
IEEE TRANSACTIONS ON NETWORK SCIENCE AND ENGINEERING, VOL. 13, 2026 2623

ESTA: An Efficient Spatial-Temporal Range
Aggregation Query Processing Algorithm

for AAV Networks
Liang Liu , Wenbin Zhai , Xin Li, Youwei Ding , Wanying Lu, and Ran Wang , Senior Member, IEEE

Abstract—Autonomous Aerial Vehicle (AAV) networks are in-
creasingly deployed in military and civilian applications, serving
as critical platforms for data collection. Users frequently require
aggregated statistical information derived from historical sensory
data within specific spatial and temporal boundaries. To address
this, users submit aggregation query requests with spatial-temporal
constraints to target AAVs that store the relevant data. These AAVs
process and return the query results, which can be aggregated
within the network during transmission to conserve energy and
bandwidth-resources that are inherently limited in AAV networks.
However, the dynamic topology caused by AAV mobility, coupled
with these resource constraints, makes efficient in-network aggre-
gation challenging without compromising user query delay. To the
best of our knowledge, existing research has yet to adequately
explore spatial-temporal range aggregation queries in the context
of AAV networks. In this paper, we propose ESTA, an Efficient
Spatial-Temporal range Aggregation query processing algorithm
tailored for AAV networks. ESTA leverages pre-planned AAV tra-
jectories to construct a topology change graph that models the net-
work’s evolving connectivity. It then employs an efficient shortest
path algorithm to determine the minimum query response delay.
Subsequently, while adhering to user-specified delay constraints,
ESTA transforms the in-network aggregation process into a series
of set cover problems, which are solved recursively to build a
Spatial-Temporal Aggregation Tree (STAT). This tree enables the
identification of an energy-efficient routing path for aggregating
and delivering query results. Extensive simulations demonstrate
that ESTA reduces energy consumption by more than 50% com-
pared to the baseline algorithm, all while satisfying the required
query delay.
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I. INTRODUCTION

OVER the past few decades, advancements in sensor tech-
nology, navigation systems, and wireless communications

have significantly improved the capabilities of Autonomous
Aerial Vehicles (AAVs). These enhancements, coupled with
their low cost, flexible deployment, and operational simplic-
ity, have driven their widespread use across diverse military
and civilian applications. Examples include military reconnais-
sance, border surveillance, disaster response, and agricultural
monitoring [1], [2], [3]. As AAVs continue to evolve, their
role in data-intensive missions has expanded, necessitating effi-
cient methods for data collection and processing in networked
environments.

In most AAV applications, multiple AAVs collaborate within
a multi-hop network to gather data and execute missions ef-
fectively. This network can be conceptualized as a distributed
database, with each AAV storing sensory data annotated with
spatial and temporal metadata [4], [5]. When users seek infor-
mation from a specific geographic region over a defined time
interval, they issue query requests containing spatial-temporal
constraints. These requests are directed to the AAVs holding the
relevant data, which then search their local storage and return
the qualifying records to a ground station. This process, while
straightforward, poses significant challenges due to the resource
limitations inherent in AAV networks.

AAVs are typically energy-constrained, and the bandwidth
available in AAV networks is often limited [6]. Transmitting
all raw query results to the ground station is thus resource-
intensive, consuming excessive energy and bandwidth. Further-
more, in many practical scenarios, users require only statistical
summaries—such as averages, maxima, or minima—rather than
the entirety of the raw data [7]. For example, in forest fire
monitoring, a user might need only the maximum temperature
within a region r1 between times t1 and t2. Sending the complete
dataset in such cases is inefficient and wasteful, underscoring the
need for optimized data handling strategies [8], [9].

Data aggregation offers a promising solution to this prob-
lem [10]. This technique involves in-network processing, where
intermediate nodes within the network aggregate raw data us-
ing methods such as computing means, maxima, minima, or
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summaries [11]. By aggregating data en route to the ground
station, only the processed results are transmitted, significantly
reducing data volume. This approach eliminates redundancy,
extracts essential information, and lowers the number and size
of transmissions, thereby conserving energy and bandwidth
resources critical to AAV operations.

Although data aggregation has gained considerable atten-
tion for its efficiency [12], [13], existing research predomi-
nantly focuses on static Wireless Sensor Networks (WSNs) [14],
[15], [16], with little exploration of its application in dynamic
AAV networks. To the best of our knowledge, no prior studies
have specifically addressed spatial-temporal range aggregation
queries in AAV networks. Unlike static WSNs, AAV networks
exhibit distinct characteristics, including high mobility, sparse
node distribution, intermittent connectivity, variable link quality,
and reliance on store-carry-forward (SCF) mechanisms. These
properties introduce unique challenges for spatial-temporal
range aggregation queries: First, the rapidly changing network
topology and intermittent communication links hinder the es-
tablishment of efficient in-network aggregation routes. Second,
users prioritize minimizing the time from issuing a query to
receiving the result (query response time) over internal network
dynamics [17], making it critical to balance aggregation effi-
ciency with timely delivery.

