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  Abstract 
The study investigates warehouse capacity optimization under dynamic demand 
conditions. By introducing predictive modeling, historical data on order volumes, 
inbound frequency, and inventory fluctuations are analyzed to achieve accurate 
forecasting and dynamic capacity allocation. A hybrid approach combining time-
series analysis and machine learning algorithms is employed to construct the pre-
diction model, while a multi-objective optimization method is used to balance space 
utilization and operational cost. The research further integrates real-time feedback 
and adaptive recalibration mechanisms to ensure model robustness under continu-
ous data variation. The results demonstrate that the proposed approach effectively 
enhances capacity utilization and forecasting accuracy, reduces resource waste, and 
provides reliable technical support for intelligent warehouse management and sus-
tainable logistics operations, achieving an average 15% improvement in storage uti-
lization and a 12% reduction in energy consumption compared with conventional 
static allocation strategies. 
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Introduction 
With the rapid development of global logistics and e-commerce, warehouse systems have become a critical compo-
nent of supply chains for efficient resource allocation. Capacity planning, as an essential part of warehouse man-
agement, directly influences space utilization and operational cost. In environments with frequent demand fluctua-
tions and accelerated product turnover, traditional planning methods based on static parameters or human experience 
fail to support real-time decision-making. Predictive modeling enables proactive and adaptive capacity allocation 
through the analysis and extrapolation of historical data, becoming a key technique for modern warehouse optimi-
zation. By integrating data-driven forecasting mechanisms with multi-objective optimization algorithms, warehouse 
resources can be dynamically allocated and operational strategies refined, thereby improving system efficiency and 
advancing intelligent management capabilities. However, existing studies often treat prediction and optimization 
separately, limiting their effectiveness in dynamic environments. This research bridges that gap by proposing an 
integrated predictive-model-based framework that continuously aligns forecasting results with capacity adjustment. 
Furthermore, the convergence of intelligent prediction and algorithmic optimization establishes a scalable technical 
foundation for autonomous decision-making and long-term digital transformation within global supply networks. 

1. Theoretical Analysis and Modeling Requirements for Warehouse Capacity Optimization 

1.1 Characteristics and Constraints of Warehouse Capacity Optimization 

Warehouse capacity optimization is a dynamic multi-objective resource allocation problem that requires balancing 
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limited space, fluctuating demand, and operational cost [1]. Variations in inbound and outbound flow create cyclical 
fluctuations in capacity utilization, while product volume density, retention period, and dispatch frequency deter-
mine the spatial structure of storage. Physical constraints such as rack load capacity, aisle width, and stacking height 
limit usable space, and equipment capability and energy consumption further influence operational efficiency. High-
load conditions may cause congestion, whereas low-load conditions lead to idle capacity and unnecessary energy 
usage. Effective planning requires temporal and spatial coordination. Optimization models typically consider space 
utilization, turnover time, energy efficiency, and response rate as key indicators. Through weighted parameterization, 
these objectives are balanced to ensure operational feasibility and stability across different load conditions. 

1.2 Predictive Modeling Logic in Capacity Planning 

Predictive modeling plays a central role in warehouse capacity optimization by providing forward-looking estima-
tions based on historical data. The model identifies temporal trends and seasonal patterns in order quantities, in-
bound frequency, and inventory turnover, providing quantitative inputs for dynamic scheduling. Data are smoothed, 
normalized, and cleansed of anomalies to improve stability. The ARIMA model is suitable for periodic sequences, 
the LSTM network captures nonlinear and long-term dependencies, and the XGBoost model achieves high gener-
alization performance with high-dimensional data. Model selection depends on data characteristics and real-time 
requirements, while hybrid strategies can enhance prediction accuracy. The forecasting results serve as key inputs 
for optimization algorithms, enabling dynamic coordination of spatial allocation, inventory control, and scheduling 
strategies to improve responsiveness and resource utilization [2]. 

