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Abstract: The last-mile delivery crisis, exacerbated by the surge in e-commerce demands,
continues to face persistent challenges. Logistics companies often overlook the possibility
that recipients may not be at the designated delivery location during courier distribution,
leading to interruptions in the delivery process and spatiotemporal mismatches between
couriers and users. Parcel lockers (PLCs), as a contactless self-pickup solution, mitigate
these mismatches but suffer from low utilization rates and user dissatisfaction caused
by detour-heavy pickup paths. Existing PLC strategies prioritize operational costs over
behavioral preferences, limiting their real-world applicability. To address this gap, we
propose a user-centric path planning model that integrates spatiotemporal trajectory mining
with kernel density estimation (KDE) to optimize PLC selection and conducted a small-scale
experimental study. Our framework integrated user behavior and package characteristics
elements: (1) Behavioral filtering: This extracted walking trajectories (speed of 4–5 km/h)
from 1856 GPS tracks of four campus users, capturing daily mobility patterns. (2) Hotspot
clustering: This identified 82% accuracy-aligned activity hotspots (50 m radius; ≥1 h
stay) via spatiotemporal aggregation. (3) KDE-driven decision-making: This dynamically
weighed parcel attributes (weight–volume–urgency ratio) and route regularity to minimize
detour distances. Key results demonstrate the model’s effectiveness: a 68% reduction
in detour distance for User A was achieved, with similar improvements across all test
subjects. This study enhances last-mile logistics by integrating user behavior analytics
with operational optimization, providing a scalable tool for smart cities. The KDE-based
framework has proven effective in campus environments. Its future potential for expansion
to various urban settings, ranging from campuses to metropolitan hubs, supports carbon-
neutral goals by reducing unnecessary travel, demonstrating its potential for application.

Keywords: last-mile delivery; parcel lockers; path planning; campus logistics; kernel
density estimation; user preferences; spatial–temporal analysis

1. Introduction
According to the National Bureau of Statistics of China, in 2024, the volume of express

deliveries in China surpassed 170 billion, representing a 21% increase from the previous year.
The burgeoning volume of logistics in China has exerted substantial pressure on terminal
distribution, particularly due to the temporal and spatial mismatches between delivery
personnel and recipients [1]. Consequently, within the domain of logistics delivery, ensuring
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timely and accurate parcel distribution in the last mile remains a persistent challenge in
this critical phase. Parcel lockers (PLCs), characterized by their innovative “distribution
and self-pickup” paradigm, have emerged as a pivotal solution to mitigate the temporal
constraints between courier services and recipients [2], by reducing delivery time to enhance
the convenience of user pickup [3], and are highly favored by both delivery companies
and recipients [4]. This model not only alleviates the strain on terminal distribution but
also capitalizes on its contactless delivery feature, which was instrumental during the
COVID-19 pandemic [5].

Notably, data indicates that the deployment of PLCs in China surged to 2 million
units in 2021, marking a staggering year-over-year growth of 159.07%. As the number of
parcel lockers (PLCs) grows, the density of these lockers within urban spaces increases,
and their distribution expands throughout urban areas. Consequently, facilitating efficient
user path planning to optimize parcel locker location selection is becoming increasingly
important. Existing PLC strategies prioritize operational costs over behavioral preferences,
limiting their real-world applicability, and tracking user needs and dynamically planning
user paths to determine the optimal PLC location is a highly practical trend [6]. Research
suggests that users prefer the convenience of self-pickup along their regular routes [7]. This
indicates that users who collect their packages via their regular paths can increase their
satisfaction and willingness to use the parcel lockers. However, in the context of smart
cities, developing user-centric PLC location selection methods faces dual challenges: user
paths are influenced by dynamic preferences (such as detour willingness) and external
constraints (such as time windows), resulting in uncertainty; PLC deployment requires
balancing facility costs, capacity limitations, and service coverage rates.

This study aims to address the following core issues: (1) how to extract regular activity
hotspots from user spatiotemporal trajectories and quantify their correlation with PLC
site selection; (2) how to dynamically integrate parcel physical attributes (weight–volume–
urgency) into route planning decisions; (3) how to balance user convenience with logistics
resource utilization through algorithmic design.

Consequently, this paper proposes a user-centric path planning model that integrates
kernel density estimation (KDE) and spatiotemporal behavior analysis techniques to opti-
mize parcel locker location selection decisions in campus scenarios. The main findings are
as follows:

(1) Spatiotemporal behavior analysis-based KDE modeling reduces users’ detour
distance for package pickup by an average of 68% (case of User A), demonstrating the
optimization potential driven by behavioral data. (2) The package urgency parameter (α)
significantly influences PLC selection strategy, with users tending to sacrifice distance for
timeliness in high-urgency scenarios (α ≥ 3). (3) The model maintains stability in synthetic
city-level data, indicating its scalability.

The contributions of this study include innovatively embedding user spatiotemporal
behavior and package attributes into the KDE framework, breaking through the static
assumptions of traditional location selection models. Its practical value includes providing
technical pathways for “last-mile” low-carbon solutions (reduced detours = lower carbon
emissions) and personalized services. The proposed methodology framework holds po-
tential for diverse applications across urban logistics and public services, such as smart
city logistics, personalized e-commerce delivery, multimodal transportation integration,
autonomous delivery ecosystems, emergency response systems, and carbon-neutral urban
planning, among others.

The full-text structure is as follows: Section 2 reviews last-mile logistics solutions,
critically analyzes the limitations of PLC research, and positions the interdisciplinary
value of this study; Section 3 proposes a three-stage methodological framework, including



Appl. Sci. 2025, 15, 6607 3 of 21

trajectory filtering, hotspot clustering, and KDE optimization; Section 4 validates model
performance through empirical data, compares baseline methods, and tests scalability;
Section 5 discusses the theoretical implications, practical limitations, and future directions
of the findings; Section 6 summarizes the conclusions and prospects its application potential
in smart cities and emergency logistics.

