machine learning algorithms and increased access to 

mining and market data have paved the way for developing intelligent price prediction models. Machine 

learning algorithms, with their ability to identify complex and nonlinear patterns in data, have achieved 

significant success in price forecasting across sectors such as metals, energy, and agricultural products. 

In this study, four advanced deep learning architectures were developed to predict the monthly prices offered 

by stone suppliers in the export market. The primary objective of designing these models was to 

simultaneously leverage temporal (time series) and non-temporal (static) information influencing pricing. To 

this end, the architectures were structured in a dual-branch manner, where time series data and static features 

were processed independently and subsequently fused at an intermediate stage. The models examined include 

Long Short-Term Memory (LSTM), Bidirectional LSTM (Bi-LSTM), Transformer architecture, and a hybrid 

Transformer-LSTM-CLS structure. Their performance was evaluated and compared using various statistical 

metrics.  The findings of this research can significantly assist stakeholders and practitioners in the stone 

industry to make better economic decisions and reduce investment risks by leveraging historical data and 

intelligent analyses. 

2|Literature Review 

Accurate prediction of mineral prices, especially copper ore, is crucial for economic decisions and risk 

management in mining. Tapia Cortez et al. [1] noted traditional methods fail to model complex market 

dynamics well, proposing ML and chaos theory as superior, though economic interpretability remains 

challenging. Combining these approaches suits this study’s focus on ML for copper ore price prediction [1]. 

Shi used a hybrid CNN-LSTM to model nonlinear and temporal patterns in carbon trading prices, reducing 

error by 9% and speeding training by 40%. Despite data dependency and interpretability issues, deep learning 

shows promise for mineral price forecasting [2]. 

In geology, a 2020 Jiangxi study applied Random Forest and CNN to predict tungsten deposits; despite 

CNN’s accuracy, RF’s stability made it preferable, highlighting ML’s strength in complex geological data 

modeling relevant for copper ore price prediction [3]. Blockchain-based mineral land tokenization requires 

precise price forecasting. A 2023 study showed optimized deep neural networks improved mineral land price 

predictions despite high computational costs, aligning with this research’s goals [4]. A 2023 metal price study 

(lead, aluminum, copper, tin) found hybrid LSTM-GRU and LSTM-CNN models outperformed others in 

accuracy and stability, even amid COVID-19 volatility, supporting hybrid models for copper ore forecasting 

[5].  A 2021 review found ANN, SVM, and RF effective in modeling complex geological parameters but noted 

challenges like overfitting and high computation. Hybrid and pretrained models alongside industrial standards 

were recommended to improve adoption and accuracy [6]. 

In energy forecasting, advanced hybrids like 2022’s VMD-A-LSTM-SVR decomposed volatile coal prices for 

better accuracy. Similarly, Kailing Yang et al. [7] combined signal preprocessing with deep learning for 

improved carbon and natural gas price predictions, especially short-term [8]. Electricity markets benefit from 

deep models like GHTnet, which improved sharp price fluctuation predictions by 17.34% MAPE on New 

York power plant data [9]. A 2022 German study compared SARIMA(X), LSTM, CNN-LSTM, and hybrid 

VAR models for next-day electricity prices, finding LSTM best overall, VAR strong short-term, and their 

hybrid further improved accuracy, emphasizing combining traditional and advanced methods [10]. 

In the field of stone, few studies have examined and analyzed real mine data. One such study, conducted in 

2016, used mine data for order allocation, but considered the block stone price based on historical data [11]. 

In copper price prediction, a 2021 study compared GEP, ANN, ANFIS, and ANFIS-ACO, with ANN 

performing best (RMSE=356.51, R²=98.1%), confirming AI’s ability to model complex metal markets [12]. 

