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Research on market demand forecasting for wood furniture supply chain
based on the AMBOP-SRC model

Qu Junlin, Pang Yan, Wang Zhongwei

(Central South University of Forestry & Technology, Changsha 410004, Hunan, China)

Abstract: [Objective] Market demand in the wood furniture supply chain is strongly affected by seasonal fluctuations, unexpected
disturbances, and multi-factor coupling, which often limits the accuracy and stability of traditional single forecasting models. To address
this issue, an AMBOP-SRC model is proposed for market demand forecasting in the wood furniture supply chain, with the aim of
improving forecasting accuracy, robustness, and generalization capability. [Method] First, the wood furniture sales data were cleaned,
normalized, and aggregated at the weekly level to construct a demand time series. Then, a SARIMA model was employed to capture
the linear trend and seasonal patterns of the demand series, and the initial residuals were extracted. Next, an SVR model optimized by
particle swarm optimization (PSO-SVR) was used to fit the nonlinear fluctuations contained in the residual series. On this basis, an
adaptive movement block optimization procedure (AMBOP) algorithm was introduced to dynamically optimize the parameters and
collaborative forecasting process of the hybrid model, thereby improving search efficiency and prediction stability in a high-dimensional

parameter space. Finally, ablation experiments, comparative experiments, and generalization experiments were conducted, and model
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performance was evaluated using indicators such as RMSE and MAE. [Result] Ablation experiments demonstrate that the absence of

any component in the AMBOP-SRC forecasting model leads to a significant decline in predictive performance. The AMBOP method not

only optimizes model parameters but also effectively balances the relationship between seasonal fluctuation modeling and emergency

response, achieving deep adaptation to the characteristics of the furniture industry. Performance comparison experiments show that the

AMBOP-SRC forecasting model significantly outperforms classical forecasting methods in the corresponding field, effectively improving

the accuracy and interpretability of wooden furniture supply chain demand forecasting. Generalization experiments indicate that the

AMBOP-SRC forecasting model exhibits strong adaptability across different datasets, making it applicable to demand forecasting in key

stages of the wooden furniture supply chain. [ Conclusion] The AMBOP-SRC forecasting model is highly suitable for wooden furniture

supply chain demand forecasting, featuring high prediction accuracy and excellent generalization performance. Its results provide crucial

decision-making references for furniture enterprises in optimizing inventory turnover rates and dynamically adjusting production plans,

thereby enhancing supply chain resilience.

Keywords: wood furniture; supply chain; demand forecasting; AMBOP-SRC
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Table 1 Example of data structure after data cleaning
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quantity cost

January 2017 5 25.26 0.5 11.92
January 2018 4 166.71 0.6 9.81
January 2019 2 57.39 0.2 8.30
January 2020 2 132.87 0 9.63
January 2021 7 122.07 0.6 12.56
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Table 2 Example of a data structure aggregated by week

17 5. H A Order date 17§40 & Order quantity

1 January 2017 5
8 January 2017 53
15 January 2017 58
22 January 2017 50
29 January 2017 37
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Fig.3 Schematic diagram of PSO-SVR model training samples
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Table 4 Comparison of experimental results for model
parameter optimization using different algorithms

RN L
Algorithm and model My  Mye/% Ry R
combination
PO+SRC 30.56 25.71 36.89 0.42
RS+SRC 29.94 24.45 35.74 0.48
DE+SRC 27.88 21.96 30.92 0.60
SA+SRC 25.69 20.89 30.88 0.62
BO+SRC 33.90 22.46 33.76 0.59
GS+SRC 20.70 18.42 28.45 0.69
AMBOP+SRC 16.71 14.46 23.76 0.71
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Table 5 Comparison of model component ablation
experiment results

TP
Model component My Muypr /%  Ryse R’
combination

SARIMA 32.55 25.27 39.97 0.52
SVR 33.90 22.46 33.76 0.59
SARIMA+SVR 30.71 20.55 31.79 0.62
AMBOP+SVR 20.71 18.46 28.76 0.68
AMBOP+SARIMA 20.70 18.42 28.45 0.69

AMBOP+SARIMA+SVR 16.71 14.46 23.76 0.71
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Table 6 Comparison of experimental results for different
prediction model performance

T

Prediction model My Mawr 1% Ruse K
LSTM 41.45 26.89 38.96 0.43
XGBoost 36.32 23.45 32.64 0.52
SARIMA 32.55 25.27 39.97 0.52
SVR 33.90 22.46 33.76 0.59
Prophet 32.46 22.32 33.45 0.60
Tensor-Forecast 32.40 22.24 33.24 0.60
Informer 32.18 22.05 32.77 0.61
N-BEATS 31.26 21.46 32.20 0.61
PatchTST 20.71 18.46 28.76 0.68
AMBOP-SRC 16.71 14.46 23.76 0.71
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Table 7 Comparison of model generalization experiment results

HE4E Data set My Mype /%  Ryge R
Furniture Price Prediction-1 19.89 18.76 26.89 0.61
Furniture Price Prediction-2  15.62 12.11 2345 0.66
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