2. Literature Review
Existing studies on last-mile parcel locker (PLC) location optimization have primarily

focused on operational factors. However, these approaches often overlook the critical
role of user behavior in determining optimal locker placements. While prior work has
established frameworks for minimizing logistical costs or maximizing coverage areas, the
integration of dynamic user preferences—particularly spatiotemporal mobility patterns—
remains underexplored. The following subsections critically analyze these methodologies,
highlighting their strengths and limitations, while positioning the current study’s novel
integration of spatiotemporal user trajectories as a response to these gaps.

2.1. Last-Mile Distribution Solution

The complexity of last-mile logistics [8] has given rise to diverse solutions, including
home delivery, crowdsourcing logistics, drone delivery, and parcel lockers (PLCs) [9].
Among these, home delivery is a relatively straightforward method, yet frequent delivery
interruptions occur due to recipients’ absence. Crowdsourcing logistics optimizes resource
allocation through the sharing economy but relies heavily on social trust and exhibits
significant service quality fluctuations [10]. Drone delivery is suitable for remote areas
but faces regulatory constraints and payload limitations [11]. Compared to other last-
mile delivery solutions, parcel lockers (PLCs) offer a “contactless self-pickup” model that
balances cost and delivery convenience, demonstrating unique advantages particularly in
high-density urban areas [6,12–14]. However, when parcel lockers cannot yet autonomously
move or deliver users to PLCs via autonomous driving, enhancing user convenience
significantly improves satisfaction with this delivery method [15]. Existing PLC research
predominantly focuses on static facility location selection while neglecting the dynamics of
user behavior, resulting in a disconnect between theory and practice [16,17].

2.2. Optimization of Parcel Locker Location Selection

The location of PLCs is influenced by factors such as availability, accessibility, security,
environmental impact, site occupancy, cost, usage methods, regulations, and others [7,18].
Previous studies on optimizing the site selection of PLCs have thoroughly discussed the
environmental impact, the optimal time window for distribution, the cost-efficiency of
distribution, and the sensitivity of users’ pickup distance to the selection of PLCs [19–21].
Despite significant progress in PLC location optimization, its limitations still constrain
practical applications:

(1) Neglect of user behavior: Most studies aim at cost minimization or coverage
maximization without integrating spatiotemporal trajectory data to enhance efficiency.

(2) Static assumption bias: Traditional models presume fixed demand distributions,
overlooking time-varying user activity patterns (e.g., commuting tidal effects), exacerbating
spatiotemporal mismatches.

(3) Excessive parameter simplification: Current KDE applications are largely con-
fined to spatial dimensions, failing to couple parcel physical attributes (e.g., weight–
volume–urgency) and limiting decision-making granularity. These shortcomings high-
light the need to develop a dynamic, user-centric, and multi-parameter collaborative PLC
location framework.
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With the advancement of mobile terminals, apps, and geographic information technol-
ogy, it is now possible to leverage user spatiotemporal trajectories to select suitable PLCs,
thereby improving user convenience [12,22,23].

2.3. User Preferences and Logistics Path Planning

There is a significant gap between the courier services available for last-mile delivery
and consumers’ preferences for these services [24]. The effort required for social inter-
action deters consumers from opting for manned delivery methods, making unattended
alternatives—such as home delivery and self-pickup—even more appealing [25]. To en-
hance user accessibility, it is necessary to develop corresponding positioning strategies
during the delivery process, integrating user preferences with the selection of self-service
lockers. User behavior preferences are closely related to spatial–temporal trajectories,
which contain a wealth of information about user travel preferences, including spatial
characteristics, temporal sequences, and other external descriptive attributes [26]. Thus,
trajectory data is extensively used across various domains, including the identification
of user hotspots, the recommendation of optimal routes, and the suggestion of points of
interest [27–29]. The integration of user behavior patterns into logistics planning is not
new, but their application to PLC selection is relatively underexplored. Studies have shown
that individuals exhibit regular and predictable spatiotemporal behavior, which can be har-
nessed to improve the efficiency of parcel locker usage [2]. This study integrates behavioral
geography and operations research, conceptualizing users’ spatiotemporal trajectories as a
“dynamic demand field,” thereby innovatively expanding the application boundaries of
KDE in the logistics domain. Specifically:

Contribution from Geography: Through activity hotspot clustering, the spatial anchor
points and path dependency characteristics of user behavior can be revealed, forming a
methodological complement to the trajectory recommendation algorithm proposed by Pan
et al. (2021) [26].

Contribution from Operations Research: A multi-objective optimization model is
constructed to simultaneously balance distance, time, and parcel attributes, overcoming
the limitations of traditional single-objective models (e.g., Chen et al., 2015) [20].

This interdisciplinary framework establishes a new paradigm for “human-centric lo-
gistics,” bridging the theoretical gap between behavioral analysis and facility optimization.

2.4. Application of Kernel Density Estimation Method

Kernel density estimation (KDE) is widely applied in spatiotemporal behavior anal-
ysis due to its adaptability and robustness to noise in datasets and is often used in the
fields of transportation planning and logistics path planning [30–33]. KDE’s capacity to
manage multi-dimensional data and its non-parametric nature make it an ideal tool for
standardizing data and identifying patterns in user travel behavior [34–36]. Our research
applies kernel density estimation (KDE) to transform time–space distances, weight, volume
restrictions, and urgency into density values, which are then utilized to identify regular
activity hotspots and optimize parcel locker (PLC) selection.

In summary, the literature highlights the need for innovative solutions in last-mile
logistics that consider both user convenience and operational efficiency. Our study con-
tributes to this field by incorporating user spatiotemporal behavior with kernel density
estimation (KDE) to optimize parcel locker selection, addressing a gap in the current
literature and presenting a practical approach to enhancing last-mile logistics.
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3. Methodology
3.1. Problem Description

When selecting a parcel locker system, adopting a user-centric perspective requires
addressing both the “temporal gap” and “spatial gap” between users and couriers. This
necessitates analyzing constraints such as travel distance, time efficiency, and package
dimensions (weight/volume/urgency) throughout the research process. The dataset in-
cludes users’ spatiotemporal movement patterns alongside detailed cargo specifications.
By evaluating temporal and spatial factors, we can cluster travel behaviors geographically
to identify hotspot distributions, while simultaneously integrating users’ preferences for en-
route package retrieval into the final locker selection strategy. For this purpose, we collected
the travel trajectories of four campus users and conducted a small-scale empirical analysis.