A 2023 study proposed a CNN-LSTM-ARMA hybrid for financial time series forecasting under 

environmental change, outperforming individual models in accuracy and stability [13]. 
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For stock prices, a 2020 hybrid ANN model accurately predicted Tehran stock exchange trends by optimizing 

key economic inputs [14]. Kiani Mavi et al. [15] used MLP with backpropagation for precise next-day stock 

prediction. Studies in 2024 found PSO-optimized LSTM-CNN hybrids superior in modeling financial factors 

[16]. Farmani and Jahangiri [17] showed PSO outperformed GA and GWO for LSTM tuning. An XGBoost-

LSTM hybrid excelled in Bitcoin price forecasting, offering a potential framework for copper ore prediction 

[18]. 

Finally, a 2024 review showed ML methods achieve strong real estate price prediction but face interpretability 

and integration challenges. Combining qualitative/quantitative factors and dynamic models enhances 

accuracy and global market analysis, aiding stakeholders [19]. 

In summary, hybrid machine learning models incorporating signal preprocessing, deep neural networks, and 

optimization algorithms have significantly improved the accuracy and robustness of price forecasting across 

various domains, including mineral commodities, energy, financial assets, and real estate. These advancements 

pave the way for enhanced copper ore price prediction and support strategic decision-making and risk 

management in the mining sector. 

 Building upon existing literature that highlights the strong performance of deep learning models such as 

LSTM, Transformer, and hybrid architectures in forecasting metal and mineral prices, this study introduces a 

dual-input structure to simultaneously incorporate sequential and non-sequential features in predicting export 

stone prices. The evaluation of four models, LSTM, Bi-LSTM, Transformer, and a hybrid 

Transformer+LSTM+CLS, demonstrates the superiority of attention-based architectures and the hybrid 

model over traditional models like Bi-LSTM in terms of accuracy and generalization. This innovative 

approach, in contrast to previous research focusing mainly on industrial metals and financial markets, 

underscores the importance of combining sequential analysis with attention mechanisms to enhance deep 

learning performance in competitive, data-driven industries. 

3|Methodology 

3.1|Data and Preprocessing 

The dataset used in this study comprises monthly records collected from five different stone mines, all of 

which have been continuous suppliers of raw materials to Almas Stone Factory, located in Qom, for the past 

ten years. Due to the large volume of data, a portion of the data related to five suppliers is presented in       

Table 1. The model variables are divided into two main categories: The first includes temporal features such 

as exchange rate, diesel fuel price, inflation rate, and order volume; the second consists of static features 

including stone block quality, mine brand score, supplier cooperation history, and the current month's price. 

Categorical features such as stone block quality and mine brand score were encoded using an ordinal encoding 

scheme to preserve their relative order. The mine identifier was one-hot encoded, enabling the model to 

differentiate between mines without introducing ordinal bias. 

After normalization using MinMax scaling, we applied a sliding window technique to extract fixed-length 

input sequences. Specifically, for each mine independently, we constructed input windows of six months and 

predicted the price for the following month. This approach produced a sequence input capturing temporal 

trends and a static vector representing contemporaneous features at the prediction point. 

We performed a time-based 80/20 split per mine, using the earliest 80% of each mine’s samples for training 

and the remaining 20% for validation. No data shuffling was performed to prevent temporal leakage. This 

ensured that all validation predictions were made on strictly unseen future data. By processing each mine 

separately and feeding the resulting windows in parallel, the models were able to learn both global patterns 

across mines and local variations within each mine. This strategy balances generalization and specificity, which 

is especially important in low-data forecasting contexts like this one. 
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3.2|Implementation Environment and General Settings 

All models were implemented in Python using the TensorFlow, Keras, NumPy, and Pandas libraries. The 

Adam optimization algorithm was employed in all architectures with an initial learning rate of 0.001. Model 

performance was evaluated based on Mean Squared Error (MSE), Mean Absolute Error (MAE), and the 

coefficient of determination (R²). The training process was executed for 300 epochs with a batch size of 32. 

To improve convergence and reduce overfitting, a learning rate reduction strategy was applied: the learning 

rate was decreased by a factor of 0.1 if the validation loss did not improve for 10 consecutive epochs. Early 

stopping was not used; instead, the model with the lowest validation loss was saved. 

Table 1. Mine-specific features influencing the price of stone blocks. 