Addressing these challenges requires a novel approach tai-
lored to the AAV context. In this paper, we propose ESTA, an
Efficient Spatial-Temporal range Aggregation query processing
algorithm designed specifically for AAV networks. ESTA aggre-
gates query results as early as possible during transmission to
reduce energy and bandwidth consumption while ensuring that
query response time remains within acceptable limits. The al-
gorithm operates as follows: First, ESTA leverages pre-planned
AAV trajectories to pinpoint target AAVs storing the required
data. Meanwhile, a Topology Change Graph (TCG) is con-
structed to capture time-varying communication opportunities
between AAVs. Then, using the TCG, an efficient shortest path
algorithm calculates the minimum query response time. The
aggregation process is modeled as a recursive set cover problem,
resulting in a Spatial-Temporal Aggregation Tree (STAT). In this
tree, the ground station serves as the root, and intermediate nodes
aggregate data from their children before forwarding it to their
parents, enabling optimized in-network processing. The main
contributions of this paper are as follows:
� We propose an Efficient Spatial-Temporal range Aggre-

gation query processing (ESTA) algorithm for AAV net-
works, which can find an efficient in-network aggregation
path for target AAVs without the sacrifice of the user query
delay. To the best of our knowledge, we are the first to
study the spatial-temporal range aggregation query in AAV
networks.

� We conduct extensive simulations on the Opportunistic
Network Environment (ONE) simulator [18]. The exper-
imental results show the superior performance of ESTA
compared with the baseline spatial-temporal range aggre-
gation query processing algorithm in terms of the query
delay and energy consumption.

The remainder of this paper is structured as follows: Section II
reviews the state-of-the-art in spatial-temporal range aggrega-
tion and AAV network routing protocols. Section III outlines
the system model. Section IV provides a detailed description of
the ESTA algorithm. Section V presents the simulation-based
performance evaluation, and Section VII concludes the paper
with a summary and future directions.

II. RELATED WORK

This section synthesizes advancements in two critical do-
mains: we first analyse foundational data aggregation tech-
niques, which mainly focus on static network infrastructures,
then survey routing protocol innovations in AAV networks
that support our proposed framework. The intersectional gap
between these domains motivates our research contribution. An
overview of prior research and this work is shown in Table I.

A. Data Aggregation Techniques

Data aggregation mechanisms have become essential for en-
hancing energy efficiency and optimizing bandwidth utilization
in resource-constrained networks [19]. Current methodologies
predominantly focus on static network infrastructures and can be
classified into three main paradigms: tree-based, cluster-based,
and machine learning-based data aggregation [10].

1) Tree-Based Data Aggregation: In tree-based data aggre-
gation schemes, nodes are hierarchically organized into a tree
topology. Each non-leaf node serves as an aggregator, collecting
sensory data from its child nodes, performing aggregation, and
forwarding the results to its parent node. This recursive process
continues until the aggregated data reaches the root node [20],
[21].

In [22], the authors propose an approach that integrates ge-
netic algorithms with density correlation metrics to construct
adaptive aggregation trees, effectively reducing communication
costs in Industrial Internet of Things (IoT) networks. Simi-
larly, [23] introduces two innovative data aggregation models
that employ mixed-integer programming to jointly optimize
energy consumption for data aggregation and dissemination
processes. Furthermore, [24] utilizes integer linear program-
ming to address the trade-off between energy consumption and
latency. Additionally, the same study applies heuristic methods
to develop an aggregation tree rooted at the destination, aiming
to minimize both energy usage and latency.

In [25], the authors design a tree topology for underwater
sensor networks, taking into account inter-node distances and
signal-to-noise ratios. They subsequently employ an ant search
algorithm, which incorporates node energy levels, to identify
efficient data transmission paths. In [26], the network topology
is structured as a balanced binary tree to ensure uniform energy
consumption across nodes. Moreover, cryptographic keys and
error correction mechanisms are implemented to enhance the
reliability of aggregation operations.

In [27], the authors apply a minimum spanning tree algorithm
to establish a tree-based path, incorporating constraints on en-
ergy load and maximum depth to mitigate the hot spot problem
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TABLE I
OVERVIEW OF PRIOR RESEARCH AND THIS WORK

in WSNs. In [28], an energy-efficient greedy tree algorithm is
proposed for network modeling, considering global routing costs
to minimize transmission energy consumption. Likewise, [29]
employs a heuristic algorithm to construct an aggregation tree
that reduces redundant packets, thereby decreasing the total
energy cost associated with packet transmission and reception
across the network.

In [30], an enhanced shortest path algorithm is presented,
integrating node bandwidth utilization and hop count to optimize
data aggregation operations. Finally, in [31], the authors explore
a multi-channel duty cycle WSN scenario and dynamically

select aggregation nodes by constructing a minimum sleep delay
tree to reduce delivery delay.

However, existing tree-based data aggregation methods face
challenges of poor topological robustness and insufficient dy-
namic adaptability when applied to AAV networks. The rapid
movement of AAV nodes induces frequent topological changes,
which existing tree-based data aggregation schemes designed
for static networks cannot effectively accommodate. This limi-
tation inevitably leads to the frequent reconstruction of routing
trees, resulting in increased communication overhead and po-
tential routing failures. The inherent mismatch between static
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topology-dependent aggregation mechanisms and highly dy-
namic AAV network environments fundamentally undermines
the efficiency and reliability of data transmission.