3.2. Research Approach

(1) Pedestrian Trajectory Extraction:
Data Source: Trajectory data, which includes longitude, latitude, time, altitude, and

speed, was collected using GPS-enabled mobile terminals (Wristband, Smartwatch, phone,
etc.) at a frequency of 5 s from four students at Shenzhen University. The participants
were selected based on their daily commuting patterns within the Nanshan District of
Shenzhen, China.

Data Scope: The dataset spans a 3-month period (January–March 2023), covering
13 parcel lockers (PLCs) and key urban areas, including academic buildings, dormitories,
and commercial zones. Each user contributed approximately 15–20 walking trajectories per
week, resulting in a total of 1856 trajectories (mean length: 1.2 km per trajectory).

Filtering Criteria: Walking trajectories were extracted by applying a speed threshold of
4–5 km/h (average pedestrian speed) [37]. Trajectories exceeding 5 km/h were discarded to
exclude non-walking activities (e.g., cycling or vehicular movement). Figure 1a,b illustrate
raw and filtered trajectories, respectively. At the same time, during the data filtering
process, different traffic modes can also be incorporated based on speed thresholds.

  
(a)  (b)  

Figure 1. Pedestrian trajectory extraction. (a) Spatial–temporal trajectory; (b) Walk trajectory. Colored
points represent trajectory points, with non-walking trajectories marked within the yellow halos.

(2) Identifying Activity Hotspots:
Hotspot Definition: Activity hotspots were defined as spatially aggregated re-

gions [38] (radius: 50 m) where users stayed for ≥1 h (temporal threshold). This dual
constraint (distance: L = 50 m; time: M = 720; 3600 s) ensured that hotspots reflected
meaningful information.
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Validation: Hotspots were validated against ground-truth POIs (points of interest, e.g.,
cafeterias, libraries) using OpenStreetMap data. For instance, 82% of identified hotspots
aligned with known high-activity zones (e.g., the university library).

Data Volume: The initial dataset included 24 to 36 hotspots per user (e.g., User A
had 24 hotspots). Following the filtering process, 2 to 5 consistent hotspots per user were
kept for PLC selection. Figure 2a,b illustrate the identification of hotspots before and
after clustering.

  
(a)  (b)  

Figure 2. Hhotspot identification. (a) Hotspots identified; (b) Hotspot location calculation. The blue
circle indicates the active hotspot area, while the red point represents the calculated hotspot location.

(3) Activity Hotspot Screening: To facilitate en-route goods pick-up, the activity
hotspot screening process initially establishes whether the hotspots in the chain include the
delivery point. It then assesses whether the user’s walking trajectory data represents their
regular path and extracts the trajectory that includes the delivery point. Subsequently, it
filters out previous hotspots and the spatiotemporal trajectory leading to the delivery point.
The screening of activity hotspots before and after is depicted in Figure 3a,b.

  
(a)  (b)  

Figure 3. Activity hotspot screening. (a) Before activity hotspot screening; (b) After activity hotspot
screening. The yellow halo indicates irregular path, while the blue halo represents calculated regular
activity hotspot.

(4) Regular Activity Hotspot Selection: Selecting PLCs requires identifying the user’s
regular activity hotspot as the starting point for pick-up, as the previous hotspot location



Appl. Sci. 2025, 15, 6607 7 of 21

before the delivery point is unavailable. The selection considers temporal and spatial
distances, using kernel density estimation to convert these distances into values for hotspot
identification. The chosen hotspot is located at the light ring in Figure 4a.

  
(a) (b) 

Figure 4. Parcel locker selection. (a) Regular hotspot selection; (b) PLC selection. The blue line
indicates the distance between the regular activity hotspot and the recipient point, while the black
line represents the distance between the parcel locker and the regular activity hotspot as well as the
recipient point.

(5) Parcel Locker Selection: After identifying the regular activity hotspot, the parcel
locker is chosen based on its proximity to both the activity hotspot and the delivery point.
The selection process takes into account the distance and time, integrating the weight,
volume, and urgency restrictions of the express delivery into the decision-making. The
parcel locker with the highest kernel density estimation value is selected as the final location,
as depicted in Figure 4b with “PLCs Selected R2”.

3.3. Path Planning Model
3.3.1. Model Assumptions

(1) The calculation of distance employs spherical distance and does not account for
factors such as urban road networks and building density. (2) The analysis area is treated as
a two-dimensional homogeneous space, without considering the impact of urban facilities.
(3) The position of the parcel locker is fixed, meaning that it is determined before the courier
delivers the parcel. (4) The trajectory data is derived from the user’s walking data; by
setting a speed threshold, transportation methods such as cycling and driving are excluded.
The extraction of walking trajectories does not consider indoor activities, such as data loss
from GPS signals within buildings like the teaching building, and determines whether the
location is an activity hotspot based on the user’s dwell time in signal-deprived buildings
within the trajectory data.

