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Abstract: With the rapid growth of e-commerce, distribution centers are facing serious challenges
caused by a sharp increase in SKU variety and highly fragmented orders. Picking operations have
become the main bottleneck restricting warehouse efficiency. This research intends to solve the problem
where traditional experience-based layout lags behind dynamic business needs by using a data-driven
way. Recency weighted dynamic EIQ evaluation model. Through the introduction of a time decay
function, the model can capture recent changes in the popularity of SKUs and achieve more timely ABC
classification. Then, to examine the relationship among items, we use SVD to lower the size of the high-
dimensional co-picking matrix. Hierarchical clustering is then used to find SKU association clusters.
Finally, a cluster-aware storage allocation algorithm is created to allocate high-value clusters to the
best physical places. Simulation experiments based on actual orders from a logistics center in eastern
China indicate that the proposed method cuts the average walking distance during picking by 19.34
percent. This greatly speeds up order fulfillment and reduces labor costs.

Keywords: Warehouse operations, Storage location assignment, R-EIQ model, Singular value
decomposition, Association mining, Cluster analysis

1. Introduction

In today's smart logistics and supply chain systems[1], [2], warehouses play an important role as key
nodes that link production with consumption. Their operation efficiency has a direct effect on how fast
the whole supply chain responds. As e-commerce keeps growing, orders get smaller, happen more often,
and need deliveries quickly. This makes traditional experience-based management methods insufficient
for handling the rapid growth of SKU variety. Previous studies show that picking operations often
account for about half of the total operating cost of a warehouse. Among these costs, ineffective walking
time by pickers is the main source of inefficiency. Therefore, optimizing storage location[3] assignment
and spatial layout to shorten picking routes at the source has become a key concern for both academia
and industry.

Existing warehouse optimization[4], [5] studies mainly focus on static layouts and heuristic path
planning[6]. Classic storage assignment strategies, such as turnover-based and correlation-based rules,
can improve efficiency to some extent. However, they show clear limitations when facing dynamic e-
commerce demand. Many studies apply intelligent optimization algorithms, such as genetic
algorithms[7], [8] and ant colony algorithms[9], to restructure storage layouts. Although these methods
can find near-optimal solutions through large-scale search, they often ignore the time-varying nature of
SKU demand. For example, certain products may experience a sharp increase in outbound frequency in
a short period due to promotions or seasonal effects. A static evaluation model can’t reflect this kind of
short-term popularity change over time. It results in a spatial imbalance of hotspots and local congestion
on picking routes.

Product association analysis has been discussed before, but it hasn't been much used for making good
space plans. Traditional methods, like the Apriori algorithm[10], struggle with large SKUs and have
trouble finding hidden connections in sparse data. Many studies only describe things like "Product A and
Product B are often bought together," but they don’t turn these ideas into actual numbers for shelf
placement. This gap between what we expect and what happens makes it hard for complex grouping
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methods to help with warehouse setup. To solve this, this research presents a simple, data-driven system.
The main idea is to add a recency weighting method to improve traditional EIQ analysis, helping the
model respond faster to recent changes in SKU performance. Secondly, singular value decomposition is
employed to tackle the sparsity and high dimensionality of the association matrix. Then, clustering is
done in a lower-dimensional latent space to show more hidden picking together patterns. Lastly, a cluster-
aware storage mapping mechanism is created to transform logical clusters into actual groups inside the
warchouse. The main contribution of this study is to extend the dynamic storage assignment model
theoretically and prove practically that algorithm-driven decision-making can improve the efficiency of
the warehouse without increasing hardware investment.

2. Methodology

This study creates a data-driven warehouse optimization system to solve the conflict between SKU
placement and picking efficiency via mathematical modeling. Framework begins with a thorough
investigation of order features. By means of dynamic weightings, spatial feature mappings, and cluster
aggregations, it makes scientific storage allocation choices.

2.1 Dynamic EIQ Evaluation Model with Recency Weighting

In order to measure the true value of a SKU under constantly changing market conditions, this
research goes past the conventional static stats and creates an R-EIQ model that has a time-decay feature.
The main assumption is that the influence of old orders on the forecast for new ones will decrease
exponentially as time passes.

First, an order weight function is defined. Let the order timestamp be t, and the current analysis time
be T. The original weight w(t) follows an exponential decay rule:

w(t) = e MO ()

where A is the decay factor reflecting the intensity of business fluctuation. Based on this weight, the
weighted outbound frequency (Entry) of SKU; is redefined. Let O; be the set of orders involving SKU s
during the period. The weighted Entry index R (%) is defined as:

Rg (i) = Yjeo;, w(t)) (2)

Similarly, the outbound quantity (Quantity) Ry (i) and the city flow indicator (Item) R; (i) are also

calculated using weighted values. To eliminate scale differences, range normalization is applied. Taking
Rg as an example:

t max(Rg)—min(REg)

57 = _Re@-min(Rp) 3)

The normalized indicators E;, Q;,I; € [0,1] are then combined into a comprehensive evaluation
function using a weighted linear form:

Score; =a-E{+B -1, +v-0Q; O]

where a + [ + y = 1. To further reflect spatial cost in picking operations, a spatial correction factor
s; is introduced. It is determined by the dispersion of the physical storage locations of the SKU. The final
evaluation score is defined as:

f(@@) =Score; - (1+n-5s;) %)

where p is the spatial adjustment coefficient. This score serves as the basis for subsequent ABC
classification and storage priority determination. The classification results are shown in Figure 1.
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Fig. I Distribution of R-EIQ and ABC classification results
2.2 SVD-Based Representation and Clustering of SKU Co-Picking Associations

Individual SKU value alone is not sufficient to optimize picking paths. Product association is key to
achieving cluster-based picking. This study constructs a co-picking matrix and applies dimensionality
reduction to uncover latent relationships among SKUSs.