2) Cluster-Based Data Aggregation: Cluster-based data ag-
gregation is a widely utilized technique in WSNs, wherein the
network is partitioned into multiple clusters. Each cluster is
supervised by a designated cluster head (CH) node, which is
responsible for aggregating sensor data from cluster members
and forwarding the aggregated data to the base station [32].

In [15], a distributed data aggregation algorithm is proposed
that effectively integrates clustering and routing considerations.
Cluster heads are selected based on several criteria, includ-
ing connectivity, distance to the base station, energy levels,
and delay. To improve efficiency, a self-attention mechanism
is employed to optimize routing paths from CHs to the base
station. Similarly, [13] employs fuzzy logic for CH selection and
introduces the Capuchin search algorithm to enhance routing
optimization. In [16], a multi-objective, multi-attribute data
aggregation framework is presented, leveraging fuzzy logic for
clustering and a hybrid metaheuristic algorithm for routing.

The method described in [33] partitions nodes into disjoint
clusters according to their geographical locations. During data
aggregation, energy consumption in network transmission is
reduced by identifying and eliminating extreme data points.
In [34], CHs are dynamically selected based on the similar-
ity of transmitted data packets, with adjustments to sampling
frequency and selective transmission triggered by variations in
sensor data. Meanwhile, the authors in [35] propose an efficient
data encoding scheme tailored to specific application scenarios,
followed by data aggregation at CHs utilizing fog computing.

In [36], an optimized Firefly Algorithm (FA) is applied to
clustering, taking into account the energy consumption and dis-
tance of IoT nodes to enhance network resource utilization. The
approach in [37] incorporates node energy and duty cycle into
CH selection. Additionally, it exploits the correlation of multi-
dimensional, multi-attribute data to reconstruct and aggregate
information, thereby reducing network energy consumption.

For IoT networks within smart grid environments, the authors
in [38] propose a hierarchical tree structure comprising smart
meters, data concentrator units, and meter data management
systems. This architecture is complemented by data compression
algorithms to enable efficient data aggregation. In [39], a novel
clustering approach based on the Fixed Parameter Tractable
(FPT) algorithm is introduced to balance traffic load and energy
consumption among CHs in WSNs.

These advancements in cluster-based data aggregation under-
score a diverse array of strategies—ranging from metaheuristic
optimization and fuzzy logic to dynamic CH selection and
hierarchical structuring—aimed at enhancing energy efficiency,
scalability, and resource utilization in WSNs and IoT networks.
However, when applied to highly dynamic AAV networks,
cluster-based data aggregation methods inevitably encounter
challenges related to frequent re-clustering and the reelection
of cluster heads. This arises from the inherent mobility of AAV
nodes, which disrupts cluster stability and requires topological
reorganization as network configurations evolve. Furthermore,

these approaches face significant limitations, including bottle-
neck effects at CH nodes and uneven energy consumption across
the network. The performance of such methods is also highly
dependent on parameter selection, with conventional config-
urations frequently proving inadequate in adapting to rapid
topological changes. As a result, the reliability and efficiency
of cluster head generation mechanisms remain uncertain in
dynamic network environments, particularly under conditions
of continuous node mobility and unpredictable link variations.

3) Machine-Learning-Based Data Aggregation: Machine
Learning (ML) has emerged as a critical tool for enhancing
data aggregation techniques in WSNs. For instance, the authors
in [40] propose a novel data aggregation approach that incor-
porates duty cycles. This method leverages a Markov decision
process to simultaneously optimize duty cycles and data aggre-
gation, striking a balance among energy consumption, through-
put, and data consistency. Similarly, the authors in [41] employ
Q-learning, a reinforcement learning technique, to dynamically
identify optimal routing paths for data aggregation. By con-
structing an optimal routing aggregation tree based on residual
energy, inter-node distances, and link quality, this study also
addresses the routing hole problem. Additionally, the authors
in [42] introduce a Q-learning-based scheme aimed at improving
energy efficiency and extending network lifetime.

Beyond reinforcement learning, deep learning techniques
have been widely explored for WSN data aggregation. In [43],
Deep Neural Networks (DNNs) are utilized to optimize routing
strategies. By integrating DNNs with clustering algorithms, this
approach reduces data latency and traffic congestion, thereby
prolonging the network’s operational lifespan. Furthermore, the
authors in [44] present a semi-stationary clustering algorithm
that combines Q-learning with an ant colony genetic algorithm to
dynamically select cluster nodes. Another study, [45], harnesses
Generative Adversarial Networks (GANs) for clustering sensor
nodes and employs Long Short-Term Memory (LSTM) net-
works for data aggregation. A significant contribution from [46]
integrates compressed sensing, sparse data reconstruction, and
DNNs to develop an end-to-end learning framework for IoT
networks, effectively aggregating data while minimizing trans-
mission volume.

Other innovative strategies further enhance WSN perfor-
mance. For example, the authors in [47] pair reinforcement
learning with sleep scheduling schemes that consider node resid-
ual energy and sampling uniformity, resulting in aggregated and
reconstructed data that extends network lifespan. Similarly, the
authors in [48] use LSTM networks to improve data accuracy and
variational autoencoders for data aggregation, enabling dynamic
adaptation to vary data distributions for reliable aggregation
and transmission. Lastly, the authors in [49] propose a scheme
integrating Recurrent Neural Networks (RNNs) and LSTM
networks to strengthen network resilience, supporting dynamic
routing and load balancing for efficient data aggregation.