2. Design of the Warehouse Capacity Optimization Method Based on Predictive Modeling 

2.1 Construction and Training Mechanism of the Predictive Model 

The predictive model is established based on time-series data to quantitatively forecast future capacity demand 
through nonlinear mapping. Let the input sequence be X = {x1, x2, …, xt} and the output yt+k; the prediction 
function is defined as: 

𝑌𝑌�𝑡𝑡+𝑘𝑘 = 𝑓𝑓(𝑊𝑊 ⋅ 𝑋𝑋𝑡𝑡 + 𝑏𝑏)                                  (1) 

where W represents the weight matrix, b the bias term, and f (⋅) the nonlinear activation function. The model is 
trained by minimizing the mean squared error (MSE) expressed as: 

𝐿𝐿 = 1
𝑛𝑛
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)𝑛𝑛
𝑖𝑖=1

2                                  (2) 

Model parameters are updated using gradient descent. Recurrent units are employed to capture temporal depend-
encies in capacity fluctuations, and hidden state transitions enable long-term memory of multidimensional features. 
During training, a sliding-window structure is used to maintain temporal continuity, while normalization eliminates 
discrepancies in feature scales [3]. 

For example, in a North American e-commerce logistics center, historical warehouse data from the past 24 
hours—including inbound and outbound volumes, order quantities, and inventory turnover rates—were selected as 
input features to construct an LSTM prediction model. The dataset was divided into training, validation, and testing 
subsets in a 70:20:10 ratio. The Adam optimizer was used to adjust the learning rate adaptively, with a batch size 
of 64. During training, the loss curve was monitored in real time to dynamically adjust iteration steps and weight 
update strategies. After normalization and time-step unfolding, the model generated a four-hour-ahead capacity 
demand sequence, providing accurate predictive input for subsequent optimization calculations. 

2.2 Capacity Optimization Algorithm Design and Objective Function Construction 

The capacity optimization algorithm uses the predicted capacity demand sequence as its core input and achieves 
dynamic balance among space utilization, energy consumption, and operational cost through a multi-objective func-
tion. The objective function is formulated as: 

𝑚𝑚𝑚𝑚𝑚𝑚 𝐹𝐹 = 𝛼𝛼1(1 − 𝑈𝑈) + 𝛼𝛼2𝐶𝐶 + 𝛼𝛼3𝐸𝐸                          (3) 
where U represents space utilization, C denotes operational cost, and E indicates energy consumption. The coef-

ficients 𝛼𝛼1, 𝛼𝛼2, 𝛼𝛼3 are normalized weighting factors that regulate the priority of each objective. The optimization 
is subject to constraints including total storage capacity, rack load-bearing limits, and operation time windows, 
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ensuring that the feasible solution space meets both physical and operational requirements. An improved Particle 
Swarm Optimization (PSO) algorithm is adopted for computation, using the predicted data as the search reference. 
Particle positions and velocities are iteratively updated to obtain the optimal capacity allocation. The inertia weight 
and learning factors are dynamically adjusted during iterations to maintain a balance between global exploration 
and local convergence. The process terminates when the fitness variation meets the convergence threshold, output-
ting a capacity scheduling matrix and an energy distribution table [4]. 

In a Northern European automated warehouse experiment, the system utilized the predicted 24-hour capacity 
demand curve as the input for the optimization module. The particle swarm was initialized with 80 particles and a 
maximum of 200 iterations, with the inertia weight linearly decreasing from 0.9 to 0.4. Each particle represented a 
distinct combination of capacity allocation and energy scheduling. The fitness function, defined by the objective 
function, evaluated each particle’s overall score. During iterations, the algorithm continuously refined the space 
allocation ratio, energy distribution, and operation time slots until the convergence criteria were satisfied. The final 
output included a capacity allocation matrix and an energy configuration dataset, providing executable scheduling 
guidance for the warehouse system. The optimization and prediction modules interacted through real-time data 
interfaces, forming an integrated dynamic decision framework for coordinated capacity planning. 