3.3.2. Variable Definitions

C represents the number of user-recorded walking trajectories;
C′ represents the number of filtered hotspot chains;
Nc represents the total number of position information in the c user’s walking trajec-

tory, where c = 1, · · · , C;
M is repressed as the judgment standard of the user activity hotspot;
wci represents the location information recorded by the user in track i, in walking

trajectory c;
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tci represents the time information recorded by the user in article i of the article c
walking track;

L represents the spatial distance threshold between points (the threshold is set to
50 m);

γ is the distance constraint indicating whether a hotspot is a receiving point;
L(w1, w2 ) represents the spherical distance between position points w1 and w2;
Td(w1, w2) represents the temporal distance between position points w1 and w2;
w(c, i, n ) represents the average position information of the user’s c trace from i to No

(i + n − 1);
XZ indicates the receiving point location information completed by the user;
R represents the number of PLCs;
K represents the number of user activity hotspots;
Ks indicates the number of active hotspots after excluding the receive point hotspot;
wr represents the location information of the r PLC, where r = 1 . . . R;
Xck represents the location information of the k activity hotspot of the user’s article c

walking track, where c = 1 . . . C, k = 1 . . . K;
Yck represents the entry time information of the k activity hotspot of the user’s article

c walking trajectory, where c = 1 . . . C, k = 1 . . . K;
Tck represents the residence time information of the k activity hotspot of the user’s

article c walking track, where c = 1 . . . C, k = 1 . . . K;
RTW represents the ratio of the express weight to the maximum load of the PLC

weight;
RTV represents the ratio of the express volume to the maximum capacity of PLCs;
RTWV represents the express delivery weight–volume–urgency ratio;
α represents the urgency parameter for parcel delivery;
Hc′k′ is the decision variable indicating whether or not an activity hotspot is selected;
Hr is the decision variable indicating whether to choose a PLC.

3.3.3. Hotspot Identification

Activity Hotspot Identification: By iterating through trajectory points, the degree
of aggregation of these points serves as the criterion for determining the user’s activity
hotspots. F(c, i) represents the degree of aggregation of the i point and subsequent points
in the c user’s walking trajectory, and its calculation formula is as shown in Formula (1).
When F(c, i) > M, it is considered that point i and subsequent points form a hotspot
area, the centroid of which is the activity hotspot k, with the position information Xck

and time information including the arrival time and stay time represented by Yck and
Tck, respectively; the previous trajectory and corresponding time are GWck and GTck,
respectively.

F(c, i) =
Nc

∑
j=i

(
j

∏
k=i+1

I(c, i, k)) (1)

F(c, i) represents the number of location points that satisfy the distance constraint near
i, where I(c, i, n) indicates i + n and the average location information recorded from i to
(i + n − 1). The calculation formula is shown in Equation (2).

I(c, i, n) =

0, L
(

w(c, i, n), wc(i+n)

)
> L

1, L
(

w(c, i, n), wc(i+n)

)
≤ L

(2)
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w(c, i, n) represents the center of gravity of the subsequent i point positions of point n,
and the calculation formula is shown in Equation (3).

w(c, i, n) =
1
n
∗

i+n−1

∑
j=i

wcj (3)

3.3.4. Activity Hotspot Screening

By identifying hotspots, the user tracking chain is transformed into an active hotspot
chain. To realize the route for cargo pickup, it is necessary to minimize the impact of
unconventional travel behavior on the selection results. The method involves determining
whether the hotspots in the hotspot chain include the receiving points. If they do not, the
hotspot chain will be discarded. If they do, the hotspot chain will be extracted to extract
the active hotspots and walking track, the remaining C′ hotspot chain, and the Ks active
hotspots. Furthermore, the time Tc′k′ before the hotspot Xc′k′ reaches the hotspot in the
corresponding hotspot chain is the time set GTc′k′ , where c

′
= 1 . . . C′, k

′
= 1 . . . KS.

3.3.5. Regular Activity Hotspot Selection

In this paper, the sub-hotspot chain composed of the receiving point and the previous
hotspot is taken as the passing path from the user to the receiving point. However, the
preordered hotspots and path of the receiving point on the hotspot chain are not all regular
hotspots and paths of the user, so in order to determine the starting point of the passing
path, it is necessary to determine the regular activity hotspot of the user. In this paper, ee
periodically update the regular activity hotspots by considering the time–space distance to
other activity hotspots and receiving points and standardize this distance using the kernel
density function. When users’ travel patterns and hotspot locations change, updates are
made through the KDE framework. Therefore, the regular activity hotspot selection model
is constructed as in Equation (4) and finally selects the hotspot φ.

MAX(P) = ∑C′

c′=1 ∑Ks
k′=1 Hc′k′(pd

(
c′k′

)
+ pt

(
c′k′

)
+ pz

(
c′k′

)
) (4)

0 < L ≤ h (5)

0 < DT ≤ 86, 400 (6)

0 < c
′
< C (7)

0 < Ks < K (8)

∑C′

c′=1 ∑Ks
k′=1 Hc′k′ = 1 (9)

Hc′k′ =

{
0, Not a regular activity hotspot
1, regular activity hotspot

∀c
′ ∈ C

′
, k

′ ∈ Ks (10)

P = ∑C′

c′=1 ∑Ks
k′=1 Hc′k′(pd

(
c′k′

)
+ pt

(
c′k′

)
+ pz

(
c′k′

)
) (11)

where pd(c′k′) represents the spatial kernel density estimate between active hotspots (the
calculation formula is shown in Equation (12)); pt(c′k′) represents the time kernel density
estimate between active hotspots (the calculation formula is shown in Equation (15)); and
pz(c′k′) represents the kernel density estimate of active hotspots and the user receiving
point, and the calculation formula is shown in Equation (16).

pd
(
c′k′

)
=

1
Ksh2

C′

∑
i=1

∑Ks
j=1

1√
2π

e−
1
2

L(Xc′k′ ,Xij)
2

h2 (12)
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where L
(
Xc′k′ , Xij

)
represents the spatial distance between the hotspot Xc′k′ and the hotspot

Xij, and the calculation formula is

L
(
Xc′k′ , Xij

)
= γ ∗ arccos(ε) (13)

ε = sin(β) ∗ sin(β
′
) ∗ cos(α − α

′
) + cos(β) ∗ cos

(
β′) (14)

where γ represents the radius of the Earth, α,α′ indicates the angular value of the hotspot
Xc′k′ , Xij is the longitude transformation, β, β′ indicates the angle value of Xc′k′ , and Xij is
the position latitude transformation.

pt
((

c′k′
))

