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1. Introduction 
Demand forecasting is a critical activity within logistics and supply chain management because it provides the basis for operational and strategic decision-making. Organisations use forecasts to determine inventory levels, allocate warehouse capacity, schedule labour, plan transport activities and manage production resources. As supply chains become more complex and customer expectations continue to increase, forecasting accuracy has become an important contributor to organisational performance and competitiveness (Christopher, 2023). Inaccurate forecasts can result in stock shortages, excess inventory, poor resource utilisation and reduced service levels, all of which increase operational costs and negatively affect supply chain performance (Chopra and Meindl, 2019).
The importance of effective forecasting has increased in response to greater market volatility and the need for supply chains to react quickly to changing customer demand. Traditional forecasting techniques remain widely used due to their simplicity and ease of implementation. Among these, Holt-Winters Exponential Smoothing is one of the most established approaches because it incorporates both trend and seasonal effects within a structured statistical framework (Hyndman and Athanasopoulos, 2021). However, recent advances in Artificial Intelligence (AI) have introduced alternative forecasting methods capable of modelling more complex demand patterns. Artificial Neural Networks (ANNs) can learn directly from historical observations and identify non-linear relationships that may not be fully captured by conventional statistical techniques (Zhang et al., 1998; Khashei and Bijari, 2010).
This report evaluates and compares the forecasting performance of a Holt-Winters Exponential Smoothing model and an AI-based ANN developed in MATLAB using the same historical demand dataset. The dataset is assessed to identify key characteristics including trend, seasonality and demand variation that may influence forecasting performance. Both models are developed, validated and tested against unseen demand observations. Forecast accuracy is evaluated using Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE). The results are then used to assess the suitability of each approach for logistics and supply chain applications, with recommendations supported by quantitative evidence and relevant academic literature.