First, a co-picking matrix C € R™™ is constructed. The element C;; represents the weighted
frequency with which SKU; and SKU; appear together in the same order. As shown in Figure 2, the

matrix is highly sparse. Direct association calculation would introduce noise. Therefore, singular value
decomposition (SVD) is used for low-rank approximation.

Co-pick Matrix Heatmap (Top 50 SKU)
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Fig. 2 Heat map of the co-picking matrix

The matrix C is decomposed as:

c=uzvT (6)
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where the singular values in £ = diag(ay, g5, ..., 0;,,) are arranged in descending order. The top k
singular values and their corresponding vectors are selected to form a reduced feature space. The feature
vector of SKU; is expressed as:

Ui = Up (i,)y/ 2k @)
In the k-dimensional latent space, cosine similarity Sim(i, j) between two SKUs is calculated as the
clustering distance:
BB
Sim(i,j) = ——2— 8
D) = G ®
Agglomerative hierarchical clustering is then applied. Each SKU starts as an independent cluster. The
most similar clusters are merged iteratively until the stopping condition is met. The goal is to maximize
intra-cluster similarity and minimize inter-cluster similarity. The singular value distribution is shown in

Figure 3, and the clustering result is shown in Figure 4.
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Fig. 3 Singular value distribution from SVD
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Fig. 4 Scatter plot of SKU clustering results
2.3 Logic of the Cluster-Aware Storage Assignment Algorithm

The essence of storage optimization is to map high-value clusters to physical locations with the lowest
picking cost. The proposed cluster-aware algorithm performs layout optimization through a two-stage
mapping process.

Stage 1: Slot cost modeling.
For any storage slot L(x,y), the walking cost to the picking and checking start point Py(xg, ¥o) is
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defined. Under a rectangular fishbone or standard shelf layout, Manhattan distance is used:
D(Ly) = |xj — xo|l + |¥; — Yol )

Slots are sorted in ascending order of D(L;) and divided into a golden zone P, a regular zone P,, and
a peripheral zone P;. The division is shown in Figure 5.
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Fig. 5 Slot mapping and warehouse coordinate modeling
Stage 2: Cluster-level assignment.

Let G = {G4, Gy, ..., G,,} be the set of SKU clusters. The comprehensive value index of cluster V(Gy,)
is defined as:

V(Gi) = Xiegy, f(D) - In(1+ |Gy [) (10)

Clusters |Gy | are sorted in descending order of V(G},) and assigned as a whole to corresponding slot
zones. Within each cluster, a centroid convergence rule is applied to ensure that highly associated SKUs
are placed in the same aisle or adjacent facing slots. This allocation logic compresses picking routes
through strong association constraints and ensures path optimality at the physical level.

3 Experiments and Results
3.1 Data Description

A high-fidelity order replay simulation system is adopted to recreate the actual working environment
of an East China logistics center. So that the proposed optimization method can be practically feasible.
Data from the competition dataset is given, which includes specific warchouse details such as shelf
coordinates, aisle widths, and picking starting points. These data constitute a digital two-dimensional
coordinate system.

Time selection adopts a strict time-based division method. Orders from 90 days before the model date
are taken as the training set for calculating R-EIQ indicators and constructing the co-picking clustering
model. To check if it can generalize well, we use 10,000 actual orders from the next 30 days as a separate
test set. It prevents memory effect and allows objective assessment of unseen orders. In preprocessing,
Winsorization is applied to the quantity fields and long-tail SKUs are removed to minimize noise and
provide a fair baseline comparison.
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3.2 Result Analysis

Test orders are simulated with paired layouts before and after optimization. Detailed comparison
results are obtained. An optimized layout has an obvious efficiency advantage. The average picking
distance reduces from 302. 62 in the baseline layout to 244. 09, which means a decrease by 19. 34%.
This change can be seen in the distance distribution. As seen in Fig. 6, the optimized paths move towards
the lower distance range. It means less walking cost and good aggregation of valuable SKUs and closely
related groups.

Picking Distance Distribution: Before vs After Optimization
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Fig. 6 Comparison of picking distance distributions

Figure 7 shows the comparison of average picking distance.
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Fig. 7 Comparison of average picking distance

Further operation analysis shows that it has a big effect on the ability to fulfill orders. Picking time at
the 95th percentile drops by 40%-50%, meaning it performs well even when many orders come in. Path
variance is reduced by 35%-55%, making it easier to predict operations and increase capacity. Labor-
wise, daily work hours go down by 30%-50%, improving performance. To ensure the results are reliable,
a paired t-test was done on the data before and after optimization. The t-value is 13.61, and the p-value
is close to 0, which shows a clear improvement over the old layout. This method boosts system efficiency
using algorithms without changing the hardware.
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4. Conclusion

This study looks at the operation data from a logistics center in East China and shows that dynamic
demand recognition and grouping products can improve warchouse operations. The results show that
using the R-EIQ model with SVD can identify the main product areas and related product groups. The
proposed Cluster-Aware Storage Assignment Algorithm has made complex order patterns easier to
understand and apply to the layout. Compared to the original layout, the new plan reduces picking
distance, speeds up order fulfillment, and lowers labor hours. These results are supported by data.

The method doesn’t require expensive automation tools. Instead, it improves management efficiency
with better algorithms, making it easy to apply in other situations. However, there are still some
limitations. The current model mainly works with offline batch processing. Future work will explore real-
time systems that can adjust layouts automatically when there are promotions or seasonal changes. The
study will also look at traffic flow inside the warehouse to improve picking paths and create a more
accurate digital twin warehouse improvement plan.
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