2.3 Prediction-Optimization Collaborative Integration Mechanism 

The collaborative mechanism between prediction and optimization establishes a bidirectional feedback architecture, 
forming a closed-loop control between capacity forecasting and optimization computation. The system uses the 
predicted capacity demand vector as the initial input, while the optimization algorithm generates corresponding 
allocation schemes that are fed back to the prediction module for model calibration. The mechanism operates 
through dynamic parameter updating and adaptive model adjustment. When prediction deviation exceeds a prede-
fined threshold, the system automatically triggers retraining to modify model weights and time-window lengths, 
maintaining the forecasting accuracy. In parallel, the optimization module continuously adjusts constraint parame-
ters based on real-time operational data, enabling rolling planning across multiple scheduling periods. Both modules 
operate within a unified data interface to synchronize information flow and parameter updates. 

In a Western European intelligent warehouse system, the prediction module produces short-term capacity demand 
sequences every two hours, and the optimization module performs iterative updates using the latest forecasts. Mes-
sage queues manage communication between forecasting outputs and optimization parameters, while asynchronous 
computation enables both modules to run concurrently. Optimization results are used to correct residual errors in 
the predictive model and refine input features for the next forecasting cycle. Parameter exchange through shared 
memory ensures consistency in timing and computation. This integrated mechanism connects forecasting and opti-
mization into a continuous adaptive loop, providing the operational foundation for the performance validation de-
scribed in the following section [5]. 

3. Model Validation and Performance Evaluation Analysis 

3.1 Warehouse Case Data and Experimental Environment Setup 

The experiment is conducted using operational data from a large automated warehouse in Europe to validate the 
predictive modeling and capacity optimization algorithms. The dataset, collected from the warehouse management 
and energy monitoring systems, includes inbound and outbound volumes, order density, inventory turnover rates, 
and energy consumption records. Data were sampled every 30 minutes over a 30-day period, resulting in more than 
12,000 valid records. After standardizing the time series and interpolating missing values, the processed data were 
used to construct temporal features of capacity demand variations. The experimental environment consisted of high-
performance computing nodes and a distributed database. Model training was implemented using Python and Ten-
sorFlow frameworks on servers equipped with 32-core CPUs, 128 GB RAM, and dual A100 GPUs to support par-
allel computation. The optimization algorithm ran on the same platform, calling prediction results in real time 
through interface communication. A unified data bus ensured seamless integration between the prediction and op-
timization modules, providing a reproducible setup for subsequent performance comparison and parameter valida-
tion. 

3.2 Comparative Analysis of Predictive Model Performance and Results 

To evaluate the applicability of predictive modeling in capacity optimization, three representative models were 
compared: a traditional ARIMA model, an XGBoost-based regression model, and a Long Short-Term Memory 
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(LSTM) network. All models were trained on the same dataset and input features, using a time-step length of 24 
and a prediction horizon of four hours. Performance was assessed using mean squared error (MSE), mean absolute 
error (MAE), root mean squared error (RMSE), and mean absolute percentage error (MAPE). The training-testing 
split was 70:30, with 200 training epochs, a batch size of 64, and an initial learning rate of 0.001 optimized by the 
Adam optimizer [6]. 

The ARIMA model parameters were determined by the Akaike Information Criterion with optimal orders (p, d, 
q) = (2, 1, 2), capturing long-term trends but responding slowly to abrupt fluctuations. The XGBoost model em-
ployed 500 trees with a maximum depth of six and early-stopping regularization. The LSTM model contained two 
hidden layers with 128 neurons each and a dropout rate of 0.2 to enhance sequence memory. Results indicated that 
the LSTM achieved the lowest errors and highest stability under highly dynamic conditions. The convergence curve 
flattened after approximately 50 epochs, with training and validation losses decreasing synchronously, indicating 
stable learning without overfitting. Each experiment was repeated five times to ensure consistency. 