 

 

 

4|Model Architectures 

4.1|Model 1: Dual-Path LSTM Network 

The first proposed model is based on the LSTM recurrent neural network. Due to its ability to capture long-

term temporal dependencies, LSTM is one of the most effective architectures for time series analysis. In this 

model, time-series data, comprising six time steps with twelve features per step, are fed into a unidirectional 

LSTM layer with 32 units to learn temporal dependencies. In parallel, a separate branch processes non-

sequential (static) features using a Dense layer with 32 neurons and ReLU activation. The outputs from both 

branches are concatenated and passed through a fully connected layer with 32 neurons, followed by a final 

output layer producing a single scalar prediction. This architecture integrates sequential trends and static 

contextual attributes into a unified forecasting framework. 

4.2|Model 2: Bidirectional LSTM (Bi-LSTM) 

The second architecture explores a Bidirectional LSTM (Bi-LSTM) layer in place of the standard LSTM. Bi-

LSTMs process sequence data in both forward and backward directions, which can be beneficial in contexts 

where the full sequence is available and temporal dependencies are symmetric. However, in time-series 

forecasting, where only past information should influence future predictions, this approach can introduce 

modeling inconsistencies. In our case, the Bi-LSTM-based model used the same lookback structure and static 

feature processing as the previous architecture but replaced the LSTM with a Bi-LSTM layer containing 16 

units. 

4.3|Model 3: Transformer Based on Attention 

The third model adopts a Transformer encoder architecture to capture complex temporal dependencies 

within fixed-length input sequences. The time-series branch begins with a Dense projection layer that maps 

the 12-feature input at each of the six time steps to a 32-dimensional latent space. To preserve the temporal 

order, sinusoidal positional encoding is added to the projected input. This sequence is then passed through a 

single Transformer encoder block consisting of multi-head self-attention (2 heads) and a position-wise feed-

forward network (hidden size = 32), with residual connections and layer normalization. To reduce the 

sequence to a fixed-size representation, global average pooling is applied over the time dimension. A second 

branch processes the static features via a 32-unit Dense layer with ReLU activation. The outputs of both 

branches are concatenated and passed through a 64-unit Dense layer and a final linear output layer predicting 

 Date Dollar 
Price 

Diesel Price 
(Per Liter) 

Inflation 
Rate 

Order 
Volume 

Block 
Quality 

Mine 
Brand 
Score 

Supply 
History 

Price 
Per Ton 

Mine March–April 26200 3450 3.5 500 Very good Excellent 6 1900000 
Mine March–April 27500 3450 3.5 1000 Very good Excellent 10 1200000 
Mine March–April 27500 3450 3.5 2000 Average Average 4 296000 
Mine March–April 27500 3450 3.5 1500 Good Average 3 880000 
Mine March–April 27500 3450 3.5 1000 Average Average 5 950000 
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the price. This model allows the attention mechanism to dynamically weight relevant time steps, making it 

particularly suitable for learning variable-length dependencies in economic time-series forecasting. 

4.4|Model 4: Hybrid Transformer-LSTM-CLS Architecture 

The fourth architecture combines LSTM and Transformer components to jointly capture short-term temporal 

patterns and long-range dependencies. The sequential input is first processed by a unidirectional LSTM layer 

(32 units) to extract local sequence representations. These are projected to a fixed embedding size (32 

dimensions) and prepended with a learnable [CLS] token, a vector trained to summarize sequence-level 

information. Sinusoidal positional encoding is applied to the extended sequence to retain temporal ordering. 

This input is passed through a Transformer encoder block with multi-head self-attention (2 heads) and a feed-

forward network (64 hidden units), using residual connections and layer normalization. The final output is 

derived from the CLS token, which acts as an aggregate representation of the sequence. A separate static 

feature branch processes contemporaneous non-sequential attributes through a 32-unit dense layer. The CLS 

representation and static vector are concatenated and passed through a 64-unit dense layer before producing 

a single scalar prediction. This hybrid design leverages the sequential modeling strength of LSTMs with the 

global context-awareness of Transformers, making it particularly suited to complex, low-signal forecasting 

scenarios. 