[bookmark: _Toc241609103]2. Problem Definition and Dataset Assessment 
The dataset comprised approximately twenty years of weekly demand observations. Assessing the underlying characteristics of demand is an essential first step in forecasting because model performance is strongly influenced by the presence of trend, seasonality and demand variability (Makridakis et al., 2020).
Initial analysis identified a clear long-term upward trend, indicating sustained growth in demand throughout the observation period. However, the rate of growth was not entirely consistent, suggesting the presence of non-linear behaviour that may reduce the effectiveness of traditional forecasting approaches.
A strong annual seasonal pattern was also evident, with demand increasing and decreasing at similar points each year. Such seasonality is common within logistics and supply chain operations, where customer purchasing behaviour, production cycles and market conditions follow recurring annual patterns (Chopra and Meindl, 2019).
In addition to annual seasonality, the case study identified promotional activity occurring on a six-week cycle, generating short-term fluctuations in demand. Unlike annual seasonality, these promotional effects create additional variability that may be difficult for conventional forecasting methods to capture accurately.
The coexistence of long-term trend, annual seasonality and shorter promotional cycles creates a challenging forecasting environment. Therefore, an effective forecasting model must be capable of representing both stable seasonal patterns and shorter-term demand variations.
Forecast accuracy has significant implications for logistics and supply chain planning. Accurate forecasts support inventory optimisation, resource allocation, transport planning and customer service performance, while forecast errors can lead to excess stock, stockouts and increased operating costs (Christopher, 2023). Consequently, this dataset provides an appropriate basis for comparing the effectiveness of conventional and AI-based forecasting techniques.
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The first forecasting model developed was the Holt-Winters Exponential Smoothing model, which extends traditional exponential smoothing by incorporating level, trend and seasonal components (Holt, 1957; Winters, 1960).
The demand dataset was divided using an 80:20 chronological split. The first 834 observations were used for training, whilst the remaining 209 observations were reserved for out-of-sample testing. This approach ensured model performance was evaluated using unseen demand data.
As exploratory analysis identified increasing seasonal variation relative to demand levels, a multiplicative Holt-Winters model was selected. A seasonal period of 52 weeks was specified to represent the annual demand cycle observed within the dataset.
The model was configured using the following smoothing parameters:
· Alpha (level) = 0.20
· Beta (trend) = 0.05
· Gamma (seasonality) = 0.30
MATLAB was used to estimate the level, trend and seasonal components throughout the training period before generating forecasts across the test horizon. Model validation was undertaken by comparing forecast values with actual demand observations from the test dataset. Forecast accuracy was assessed using Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE).
One advantage of Holt-Winters is its simplicity, requiring only historical demand data and limited parameter configuration. However, the method assumes relatively stable trend and seasonal structures. As the dataset contained both annual seasonality and a six-week promotional cycle, it was anticipated that the model would have difficulty capturing all sources of variation.
[image: ]
[bookmark: _Toc241609331][bookmark: _Toc241609419]Figure 1: actual demand versus Holt-Winters forecast for the test period
The model successfully captured the overall upward trend and annual seasonal pattern but consistently under-forecast demand during later periods of the test horizon. This indicates that the model was unable to fully capture the increasing demand level and shorter-term promotional fluctuations present within the dataset.
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[bookmark: _Toc241609332][bookmark: _Toc241609420]Figure 2: Forecast residuals (Actual Demand − Forecast Demand) for the Holt-Winters model
Residuals become increasingly positive throughout the test period, indicating a systematic tendency to under-forecast demand. The increasing magnitude of the residuals suggests that the model was unable to fully adapt to the growing demand trend and shorter-term promotional fluctuations present within the dataset. This pattern demonstrates that forecast accuracy deteriorated over longer forecast horizons.
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The second forecasting model was developed using an Artificial Neural Network (ANN). Neural networks are increasingly applied to demand forecasting because they can identify complex non-linear relationships directly from historical data without requiring predefined assumptions regarding trend or seasonality (Zhang et al., 1998).
To prepare the dataset for machine learning, the time series was transformed into a supervised learning problem using a sliding-window approach. Predictor variables comprised the previous twelve weeks of demand together with sine and cosine transformations representing the week of the year. These cyclical features enabled the network to recognise annual seasonality while avoiding discontinuities between Week 52 and Week 1.
The resulting feature set contained:
· Twelve lagged demand observations
· Seasonal sine component
· Seasonal cosine component
This produced a total of fourteen input variables for each observation.
To ensure consistency with the Holt-Winters model, the same 80:20 chronological train-test split was applied. The ANN was trained using 822 observations, with the remaining 209 observations reserved for testing.
The model was developed in MATLAB using the fitrnet regression function. The final configuration consisted of a single hidden layer containing twenty neurons, a ReLU activation function, standardised input features and the LBFGS optimisation algorithm. Predictor standardisation was applied automatically during training to improve convergence and model stability. Training time was approximately 3.4 seconds, demonstrating a modest computational requirement despite the increased model complexity.
Initial validation was undertaken using one-step-ahead forecasting, where actual historical demand values were available for each prediction. This produced excellent performance, achieving a MAE of 383.9, RMSE of 500.1 and MAPE of 2.13%. However, because operational forecasting requires future observations to be predicted without access to actual demand values, a recursive multi-step forecasting approach was subsequently implemented.
The recursive approach uses previous forecast values as inputs for future predictions, creating a more realistic representation of operational demand planning and allowing direct comparison with Holt-Winters. Forecast performance was then evaluated using the same test dataset and error measures applied to the conventional model.
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[bookmark: _Toc241609333][bookmark: _Toc241609421]Figure 3: compares actual demand with the recursive ANN forecast.
The ANN followed the underlying demand pattern more closely than Holt-Winters and was particularly effective at capturing short-term fluctuations, indicating a greater ability to model the complex seasonal and promotional effects present within the dataset.
The improved performance of the ANN is likely attributable to its ability to learn both the annual seasonal pattern and the six-week promotional cycle directly from historical observations. Unlike Holt-Winters, which assumes a fixed seasonal structure, the ANN can model multiple interacting demand patterns simultaneously.
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	Metric
	Holt-Winters
	ANN (Recursive)

	MAE
	5009.9
	594.3

	MSE
	32,575,018
	542,399

	RMSE
	5707.5
	736.5

	MAPE
	27.23%
	3.29%

	Training Time
	<0.1 sec
	3.4 sec


The ANN achieved substantially superior performance across all evaluation metrics. MAE decreased from 5,009.9 to 594.3 units, representing an improvement of approximately 88%. RMSE also reduced significantly from 5,707.5 to 736.5 units, indicating that the ANN was considerably more effective at minimising large forecasting errors.
MAPE provides the most operationally meaningful measure because it expresses forecasting error as a percentage of actual demand. The Holt-Winters model achieved a MAPE of 27.23%, whereas the ANN reduced this to 3.29%, an improvement of almost 24 percentage points.
Before comparing the models, it was necessary to ensure that both forecasting approaches were evaluated under equivalent conditions. Initial ANN validation was conducted using one-step-ahead forecasting, where actual demand observations were available as lagged inputs for each prediction. Whilst this produced excellent results (MAE = 383.9, RMSE = 500.1 and MAPE = 2.13%), it does not represent a realistic demand-planning scenario because future demand values are not known in advance.
Therefore, a recursive multi-step forecasting approach was implemented, whereby each ANN prediction was fed back into the model as an input for subsequent forecasts. This created a like-for-like comparison with the Holt-Winters model, which generated forecasts using only information available at the end of the training period. As expected, forecasting accuracy deteriorated slightly due to the accumulation of forecast errors across the forecasting horizon. However, the recursive ANN still achieved a MAPE of only 3.29%, demonstrating substantially better performance than Holt-Winters.
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[bookmark: _Toc241609334][bookmark: _Toc241609422]Figure 4: presents the recursive ANN forecast compared with actual demand
The ANN closely followed both the underlying trend and seasonal fluctuations throughout the test period, with only limited divergence occurring towards the end of the forecast horizon as prediction errors accumulated.
The superior ANN performance can largely be attributed to its ability to learn both the annual seasonal pattern and the six-week promotional cycle directly from historical observations.
The dataset contained both annual seasonality and a six-week promotional cycle. While Holt-Winters successfully represented the annual seasonal pattern, it was unable to fully capture the additional promotional variation because it assumes a fixed seasonal structure. In contrast, the ANN learned both patterns from historical observations without requiring predefined assumptions.
Although Holt-Winters offers greater transparency and simpler implementation, the substantial improvement in forecasting accuracy achieved by the ANN provides a more reliable basis for operational demand planning, capacity planning, inventory control and resource scheduling.