=
1

Ksh2

C′

∑
i=1

∑Ks
j=1

1√
2π

e−
1
2

Td(Yc′k′ ,Yij)
86,400 (15)

where Td
(
Yc′ k′ , Yij

)
represents the Euclidean distance between the hotspot Yc′k′ and the

hotspot time Yij.

pz
((

c′k′)) = 1
2h2

1√
2π

e−
1
2

L(Xc′k′ ,Xz)2

h2 (16)

3.3.6. PLC Selection

The kernel function, the spatial distance between the PLCs and the regular activity
hotspot φ, the spatial distance from the receiving point, the weight–volume–urgency ratio
of the express delivery, and other factors are included in the PLC selection decision. In the
process of logistics distribution, we should not only consider whether the user’s path is
along the way, because the goods are divided into heavy goods and bubble goods, and the
PLCs also have the limits of weight and volume, so the characteristics of delivery goods
should also be considered. This study innovatively harnesses the inherent properties of
kernel density estimation to seamlessly integrate the distinctive parcel characteristics into
the estimation framework. In order to better incorporate these influencing factors into the
PLC selection decision, this paper constructs the PLC selection model as shown in Formula
(17) by reconstructing the kernel function and finally selects the PLCs r

′
.

MAX(P) = ∑R
r=1 Hr(pr(r) + pz(r)) (17)

s.t. 0 < L ≤ h (18)

0 < Td ≤ 86, 400 (19)

0 < RTW ≤ 1 (20)

0 < RTV ≤ 1 (21)

∑R
r=1 Hr = 1 ∀r ∈ R (22)

Hr =

{
0, Not a Regular sel f − li f t cabinet

1, Regular sel f − li f t cabinet
∀r ∈ R (23)

P = pr(r) + pz(r) (24)

where pr(r) represents the kernel density estimate of the PLC and hotspots, and the
calculation formula is shown in Equation (25); pz(r) represents the estimated spatial kernel
density value of the PLC and receiving point, and the calculation formula is shown in
Equation (26).

pr(r) =
1

2h2
1√
2π

e−
1
2

L(wφ ,wr)2

h2 (25)
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where D
(
wφ, wr

)
represents the spatial distance of the PLC r from the selected active

hotspot.

pz(r) =
1

2h2
1√
2π

e−
1
2

L(Wr,XZ)2

h2 ∗RTWV (26)

where RTWV represents the weight–volume–urgency ratio, and the calculation formula
is shown in Equation (27). RTW and RTV represent the ratios of the weight and volume
of express packages to the limit values of the weight and volume of the parcel locker, to
ensure that selected PLCs can accommodate the physical dimensions of parcels, aligning
with the practical limitations of self-collection facilities. α represents the urgency of parcel
delivery.

RTWV = (RTW + RTV) ∗ α; RTW, RTV ∈ (0, 1] (27)

In the above, RTW represents the ratio of the express weight to the weight of the
maximum load of the PLC, and RTV represents the ratio of the express volume to the
maximum capacity of the PLCs.

3.4. Data Acquisition and Model Parameter Settings

In this study, the Nanshan District of Shenzhen University in Shenzhen was chosen as
the research area. The travel space–time trajectory data of four students and the location
information of 13 PLCs within the test area were collected as the experimental data. Data
collection employed an Amazfit smartwatch (Manufacturer: Zepp Health Corporation,
Beijing, China, version: balance) equipped with a GPS module to capture the spatial
and temporal location information of the students at a frequency of once every 5 s, as
shown in Figure 5. The test data encompassed the longitude, latitude, speed, and time
of the user’s travel process, along with the longitude and latitude of the PLCs and the
receiving points. The data processing, model construction, path planning solution, and
visualization in this study were all implemented using Python3.8. It is important to note
that the four volunteers in this study can hardly represent the entire population or all types
of activity spaces. However, the study relied on terminal devices to record individual
trajectories, and such information contains a wealth of personal data that is often difficult
to collect. Furthermore, the primary focus of this research is on the innovative value of
the methodology. Similarly, Su and Li et al. also collected trajectory activity data from
only four volunteers to measure individual activity exposure to physical neighborhood
environments in their study [39,40].

 

Figure 5. Trajectory collection terminal.
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To ensure the reliability and validity of the data, trajectory data was collected using
pre-calibrated mobile devices with a positioning accuracy of ±10 m. Prior to the experi-
ment, participants underwent standardized training to ensure proper device usage, such as
avoiding signal obstruction, and device status was checked daily during data collection.
A sliding window method with a window size of 10 data points was employed to detect
and remove abnormal trajectory points, such as those with speeds greater than 5 km/h
or sudden altitude changes exceeding 50 m. The data underwent spatiotemporal consis-
tency validation by matching user-reported daily activity locations, such as dormitories
and cafeterias, with GPS trajectories, achieving a matching accuracy of 98.7%. Hotspot
locations were reverse-geocoded using the GaodeMap API(Web API service) to ensure
alignment with actual points of interest (POIs), such as libraries and teaching buildings.
Two independent clustering analyses, K-means and DBSCAN, were performed on user
activity hotspots, yielding a clustering consistency index (Adjusted Rand Index) of 0.95,
indicating high methodological reproducibility.

This study selected trajectory data from four users within a relatively enclosed campus
environment as a preliminary exploration, primarily based on the following considera-
tions: (1) Behavioral consistency: Campus users (students) exhibit highly regular daily
activities (e.g., the dormitory–classroom–canteen routine), facilitating the extraction of
core characteristics in spatiotemporal behavior patterns. (2) Data controllability: A small
sample size enables high-precision trajectory collection (5 s GPS intervals), avoiding com-
mon noise interference in large-scale data (e.g., positioning drift). (3) Reproducibility: A
reproducible benchmark dataset is provided for subsequent research. Although the sample
size is limited, the 1856 trajectories (averaging 464 per person) cover users’ round-the-clock
activities and can capture the principal components of their behaviors. This establishes a
foundational framework for future work to expand into cross-city multi-group validation.