While machine learning, particularly deep learning and rein-
forcement learning, has been extensively adopted for data ag-
gregation in static WSNs, its application to AAV networks poses
significant research challenges. ML-based approaches typically
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rely on high-quality training data and environmental stability,
both of which are often lacking in AAV network scenarios due to
their inherent variability. Moreover, pre-trained models struggle
to adapt to the dynamic conditions of AAV networks, which are
characterized by rapid node mobility and continuously evolving
topologies. This adaptability issue necessitates frequent retrain-
ing, placing substantial computational and energy demands on
the system. Such requirements are incompatible with the limited
onboard energy reserves and computational capacities of AAVs,
constraints that are particularly pronounced in aerial network
operations. Consequently, addressing these challenges remains
a critical area for future investigation to enable effective ML
deployment in AAV networks.

In summary, compared with static networks, AAV networks
have many unique characteristics, such as high mobility, sparse
distribution, intermittent connectivity, unstable link quality
and SCF mechanism. These characteristics make the above-
mentioned approaches that rely on stable topology and constant
connectivity inapplicable in AAV networks. As far as we know,
there is no research on spatial-temporal range aggregation query
processing in AAV networks.

B. Routing Protocols in AAV Networks

The efficiency of spatial-temporal range aggregation query
processing in AAV networks hinges significantly on the design
of routing protocols. To this end, we survey recent advancements
in energy optimization within routing protocols tailored for
AAV networks. These protocols can be broadly classified into
three categories: topology-based, geographic, and store-carry-
forward-based routing protocols.

1) Topology-Based Routing Protocols: Topology-based
routing protocols utilize network topology information to
enhance the efficiency of message forwarding and delivery [50].
In recent years, researchers have proposed various topology-
aware strategies to optimize routing performance in AAV
networks. These strategies, which leverage detailed knowledge
of network structure, are summarized in the following sections.

Several studies have introduced innovative approaches to
improve energy efficiency and adaptability in AAV routing
protocols: In [51], a power-aware encounter tree is introduced,
constructed based on pre-planned AAV trajectories. This ap-
proach aims to identify routing paths that are energy-efficient
while adhering to specified delay constraints. In [52], the authors
employ K-means online learning to dynamically reconstruct the
network topology. This method facilitates load balancing and
enhances data transmission efficiency through adaptive topolog-
ical adjustments. In [53], a trajectory-based topology modeling
approach is proposed, integrated with a modified version of
Dijkstra’s algorithm. This technique computes optimal routing
paths tailored to dynamic environments.

Additional research has focused on multicast optimization and
the use of topological redundancy: In [54], the multicast energy
minimization problem in delay-constrained AAV networks is
addressed by reformulating it as a directed Steiner tree opti-
mization problem. This method accounts for both transmission

and reception energy consumption within the communication
model. In [55], an energy-efficient routing protocol is presented
that leverages topological redundancy to optimize routing deci-
sions. The protocol employs a dual-objective function to balance
energy efficiency and load distribution, and incorporates a novel
diagnostic and recovery framework that exploits topological
diversity to enhance system reliability.

Advancements in machine learning and topology structuring
have also been explored: In [56], an adaptive Q-learning strategy
is developed to enable distributed and autonomous routing deci-
sions. This strategy relies on real-time perception of the network
topology and adapts effectively to dynamic topological changes.
Building on Q-learning techniques, the authors in [57] introduce
a topology-aware routing protocol that extends the topological
visibility of nodes from one-hop to two-hop neighborhoods,
thereby improving the quality of routing decisions. In [58], a
network structuring methodology is proposed that transforms
irregular topologies into organized architectures. This approach
supports the implementation of a greedy forwarding mechanism,
enhancing the efficiency of data dissemination.

Despite their application in AAV networks, topology-based
routing protocols face significant challenges in highly dynamic
operational environments. These protocols require continuous
maintenance of topological information, including link status,
neighbor relationships, and node connectivity. Such mainte-
nance becomes particularly challenging when the network topol-
ogy undergoes frequent changes.

In scenarios involving abrupt topological shifts, the process
of recalculating routing paths can incur extended convergence
times, potentially resulting in substantial packet delays or losses.
Furthermore, as the density of AAV nodes increases, the size
of routing tables grows significantly, leading to heightened
computational resource demands and memory overhead. This
scalability issue poses critical challenges for the deployment
of large-scale AAV networks, particularly given the resource-
constrained nature of typical AAV platforms.

2) Geographic Routing Protocols: Geographic routing pro-
tocols differ fundamentally from topology-based approaches
by leveraging localized position information rather than global
network topology data to inform routing decisions [50]. This
method forwards packets to the neighbor node that is geograph-
ically closest to the destination, offering an efficient alterna-
tive to conventional routing strategies. In the context of AAV
networks, recent advancements have significantly enhanced the
application of geographic routing, enabling it to address the dis-
tinctive challenges posed by dynamic and resource-constrained
environments.