5|Results and Model Evaluation 

This section presents the predicted monthly prices for stone suppliers generated by the four machine learning 

models developed in this study. Each model aimed to forecast the prices for five different mines (Mine1 to 

Mine5), incorporating both time-series and static features. The predicted values are summarized as follows: 

I. The Transformer model delivered highly accurate predictions, particularly for Mine1, where the forecasted 

value reached 9,171,733 units. This demonstrates the model’s strong ability to identify complex patterns and 

long-range dependencies within the data. 

II. The hybrid Transformer+LSTM+CLS model also performed well, especially in predicting prices for Mine2, 

with a value of 6,163,421 units. By combining the capabilities of both Transformer and LSTM architectures, 

this model achieved high prediction accuracy across various mines and effectively captured price fluctuations. 

III. The classical LSTM model yielded relatively balanced predictions, with a forecast of 3,278,542 units for 

Mine5. This suggests that the model performs reasonably well under simpler data structures and limited 

information. 

IV. The Bi-LSTM model, although theoretically capable of analyzing sequences bidirectionally, produced 

relatively higher predictions for mines such as Mine3 and Mine4. This might indicate potential overestimation 

or a heightened sensitivity to data fluctuations. Table 2 shows the forecasted prices. Figs. 1-5 present the 

comparative charts of actual and predicted prices obtained through four different approaches for five mines. 

Table 2.  Predicted prices of mines using four approaches. 

 

 

 

 

 

 Model 1 Model 2 Model 3 Model 4 

Mine 1 8,788,494 9,082,147 9,171,733 8,770,374 
Mine 2 5,219,032 6,060,400 4,989,906 6,163,421 
Mine 3 1,846,940 2,502,085 2,008,066 1,628,411 
Mine 4 3,152,467 3,512,632 2,963,536 2,793,401 
Mine 5 3,278,542 3,897,877 3,020,922 2,648,285 
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Fig. 1. Comparison of actual and predicted prices for Mine 1. 

Fig. 2. Comparison of actual and predicted prices for Mine 2. 

Fig. 3. Comparison of actual and predicted prices for Mine 3. 

Fig. 4. Comparison of actual and predicted prices for Mine 4. 

Fig. 5. Comparison of actual and predicted prices for Mine 5. 

In the following, to determine the best approach, the performance of four predictive models, LSTM, Bi-

LSTM, Transformer, and the hybrid Transformer+LSTM+CLS, is evaluated based on five key metrics: MAE, 

MSE, Root Mean Squared Error (RMSE), Coefficient of Determination (R²), and validation loss (val_loss). 

These criteria provide a comprehensive view of both the accuracy and the generalization capability of the 

models. 

The classical LSTM model, with 8,289 parameters, demonstrated acceptable performance. It achieved an 

MAE of approximately 329,760 indicating a moderate average prediction error. The RMSE of 403,002 and 

R² value of 0.9701 suggest that the model could explain over 97% of the variance in the price data. The 

validation loss of 0.00452 further supports its generalization capability. Overall, this model strikes a good 

balance between simplicity and predictive performance. 

Despite having 15,073 parameters and the same training duration, the Bi-LSTM model underperformed 

relative to its unidirectional LSTM counterpart. It produced the highest MAE (479,072) and RMSE (590,329), 
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and the lowest R² score (0.9359) among all models. These results likely stem not from overfitting or excess 

complexity, but from the Bi-LSTM’s bidirectional structure, which is misaligned with the nature of forecasting 

tasks. Since future time steps are not available at inference, training with bidirectional context can lead to 

temporal leakage or inconsistent learning dynamics. This makes Bi-LSTM architectures less suitable for time-

series forecasting where causal direction is crucial. 

The Transformer-based model, with 15,713 trainable parameters, demonstrated the strongest overall 

performance among the architectures evaluated. It achieved the lowest MAE (230,432) and RMSE (302,412), 

along with the highest R² score (0.9832), indicating high accuracy in predicting future prices. Its validation 

loss of 0.00121 suggests strong generalization to unseen data. The model’s attention mechanism likely played 

a central role in this performance, enabling it to effectively capture long-range dependencies and complex, 

non-linear relationships within the time-series data. 