The distance parameter L is set to 50 m. If the X and Y distances between two
coordinates are within the tolerance range, these coordinates are considered to be within
the same hotspot region. Consequently, the cluster coordinates are moved to the center of
gravity of the point set. The parameter M for judging the hotspot is set to 720, indicating
that the user should stay in the hotspot for more than 1 h. The tolerance distance constraint
γ used to determine if a hotspot is a receiving point is set to 50 m. The initial weight ratio
RTW = 0.5, the volume ratio RTV = 0.5, and the urgency parameter for parcel delivery, α,
is set to 2.

Bandwidth (h) is determined based on Silverman’s empirical rule. Below, σ represents
the sample standard deviation, IQR is the interquartile range, and n denotes the number of
trajectory points.

h = 0.9 ∗ min
(
σ,

IQR
1.34

)
∗ n−1/5 (28)

The reasons for selecting Silverman’s rule are as follows: (1) Adaptability to data
distribution: The spatial distribution of trajectory points in this study exhibits multi-
modality (as shown in Figure 3a). Silverman’s rule effectively avoids over-smoothing or
under-smoothing through the trade-off between the interquartile range (IQR) and stan-
dard deviation [30]. (2) Computational efficiency: Compared to cross-validation methods,
Silverman’s rule has a complexity of O(n), making it suitable for processing large-scale
trajectory data. (3) Domain generality: This rule has been widely applied in traffic tra-
jectory analysis [33] and urban hotspot detection [41] (Yu et al., 2016), with its reliability
extensively validated.
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3.5. Benchmark Model Comparative Analysis

This paper selected three classic PLC location models for simulation comparison to
ensure the coverage of different optimization objectives and methodologies: The Greedy
Coverage algorithm aimed to maximize service coverage by iteratively selecting PLC
locations that cover the most unserved demand. The Static KDE method relied on fixed
hotspot distributions from historical data without incorporating dynamic user behavior
parameters. The spatiotemporal clustering model (ST-DBSCAN) employed a density-based
clustering algorithm combining spatial and temporal dimensions for hotspot detection.
Synthetic data was generated based on OpenStreetMap to simulate an urban road network
containing 50 PLCs and 1000 users. Comparative metrics included the following:

1. Detour distance reduction rate: The deviation ratio between user pickup routes and
regular routes (core metric).

2. Route matching degree: The spatial overlap rate between model-recommended
paths and actual user trajectories (Jaccard similarity).

3. Time efficiency: Average duration from notification to pickup (minutes).
4. Resource utilization: The PLC load balancing degree (standard deviation) and

facility usage rate (%).
All models shared identical PLC location sets, parcel attributes, and bandwidth param-

eters. The evaluation adopted 5-fold cross-validation, with 80% training data for model de-
velopment and 20% test data for performance validation. Independent sample t-tests were
conducted to verify the statistical significance of detour distance reduction rate differences
between the proposed model and baseline models. The bootstrap method (1000 resamples)
was used for confidence interval analysis to calculate 95% confidence intervals.

4. Results
The method proposed in this paper considered user preferences, distance, time, weight,

volume, and urgency factors in the selection process of PLCs, effectively achieving the goal
of parcel pickup, as demonstrated in Table 1. The method’s effectiveness is illustrated by
the selection results of User A.

Table 1. Test result of 4 real users.

Test Object User A User B User C User D

Number of hotspots 24 29 17 36
Selected regular hotspot number 2 5 2 4

Selected PLC number (α = 2) 7 6 1 4
Distance reduction rate 68% 62% 65% 57%

4.1. Efficiency Analysis

By mining the users’ information, 24 activity hotspots of User A were identified. The
analysis of the temporal range and spatial location of the identified hotspots revealed that
the identified User A had high spatiotemporal clustering (Figure 6). In reality, User A is a
student of Shenzhen University. The characteristics of the user activities are obvious. The
hotspots can be divided into three main gathering areas, as shown in the image in Figure 6.
Most of the trajectory of User A is back and forth between hotspot cluster area 1 and hotspot
cluster region 2. In reality, the receiving position filled by User A was located in hotspot
cluster area 1. After removing the hotspots in the aggregation area, 113 presequential
hotspots were selected. The regular activity hotspot screening model selected hotspot 2 as
the regular activity hotspot for the user (see Table 2). By comparing hotspot 2 with other
hotspots, it can be clearly observed that within the spatial location of hotspot 2, the number
of hotspots is the greatest, and users spent the longest time in the hotspot 2 area, effectively
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achieving the goal of the highest degree of aggregation within the selected spatiotemporal
range in this article.

 

Figure 6. User A’s hotspot distribution.

Table 2. User A’s regular activity hotspot.

Hotspot Number Longitude Latitude Arrival Time Leave Time

2 113.9334564 22.5290144 10:49:30 22:19:03

When the weight–volume–urgency parameter was RTwv = 2, the PLC selection model
chose No.7 PLC for User A (see Table 3). In reality, No.7 PLC is located on the side of the
road connecting hotspot cluster area 1 and hotspot cluster area 2. User A generally chose
this road from hotspot cluster area 1 to hotspot cluster area 2. It can be seen that the method
proposed in this paper was convenient for users to pick up the goods. Secondly, the selected
No.7 PLC is located between the receive point and the regular activity hotspot, which is
not the closest to the receive point. As shown in Figure 6, No.2 PLC is the nearest to the
receive point in the alternative PLCs. The reason is that No.2 PLC is located on the path
of hotspots cluster 3 and 1, not the regular path of user A. This verifies that the proposed
selection method is consistent with the original intention of the PLC selection model.

Table 3. PLC selection result.

α PLC Number Distance to the Receipt
Point (Meter)

Distance from the
Regular Hotspot (Meter)

2 7 110 512

4.2. Weight–Volume–Urgency Parameter Sensitivity Analysis

This article employed a variety of weight–volume–urgency parameters to evaluate
operational outcomes. In the objective function of this study (Equation (17)), the weight–
volume–urgency parameter (RTWV), kernel density value (p), and distance to the receive
point (L) are the core coefficients. To verify the impact of parcel characteristics, we adjusted
the parameters within the ranges RTWV ∈ [1, 3], with a step size of 0.1, simulating parcel
scenarios from low urgency to high urgency.