A key challenge in AAV networks is adapting to rapidly
changing network topologies. To address this, the authors in [59]
have proposed adaptive mechanisms, such as integrating beacon-
ing with greedy forwarding, which facilitates the dynamic se-
lection of optimal next-hop nodes. This approach ensures robust
performance despite frequent topological changes. Similarly,
connectivity-aware algorithms, as presented in [60], improve
routing reliability by utilizing link lifetime prediction and quality
assessment to sustain stable communication paths.
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Energy efficiency is a critical concern in AAV networks
due to the limited battery capacity of these devices. To tackle
this issue, advanced protocols have been developed that em-
ploy multi-criteria decision-making, integrating factors such as
positional data, energy consumption, and latency to construct
energy-aware routing trees [61]. These trees optimize resource
utilization while maintaining connectivity along the shortest
paths. Additionally, energy-efficient multicast trees, as explored
in [62], leverage both positional and energy profile data to
enhance routing performance for group communications.

Topological voids, often arising from sparse node deployment
or equipment failures, pose significant barriers to effective rout-
ing in AAV networks. Topology-aware protocols, such as those
described in [63], mitigate this challenge by assessing residual
energy levels, spatial positioning, and consumption patterns
to support route recovery in difficult scenarios. Furthermore,
next-hop selection frameworks that consider wireless channel
characteristics and inter-AAV interference incorporate recovery
models to avoid local optima, thereby improving path reliabil-
ity [64].

Innovative decision-making strategies further strengthen the
capabilities of geographic routing. For instance, a protocol
outlined in [65] integrates relative node velocity and angular
alignment to reduce redundant transmissions and improve link
quality. Another approach, detailed in [66], utilizes a utility
function that combines multiple parameters—including energy
reserves, inter-node distance, mobility speed, directional align-
ment, and link quality—to probabilistically select the most
suitable next-hop.

Despite these advancements, pure geographic routing proto-
cols face inherent limitations in AAV networks. Sparse node de-
ployment and intermittent link availability disrupt the sustained
connectivity assumed by greedy forwarding, necessitating hy-
brid approaches that integrate geographic awareness with pre-
dictive mechanisms or redundancy-based techniques to ensure
robust operation. Additionally, the greedy forwarding strategy
is prone to local optima, resulting in inefficient routing paths
and increased latency. Compounding these challenges, nodes
near destination areas often become communication hotspots,
leading to accelerated energy depletion and a reduced network
lifespan. These issues underscore the need for ongoing innova-
tion to fully harness the potential of geographic routing in AAV
applications.

3) Store-Carry-Forward-Based Routing Protocols: To ad-
dress the limitations of traditional networking approaches in
AAV systems, the SCF paradigm [67] has emerged as a robust
solution, particularly in scenarios characterized by sparse con-
nectivity. This approach enables nodes to store messages and
physically transport them until a suitable forwarding opportunity
arises, making it well-suited for environments where contin-
uous end-to-end connectivity is impractical. Recent research
has leveraged this paradigm, introducing diverse optimization
strategies to enhance its applicability and performance in AAV
networks.

A significant body of work has focused on trajectory-based
methods to refine SCF protocols. For example, the authors
in [68] propose a multicast priority encounter graph constructed

from pre-planned AAV trajectories, enabling efficient
forwarding sequences for group communications. Building
upon this foundation, the authors in [69] integrate kinematic
node information—such as location vectors and motion
dynamics—to predict future trajectories, thereby enhancing
path prediction accuracy and forwarding efficiency. Similarly,
the authors in [70] advance packet forwarding by combining
trajectory prediction models with AAV load balancing consid-
erations, optimizing routing decisions through spatio-temporal
analysis of node positions. In a related effort, the authors in [71]
conduct a systematic evaluation of SCF protocols in sparse
network scenarios, employing trajectory prediction algorithms
to bolster message delivery reliability under intermittent
connectivity conditions. Collectively, these studies underscore
the pivotal role of trajectory-based techniques in improving SCF
performance.

Reinforcement learning and probabilistic models have also
been harnessed to optimize routing within SCF-based AAV
networks. In [72], a Q-learning-based multi-objective routing
protocol dynamically adjusts reinforcement learning parameters
to adapt to AAV mobility patterns. This approach simultane-
ously minimizes energy expenditure and transmission delay by
leveraging learned network states to identify optimal forwarding
paths. Extending the scope of optimization, the authors in [73]
introduce a multi-objective Markov chain routing mechanism
that jointly optimizes node residual energy and expected end-to-
end delay through probabilistic state transitions. These methods
highlight the potential of machine learning and statistical tech-
niques to address complex routing challenges in dynamic AAV
environments.

Adaptive and bio-inspired strategies offer additional avenues
for enhancing SCF protocols. For instance, the authors in [74]
develop an adaptive routing protocol that dynamically selects
next-hop nodes in sparse settings by integrating three key
metrics: movement direction alignment, relative velocity dif-
ferentials, and energy reserves. This method ensures efficient
forwarding decisions tailored to real-time network conditions. In
contrast, the authors in [75] propose a novel bio-inspired social
spider optimization algorithm, which regulates packet replica-
tion rates and relay selection by utilizing historical forwarding
statistics and topological features. These innovative approaches
demonstrate the diversity of techniques being explored to refine
SCF mechanisms.