Table 1. Performance Comparison of Predictive Models 

Model Type MSE MAE RMSE MAPE (%) 

ARIMA 0.0248 0.1123 0.1576 4.31 

XGBoost 0.0172 0.0917 0.1312 3.27 

LSTM 0.0095 0.0674 0.0975 2.14 

 
The comparison shows that the LSTM outperforms the other models across all metrics, with MSE and RMSE 

values reduced by approximately 40-50%. XGBoost maintains strong stability for mid-term forecasting tasks and 
generalizes well under volatile conditions, while ARIMA performs reasonably in stationary intervals but struggles 
with nonlinear patterns. The verification process demonstrates that deep recurrent models are more capable of cap-
turing dynamic variations in capacity demand, producing smoother and more concentrated error distributions that 
provide reliable input for subsequent optimization algorithms [7]. 

3.3 Validation and Evaluation of Capacity Optimization Performance 

To verify the adaptability and stability of the optimization algorithm under different operational conditions, the 
capacity demand sequences predicted by the LSTM model were integrated into the optimization module for dynamic 
allocation experiments. The improved Particle Swarm Optimization (PSO) algorithm was employed, with objective 
function coefficients set to 𝛼𝛼1=0.5, 𝛼𝛼2=0.3, and 𝛼𝛼3=0.2, and inertia weight linearly decreasing from 0.9 to 0.4. 
Three typical scenarios—peak load, steady state, and low load—were simulated. Each scenario was iterated 200 
times while recording key indicators such as space utilization, average operation duration, energy consumption, and 
convergence precision to evaluate the algorithm’s responsiveness and convergence performance under multi-con-
straint conditions. 

The experimental results showed that the algorithm effectively adjusted slot allocation and task sequencing during 
high-load conditions, maintaining an average space utilization rate above 92%, approximately 15% higher than that 
of static allocation strategies. Under low-load conditions, the constraint-penalty and adaptive energy scheduling 
mechanisms significantly reduced idle equipment operation, resulting in an average 12% reduction in total energy 
consumption. The convergence curve stabilized after about 120 iterations, with fitness variation below 1.5%, indi-
cating robust convergence and solution stability. Analysis of the capacity scheduling matrix revealed that the system 
dynamically adjusted storage unit occupancy ratios based on real-time predictions and optimized operational paths 
for energy efficiency, achieving dual coordination between spatial configuration and task execution while maintain-
ing multi-objective balance in time, space, and energy dimensions. 

Multi-cycle validation further demonstrated that the integrated prediction-optimization framework maintained 
high scheduling consistency and computational stability during continuous operation. The rolling update mechanism 
of the prediction module effectively mitigated lag and oscillation issues common in static optimization systems, 
allowing stable scheduling and energy control even under high-frequency demand fluctuations. Throughout the 30-
day experimental period, the warehouse system operated smoothly without task congestion or resource idling [8]. 
These findings highlight the practical significance of integrating predictive analytics with optimization algorithms, 
demonstrating that data-driven coordination can substantially improve warehouse resilience and decision autonomy. 
The algorithm achieved dynamic coordination among throughput efficiency, energy utilization, and operational 
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tempo, confirming the scalability and engineering applicability of the predictive-model-based capacity optimization 
framework in complex dynamic environments and providing a reliable technical foundation for long-term intelligent 
warehousing and multi-warehouse coordination. 

4. Conclusion 

This study established a warehouse capacity optimization framework driven by predictive modeling, achieving dy-
namic coordination between demand forecasting and resource allocation. By integrating time-series prediction with 
multi-objective optimization, the system demonstrated strong stability and adaptability under varying load condi-
tions. Experimental validation confirmed that the framework maintained high space utilization and balanced energy 
consumption in fluctuating environments, providing algorithmic support for real-time decision-making in intelligent 
warehousing. The proposed approach offers a reusable technical pathway for integrating forecasting and optimiza-
tion methods, laying a theoretical foundation for future applications in multi-warehouse coordination and cross-
regional logistics systems, with future work aiming to extend this framework toward real-time capacity adjustment 
across interconnected warehouse networks. 
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