The results indicate that the optimal solution varied with changes in weight–volume–
urgency parameters. Evidently, as urgency increased, the selected PLCs tended to be
closer to the receiving point. However, excessively high urgency (RTWV = 3) would
compromise the regularity of the path. For instance, after an increase in User A’s weight–
volume–urgency parameters, the distance to the delivery point decreased by 68%. The
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kernel density value p, as the weight–volume–urgency parameters increased, exhibited a
linear but gradually increasing trend relative to the weight–volume–urgency parameters,
as shown in Figure 7a. When RTWV = 0.1, P = 3.76 × 10−6, and after RTWV increased to 3,
P = 13.6 × 10−6. The reason for this is that this article utilized a bandwidth based on the
reconstruction kernel function, and the relative bandwidth value was larger, achieving the
goal of selecting only the highest aggregate position of the overall data.
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Figure 7. Effect of weight–volume–urgency parameter on PLC selection. (a) Effects of User A;
(b) Effects of User B; (c) Effects of User C; (d) Effects of User D. RTWV parameters increase from 0.1 to
3, with a step size of 0.1.

4.3. Benchmark Model Simulation Results

The synthesized data verified that under simulated scenarios, the model achieved a
68.2% reduction rate in detour distance, significantly outperforming static KDE (52.1%)
and ST-DBSCAN (47.6%). The t-test results showed all comparison p-values < 0.01, demon-
strating statistically significant differences. The 95% confidence interval for dynamic KDE
was [65.8%, 70.6%], indicating high result stability, as shown in Table 4.



Appl. Sci. 2025, 15, 6607 16 of 21

Table 4. Benchmark model performance comparison.

Indicator Model in This Paper Greedy Algorithm Static KDE ST-DBSCAN

Bypass distance reduction rate (%) 68.2 38.4 52.1 47.6
Path matching degree 85.3 62.7 74.2 69.8

Time efficiency (minutes) 7.5 12.3 9.1 10.4
Load balancing degree (standard

deviation) 0.18 0.42 0.29 0.35

PLC utilization rate (%) 41.5 26.7 34.2 29.8
p-value - 0.0001 0.0023 0.0004

5. Discussion
The present study aimed to address the issue of temporal and spatial mismatches in

last-mile logistics distribution by proposing a novel path planning model for the selection
of PLCs that considers the convenience of en-route goods pick-up. Our approach integrates
user spatiotemporal trajectories with kernel density estimation to identify activity hotspots
and optimize the selection of PLCs. The results validate the effectiveness of our model
in reducing the “time difference” and “location difference” between users and couriers,
representing a constructive contribution to advancing the field of urban logistics and
e-commerce delivery.

5.1. Key Findings and Their Implications

Our model identified that users’ activity hotspots exhibit strong spatiotemporal clus-
tering, aligning with previous studies that highlight the regularity and predictability of
individual spatiotemporal behavior. By leveraging this pattern, we are able to select PLCs
that are more likely to be on users’ regular paths, thereby enhancing user satisfaction and
operational efficiency. The selection of PLCs based on kernel density estimation values also
considers the weight, volume, and urgency of parcels, providing a practical approach to
accommodate the physical limitations of PLCs and the varying sizes of parcels.

In addition, the results of this study demonstrate that integrating user spatiotemporal
trajectories with KDE can significantly reduce detour distances for package pickup (e.g., a
68% reduction for User A). This finding aligns with the conclusion of Wang et al. [25], that
the regularity of user behavior is crucial for improving logistics efficiency. However, this
research further reveals the dynamic impact of packages’ physical characteristics (weight–
volume–urgency) on route planning: high-urgency packages tend to require nearer PLCs to
be selected, while large-volume packages require balancing distance with facility capacity
(see Section 4.1). This differentiated decision-making mechanism addresses the limitation of
traditional models that solely use distance as a single metric, providing theoretical support
for personalized logistics services.

5.2. Comparison with Existing Studies

Our research is user-centric, focusing on the last-mile delivery process, and extends
existing studies in the following ways: (1) It introduces user travel preferences in the
selection of PLCs, providing a new perspective for locker location selection compared to
previous studies based on cost–benefit analysis, as Deutsch et al. deployed parcel lockers
with the objective of profit maximization [7]. (2) Existing research has demonstrated that
the deployment of PLCs, combined with user travel patterns, is conducive to improving
accessibility. This study further incorporates this finding [18]. During the research process
of behavioral preferences, by studying users’ transportation modes and their behavioral
hotspots in time and space, the selection of PLCs is optimized by considering users’ travel
patterns. (3) Previous studies have paid less attention to package characteristics, while
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the properties of different items affect user convenience and the degree to which needs
are met [7,19,25]. In this study, the selection process of PLCs, the characteristics of parcels
(such as weight, volume, and urgency) are creatively combined with the kernel density
estimation function to optimize the decision-making for locker selection. Therefore, the
methodological framework proposed in this study not only improves the efficiency of PLC
usage but also reduces the uneconomical behavior caused by users deviating from their
regular paths, enhancing the accessibility of PLCs.

5.3. Limitations and Urban Applicability

Although our research provides an innovative model for self-service locker selection,
there are some limitations. (1) Our model treats urban space as two-dimensional and uni-
form, omitting factors like road networks and building density. This may cause deviations
in complex urban areas due to the model’s disregard for the impact of building density
on paths. For instance, in high-density urban areas, users may be forced to detour around
buildings and choose different route, resulting in discrepancies between theoretical distance
and actual travel time [42]. (2) The current model was validated on a limited sample of
university students in Shenzhen, activity patterns exhibit strong regularity, which inher-
ently restricts generalizability to broader populations (e.g., older adults’ or professionals’
behavior may be more dispersed), and the number of participants was relatively small, so
the model’s generalization capability requires further verification. (3) KDE bandwidth was
fixed according to Silverman’s rule. The heterogeneity of user activity ranges in different
urban environments was not considered, which may affect the accuracy of the estimation
due to the different ranges of human activities or different-scale cities (e.g., small- and
medium-sized cities vs. megacities).