The advancements outlined above illustrate the versatility of
the SCF paradigm in tackling the inherent challenges of AAV
networks. Nevertheless, significant hurdles persist, including
scalability in large-scale deployments and the computational
overhead associated with complex optimization models. These
issues warrant further investigation to ensure the practical de-
ployment of SCF-based solutions. Moreover, in highly dynamic
network environments, achieving an optimal balance between
energy efficiency, latency constraints, and high data delivery
rates remains a critical priority. This multidimensional opti-
mization challenge calls for innovative strategies capable of
reconciling competing performance metrics under time-varying
conditions, paving the way for future research to enhance the
robustness and efficiency of AAV networks.
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C. Research Gaps and Our Contributions

The preceding review in this section has detailed advances
in two key domains pertinent to our work: data aggregation
techniques and routing protocols for AAV networks. However,
a significant research gap emerges at the intersection of these
fields.

On one hand, while data aggregation is paramount for en-
hancing energy and bandwidth efficiency in wireless networks,
current research on these mechanisms is predominantly focused
on static networks, which are characterized by stationary nodes
and fixed topologies. The high mobility of nodes and the per-
petually dynamic topology of AAV networks render these static
approaches unsuitable and ineffective.

On the other hand, existing energy-efficient routing proto-
cols designed for AAV networks often overlook the poten-
tial of in-network data aggregation during query processing.
This omission leads to significant inefficiencies when handling
spatio-temporal range aggregation queries. Furthermore, these
protocols fail to fully leverage the rich trajectory and topo-
logical information inherent in AAV operations for routing
optimization.

This distinct gap motivates our research contribution. To the
best of our knowledge, no prior work has systematically ad-
dressed the joint challenge of routing optimization and process-
ing for spatio-temporal range aggregation queries specifically
within AAV networks. Table I summarizes the key distinctions
between our approach and previous studies. Specifically, our
work introduces a holistic solution. First, we leverage pre-
planned AAV trajectory information to dynamically model the
network’s topological evolution. Then, we transform the aggre-
gation query into a series of set-covering problems. Finally, the
query processing is directly integrated into the routing process
through a SCF paradigm. This approach ensures that data is op-
portunistically aggregated during the forwarding phase, thereby
minimizing energy consumption while adhering to message
delivery latency constraints.

III. SYSTEM MODEL

A. Network Model

We consider the AAV network which consists of multiple
AAVs and a ground station. Without loss of generality, we
abstract the AAV network from the three-dimensional space into
a Euclidean space, ignoring the vertical space [51]. Furthermore,
in most application scenarios like military missions, the flight
trajectories of AAVs are pre-planned and can be obtained in
advance through mission planning and path planning [76], [77],
[78]. Even if AAVs re-plan the trajectories during the mission,
their trajectories can also be obtained by the ground station in
advance through the out-of-band channel [67], [68], [79].

Each AAV flies along its respective pre-planned trajectory,
collects spatial-temporal sensory data and then stores it locally.
The ground station may send an aggregation query request with
a specific spatial-temporal constraint to target AAVs as needed,
denoted as Q = Request(T,R,D,A), where T is the time
period of the query,R is the target query region,D is the data type

of the query and A is the aggregation operation. For example,
if the ground station queries the maximum temperature in the
region r1 between t1 and t2, the query request can be expressed
asQ1 = Request([t1, t2], r1, TEMP,MAX). After receiving
the query request, each target AAV will search its local sensory
data, perform the aggregation operation and return the qualified
data as its query result to the ground station. For instance, each
target AAV first searches its local sensory data on temperature
in r1 between t1 and t2. Then, it performs “MAX ′′ aggregation
operation and uses the maximum temperature as its aggregation
query result.

Meanwhile, the computing resources of AAVs are relatively
abundant, however, the energy and bandwidth resources are
relatively scarce [51]. Moreover, in AAV networks, the cost
of the communication is multiple times that of the computa-
tion [81]. Therefore, in the spatial-temporal range aggregation
query processing, each AAV in the network can aggregate mul-
tiple received query results, and then forward the aggregated
result to the ground station. For instance, after a AAV receives
query results that contain the maximum temperature from mul-
tiple AAVs, it will aggregate these query results and select the
highest maximum temperature as the aggregated query result.
For convenience, in this paper, we assume that the packet size
of the query result of each target AAV and the aggregated result
is the same.

B. Topology Change Graph

After receiving the query requests, target AAVs will search
their respective local sensory data and then send the aggregation
query results back to the ground station. Meanwhile, these query
results should be further aggregated within the network during
transmission to reduce the energy and bandwidth consumption.
However, due to the high dynamic of topology and intermittent
connectivity of communications in AAV networks, it is difficult
to find an efficient in-network aggregation routing for query
results. To solve the above problem, in this paper, we build the
topology change graph (TCG) based on the pre-planned tra-
jectories of AAVs in order to accurately reflect communication
windows between AAVs and topology changes of the network.