[bookmark: _Toc241609107]6. Logistics and Supply Chain Implications 
Forecasting performance directly influences logistics and supply chain effectiveness because demand forecasts underpin decisions relating to procurement, inventory management, warehousing, transportation and production planning. Inaccurate forecasts can result in excess inventory, poor resource utilisation and reduced customer service levels, making forecasting accuracy a critical factor in operational performance (Christopher, 2023).
The results demonstrate that the ANN model provides significantly more accurate forecasts than Holt-Winters, achieving a MAPE of 3.29% compared with 27.23%. From a capacity planning perspective, this enables more reliable resource allocation, reducing the risk of both under-capacity and costly excess capacity across warehousing, transport and labour operations (Chopra and Meindl, 2019).
Inventory management is particularly sensitive to forecasting error because inaccurate forecasts often lead to stock shortages or excess inventory. The higher error associated with Holt-Winters would likely require larger safety stock levels, increasing inventory carrying costs. In contrast, the ANN's improved accuracy supports inventory optimisation while maintaining product availability and customer service performance, consistent with the findings of Silver et al. (2017).
Improved forecast accuracy also supports more effective labour scheduling, vehicle allocation and warehouse operations by aligning resources more closely with demand. Similarly, production schedules can be matched more effectively to anticipated demand, reducing disruption, waste and inefficient changeovers (Slack and Brandon-Jones, 2023).
Finally, greater forecasting accuracy enhances supply chain responsiveness by improving demand visibility, supporting faster decision-making and improving order fulfilment performance. Given the substantial reduction in forecasting error achieved by the ANN model, its adoption would provide operational benefits across multiple logistics and supply chain functions while supporting both cost reduction and service improvement objectives













[bookmark: _Toc241609108]7. Conclusion and Recommendation 
This study evaluated and compared the performance of a Holt-Winters Exponential Smoothing model and an Artificial Neural Network (ANN) using the same historical demand dataset in MATLAB. Both models were developed, validated and tested using an identical train-test split to ensure a fair comparison of forecasting performance.
The results demonstrated that the ANN significantly outperformed Holt-Winters across all accuracy measures. The most notable improvement was observed in Mean Absolute Percentage Error (MAPE), which decreased from 27.23% to 3.29%. Similar improvements were achieved for MAE, MSE and RMSE, indicating that ANN forecasts were consistently closer to actual demand values. These findings support previous research suggesting that neural networks can outperform traditional statistical forecasting methods when demand data contains non-linear relationships and multiple interacting influences (Zhang et al., 1998; Khashei and Bijari, 2010).
Holt-Winters offered several advantages, including simplicity, low computational requirements and ease of interpretation. However, its assumption of a fixed seasonal structure limited its ability to capture the full complexity of the dataset. Whilst the model successfully represented annual seasonality, it struggled to accommodate the additional six-week promotional cycle identified during the exploratory analysis.
In contrast, the ANN demonstrated a superior ability to learn complex demand behaviour directly from historical observations. By using lagged demand values and seasonal features as predictors, the model was able to capture both annual seasonality and shorter-term promotional effects without requiring predefined assumptions regarding trend or seasonal structure.
Based on the quantitative evidence and supporting forecasting literature, the ANN is recommended for this demand-planning scenario. Although the model requires greater technical expertise and configuration effort than Holt-Winters, the substantial improvement in forecasting accuracy outweighs these disadvantages. Improved forecast accuracy supports more effective capacity planning, inventory management, resource utilisation, production scheduling and service performance, providing a stronger foundation for logistics and supply chain decision-making.
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