The applicability of this model varies by city type: (1) Highly planned scenarios: In
areas with regular layouts such as campuses or industrial parks, user activity hotspots are
concentrated and path regularity is strong, allowing the model to effectively reduce detours
(see results in Section 4.1). (2) High-complexity scenarios: In historic old urban districts or
megacity cores, where road networks are intricate and building density is high, extending
3D spatial modeling (e.g., integrating 3D-GIS data) is necessary to improve accuracy.
(3) Multimodal transportation scenarios: In cities reliant on public transit (e.g., Tokyo,
Singapore), user paths may form multicentric hotspots around subway stations, requiring
the model to integrate transfer time costs to redefine spatiotemporal distance [5]. Future
work could develop adaptive modules for these scenarios, such as dynamically adjusting
KDE parameters via reinforcement learning or incorporating road network topology data
to optimize path weights.

5.4. Future Research Directions

To enhance the universality of the model, future research can explore the following
aspects: (1) Refine spatial modeling: Due to the two-dimensional space assumption underes-
timating paths by neglecting vertical movements (e.g., overpasses/underground passages),
the homogeneous space assumption overestimates accessibility in complex road networks.
Future studies should investigate the impact of heterogeneous spaces and different cargo
characteristics on locker selection and how to optimize the model by incorporating urban
road network data. At the same time, the model’s errors can also be corrected, such as
by introducing a “road network correction coefficient” (dynamically weighted distance
based on road network topological data) during the model output stage to partially offset
theoretical errors. Simultaneously, GPS data can also be used to concentrate speed pa-
rameters, facilitating the identification of transportation nodes through speed conversion,
thereby integrating package pickup with travel arrangements. (2) Multidimensional data
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fusion: Research should introduce larger-scale pedestrian spatiotemporal data or traffic
data (Gaode API), or fuse multi-source positioning data, to increase data volume, improve
model robustness, and quantify the impact of road obstacles and other factors on the
results by incorporating a multimodal traffic time cost function. (3) Dynamic parameter
optimization: Adaptive bandwidth selection methods, such as reinforcement learning [43],
should be explored, as well as the logistics demand forecasting model combining varia-
tional autoencoders with recurrent neural networks [44], to enhance the robustness and
adaptability of the model. (4) Emerging technologies such as big data analysis and artificial
intelligence should be utilized to further enhance the intelligence and automation level
of PLC selection. (5) Cross-scenario validation: The model should be tested in typical
city types (e.g., tourist cities, industrial cities) to analyze its performance boundaries and
parameter tuning strategies.

6. Conclusions
This study reveals the core value of user spatiotemporal trajectory data in path plan-

ning. By employing kernel density estimation (KDE) to unify the modeling of user activity
hotspots, parcel physical characteristics (weight–volume–urgency), and path regularity,
it demonstrates that behavior-driven PLC site selection can effectively identify activity
hotspots, bridges the temporal and spatial gaps between users and couriers, prioritizing
PLCs aligned with users’ routine mobility patterns, and reduce detour distances (e.g., a
68% reduction for User A). This research challenges traditional static site selection models
for neglecting user preferences and provides theoretical support for the “human-centric”
design of logistics. Validation in a campus scenario demonstrates the model’s potential
applicability in complex urban environments. For instance, the dynamic matching mecha-
nism between high-density hotspots and PLC networks can be extended to transportation
hubs or commercial districts, enabling integrated “commute-pickup” services and offering
new insights for multimodal logistics coordination in smart cities.

However, limitations persist. First, the assumption of a homogeneous 2D space
overlooks real-world complexities such as road networks and building density, potentially
overestimating route efficiency in dense urban areas. Second, the small sample size and
localized data (Shenzhen University) limit generalizability. Third, fixed KDE bandwidths
may not adapt well to varying activity ranges, risking suboptimal hotspot identification in
heterogeneous environments.

Future research should focus on the following: (1) Enhanced Environmental Complex-
ity: Studies should integrate 3D Geographic Information Systems (3D-GIS) with real-time
traffic data to simulate multi-level indoor and outdoor route planning, thereby improving
model accuracy in complex urban scenarios. (2) Expanded Data Diversity: Subsequent
work will incorporate multi-source data (e.g., Amap API commuting traffic, UAV delivery
trajectories) and broaden user samples to cover diverse age and occupational groups (e.g.,
commuters, elderly populations) to validate the model’s generalizability. Additionally,
exploring parameter adaptability in specialized scenarios such as emergency medical sup-
ply deliveries will be prioritized. (3) Technological Integration and Optimization: Plans
include introducing reinforcement learning (RL) to dynamically adjust KDE bandwidth,
replacing the current fixed Silverman rule, to better adapt to varying user activity patterns.
Furthermore, integrating IoT devices for real-time package monitoring (e.g., temperature-
sensitive pharmaceuticals) will enable the development of an intelligent decision-making
system linking “demand–path–facility” interactions. (4) Deepened Sustainability: Further
quantification of the model’s impact on carbon emissions will be pursued—for instance,
estimating fuel savings through reduced detour distances or analyzing the contribution
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of PLC shared usage to urban resource efficiency. These findings will provide a basis for
governments to formulate carbon credit policies.

In summary, this study proposes a path planning framework that integrates user
spatiotemporal behavior analysis with kernel density estimation, reinforcing the existing
literature on the collaborative optimization of user preferences and logistics efficiency.
Compared to cost-oriented models, this framework incorporates user behavior preference
metrics into the decision-making process, achieving a paradigm shift from “resource
optimization” to “user–resource win–win”. While challenges remain in scalability and
environmental realism, the proposed model offers a foundational framework for smart city
logistics. It has promising application potential in areas such as e-commerce distribution,
multimodal transport integration, and carbon-neutral urban planning.
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