The changes of the AAV network topology can be abstracted
into a topology change graph, which can be formalized as
TCG =< V,E >, where V is the set of AAVs in the network
and E represents communication links between AAVs. Based
on the pre-planned trajectories of AAVs, we can calculate the
communication windows between AAVs. It is worth noting that
due to the high dynamic of topology, there may be multiple in-
termittent connections and communications between two AAVs.
Without loss of generality, in this paper, we abstract them as a
continuous time period [4]. In other words, for each eij ∈ E, it
can be formalized as a quadruple eij =< ui, uj , t

ij
begin, t

ij
end >,

which represents that ui and uj can communicate with each
other between tijbegin and tijend. For example, as Fig. 1 shows,
there are ten AAVs u1 ∼ u10 and a ground station g0. The edges
represent communication windows between AAVs, such as AAV
u1 and u4 can communicate with each other between 0 s and 2 s,
namely e14 =< u1, u4, 0 s, 2 s >.
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Fig. 1. The topology change graph.

Fig. 2. The spatial-temporal range aggregation query processing architecture.

IV. ESTA

A. Architecture

Fig. 2 shows the architecture of ESTA. It consists of three
phases: target AAVs determination, query requests distribution
and query results aggregation.

1) Target AAVs Determination (Section IV-B): When users
are interested in the sensory data in a certain region during a
certain time period, the ground station first uses the pre-planned
trajectories of AAVs to determine target AAVs which store and
carry the qualified data.

2) Query Requests Distribution (Section IV-C): After obtain-
ing target AAVs, the ground station distributes aggregation query
requests to target AAVs based on a certain query distribution
routing protocol.

3) Query Results Aggregation (Section IV-D): When target
AAVs receive the query request, they search their respective
locally stored data, perform the aggregation operation on sensory
data satisfying the spatial-temporal constraint and then return
the aggregation query results to the ground station. Meanwhile,
in order to reduce energy and bandwidth consumption without
sacrificing the user query delay, an efficient spatial-temporal
aggregation tree is constructed, based on which the query results

Fig. 3. The AAV network status.

from different target AAVs can be further aggregated at the
intermediate nodes during transmission.

B. Target AAVs Determination

Most of the existing researches [10] on spatial-temporal range
aggregation query processing focus on static WSNs. In static
WSNs, since the positions of nodes are fixed and usually do not
change, it is very easy to determine target nodes that store and
carry the qualified data, that is, nodes in the target query region.

However, in AAV networks, due to the high mobility of nodes
and high dynamic of topology, when the ground station sends
out the spatial-temporal range aggregation query request, the
qualified target AAVs may have left the target query region. For
instance, as shown in Fig. 3, AAVs fly in the mission coverage
region and collect sensory data, utj

i represents the position of ui

at tj . At t2, the ground station g0 requests to query the maximum
temperature in the target region r1 between t1 and t2, denoted as
Q1 = Request([t1, t2], r1, TEMP,MAX). We can find that
at t2, AAV u3 and u5 have left the target query region r1 due
to the flight movement. In this case, if we collect and aggregate
data in the same way as static WSNs, the stored data in u3 and
u5 will be missed.

Another feasible method is to use flooding to distribute the
spatial-temporal range aggregation query request to all nodes
in the network without distinguishing whether they store the
query data or not [82]. This approach ensures the accuracy and
correctness of the query, however, it consumes a huge amount
of energy and bandwidth resources, which are typically scarce
in AAV networks.

Therefore, in order to make up for these shortcomings, in this
paper, we utilize the pre-planned trajectory information of AAVs
to assist in determining target AAVs. First, the time period of
the query T is abstracted into n discrete time points, denoted
as T =< t1, . . . , tj , tj+1, . . . , tn >. Then, since the trajectory
of each AAV is pre-planned, for each AAV ui, we can calculate
its position at tj , denoted as utj

i = (xij , yij), 1 ≤ j ≤ n. Based
on the obtained n position points, the trajectory of AAV ui in
the time period T can be approximately divided into n− 1 line
segments, denoted as FTi =< a1, . . . , aj , . . . , an−1 >, where
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aj = (u
tj
i , u

tj+1

i ). For AAV ui, if there is a line segment aj
that interacts with the target query region R, ui is considered
as a target AAV. Finally, we will obtain the set of target AAVs,
denoted as Utarget.

C. Query Requests Distribution

After obtaining target AAVs, the ground station needs to
distribute query requests to target AAVs. However, due to the
unique characteristics of AAV networks, e.g., high mobility
and intermittent connectivity, traditional routing protocols for
well-connected networks, such as Ad hoc On-Demand Distance
Vector (AODV) based [83] or Optimized Link State Routing
(OLSR) based [84] routing protocols, are not suitable for dy-
namic AAV networks. Therefore, in order to successfully dis-
tribute query requests to each target AAV, in this paper, multi-hop
routing protocols for AAV networks [51] are utilized. Especially,
multicast routing protocols, whose target is to deliver messages
from the source to a group of destinations, are well suited for
query requests distribution, and there is a considerable research
effort for the development of multicast routing protocols for
AAV networks [4], [85].