Table 3. Comparison of  approaches based on evaluation criteria. 

 

 

 

 

A comprehensive comparison of the four models reveals that each architecture has its strengths and 

limitations: 

I. The Transformer model delivered the best results (MAE: 230,432; RMSE: 302,412; R²: 0.9832; val_loss: 

0.00121), capturing long-term and non-linear dependencies through self-attention. Its architecture proved 

highly effective for the pricing task. 

II. The hybrid Transformer+LSTM+CLS model closely matched the Transformer (MAE: 239,869; R²: 0.9823) 

by combining LSTM’s sequential modeling with Transformer attention. However, the added complexity 

(20,033 parameters) offered limited benefit, likely due to representational redundancy in a low-data setting. 

III. The LSTM model performed reasonably well (MAE: 329,760; R²: 0.9701), offering a strong balance between 

simplicity and accuracy. It remains a good option when computational or data constraints exist. 

IV. The Bi-LSTM model, despite its theoretical ability to model bidirectional dependencies, performed the worst 

(MAE: 479,072; R²: 0.9359). This was not due to overfitting, but rather the model’s use of future context 

during training, which contradicts the causal nature of forecasting. While Bi-LSTM can be effective in other 

sequence tasks, it is unsuitable here unless modified to respect time order. 

In conclusion, the Transformer model is recommended as the most effective approach for predicting stone 

suppliers' prices in this study. The hybrid model can also be considered for scenarios demanding more 

nuanced modeling of both long-range and local patterns. The LSTM remains a practical option for lightweight 

applications, whereas Bi-LSTM requires cautious use and further adaptation for effective deployment. 

6|Conclusion and Future Research 

In this study, four deep learning architectures, LSTM, Bi-LSTM, Transformer, and a hybrid 

Transformer+LSTM+CLS, were developed and evaluated to forecast monthly prices offered by stone 

suppliers in the export market. Each model followed a dual-branch design, enabling simultaneous processing 

of sequential (time-series) and static (supplier-specific) features, which were later fused to enhance prediction 

accuracy. 

Evaluation results showed that the Transformer model outperformed all others, benefiting from its attention 

mechanism and ability to model long-range dependencies. The hybrid Transformer+LSTM+CLS model also 

performed competitively, suggesting that combining LSTM’s sequential encoding with self-attention can offer 

 Model 1 Model 2 Model 3 Model 4 

MAE 329,760 479,072 230,432 239,869 
MSE 1.6241E+11 3.48488E+11 91453229764 95992419627 
RMSE 403,002 590,329 302,412 309,826 
R2 0.9701 0.9359 0.9832 0.9823 
val_loss 0.00452 0.00736 0.00121 0.00127 
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robust modeling for complex price dynamics. In contrast, the Bi-LSTM model performed the worst, not due 

to overfitting, but because its bidirectional structure can unintentionally use future information during 

training, making it misaligned with causal forecasting tasks. 

The key takeaway is that attention-based and hybrid architectures are well-suited for capturing the nonlinear 

and temporal complexities inherent in export pricing. Their ability to process heterogeneous features in 

parallel makes them valuable tools for data-driven pricing strategy. 

Future Research Recommendations: 

I. Expand dataset size and scope: Incorporating more data across suppliers, regions, and time periods could 

improve generalizability and robustness. 

II. Integrate competitive and environmental variables: Including additional factors such as export regulations, 

global stone market indices, and competitor pricing strategies may enhance model accuracy and practical 

applicability. 

III. Develop adaptive forecasting models: Considering the volatile nature of export markets, implementing 

adaptive models that can dynamically adjust to environmental changes would significantly increase the 

models' real-world utility. 

IV. Implement real-time decision support tools: Building intelligent user interfaces or dashboards powered by 

these models could assist market analysts and sales managers in making informed, data-driven decisions. 
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