Based on the above method, the ground station can efficiently
distribute the query requests to target AAVs. In addition, it is
worth noting that no matter what routing protocol is used, there is
no guarantee that the query requests reach target AAVs and target
AAVs send out the query results at the same time, which makes
the assumption of synchronous transmission in most existing
methods [11], [86] untenable and unrealistic. However, our
query result aggregation scheme (see in Section IV-D) does not
rely on this assumption and can cope well with the asynchrony
of the transmissions.

D. Query Results Aggregation

1) Basic Idea: In the spatial-temporal range aggregation
query processing, the ground station needs to receive query
results from multiple target AAVs, and the query task becomes
successful only when all query results are delivered to the ground
station. Therefore, the user query delay is the time when all
query results arrive at the ground station. Meanwhile, for the
spatial-temporal range aggregation query task, query results
from different target AAVs can be aggregated at the interme-
diate nodes of the network during the transmission process. For
example, in Fig. 1, u5 can aggregate the query results from u1

and u2, then deliver the aggregated result to g0.
Based on the above observations and analyses, the main idea

of this paper is to aggregate query results as soon as possible
on the basis of ensuring the user query delay, thereby reducing
data communication and energy consumption in the network.
As depicted in Fig. 1, u1, u2 and u3 are target AAVs and need to
send query results back to the ground station. For convenience,
in this paper, we assume that the duration to transmit a query
result from one node to its neighbor node is 0.1 s, denoted as
ttrans = 0.1 s, and the corresponding energy consumption is
Em due to the same packet size. Their transmission paths with
the earliest delivery time to the ground station are

Fig. 4. The basic idea of ESTA. (a) Each query result is delivered along its
shortest path. (b) Our proposed ESTA.

1) pa1 : u1
[0,2]−−→ u4

[3,6]−−→ u8
[4,9]−−→ g0. The earliest delivery

time of the query result of u1 is 4.1 s, and the correspond-
ing energy consumption is 3Em.

2) pa2 : u2
[1,5]−−→ u5

[0,4]−−→ u1
[0,2]−−→ u4

[3,6]−−→ u8
[4,9]−−→ g0.

The earliest delivery time of the query result of u2 is 4.1 s,
and the corresponding energy consumption is 5Em.

3) pa3 : u3
[2,6]−−→ u7

[5,9]−−→ u10
[6,9]−−→ g0. The earliest delivery

time of the query result of u3 is 6.1 s, and the correspond-
ing energy consumption is 3Em.

If each query result is delivered along its shortest path, the total
energy consumption is 3Em + 5Em + 3Em = 11Em. Mean-
while, if we take in-network aggregation into consideration, the
query results of u1 and u2 can be aggregated at AAV u4. As
shown in Fig. 4(a), AAV u4 will receive query results from u1

and u2 at 0.1 s and 1.3 s,u4 can aggregate them and then forward
the aggregated result to u8 at 3 s. In this case, the total energy
consumption becomes 3Em + 1Em + 2Em + 3Em = 9Em.

However, the above schemes are not efficient enough. Since
the earliest delivery time of the last arrival packet (i.e., the query
result of u3) is 6.1 s, we take 6.1 s as the delay constraint of
all query results in order to ensure the user query delay. Then,
we aggregate query results of all target AAVs in the network as
soon as possible, so we can obtain a better transmission scheme,
as shown in Fig. 4(b). The query results of u1 and u2 will be
aggregated atu5 and then the aggregated result will be forwarded
to g0. The total energy consumption of this scheme is 1Em +
1Em + 2Em + 3Em = 7Em. In this case, the user query delay
is the same as the above two schemes (i.e., 6.1 s), meanwhile,
the energy consumption is further reduced.

2) Determine the User Query Delay: The main idea of this
paper is to aggregate query results as soon as possible on
the basis of ensuring the user query delay, thereby reducing
data communication and energy consumption in the network.
Therefore, we need to study and determine the user query delay
first.

In the aggregation query processing, the query task becomes
successful only when all query results return to the ground
station, that is, the time when the last query result delivered
to the ground station is the user query delay. We assume
that there are a total of k target AAVs, denoted as Utarget =
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{u1, u2, . . . , ui, . . . , uk}. Without loss of generality, we take
the minimum delay required for a query task as the user query
delay. In other words, for the query result of each target AAV
ui, its earliest delivery time sent back to the ground station is ti,
so the user query delay is

td = max{t1, t2, . . . , ti, . . . , tk} (1)

Therefore, in order to obtain the user query delay, we need
to calculate the earliest delivery time for each query result.
In this paper, based on the constructed TCG, the problem of
the earliest delivery time can be transformed into the shortest
path problem. However, it is worth noting that, different from
edges in traditional topology graph in static networks, edges
in TCG have lifetime, which makes the shortest path problem
unique and complex in AAV networks. Specifically, for eij =<

ui, uj , t
ij
begin, t

ij
end > and ejk =< uj , uk, t

jk
begin, t

jk
end >, when

uj receives m from ui at tijrx, and tjkbegin + ttrans ≤ tjkend, where
ttrans is the duration to transmit a query result m from uj to uk,
there will be three cases:
� If tijrx < tjkbegin, the communication ejk between uj and uk

has not started yet, uj has to store and carry m until tjkbegin,
and then uj can forward m to uk through ejk.

� If tjkbegin ≤ tijrx ≤ tjkend − ttrans, uj can immediately for-
ward m to uk through ejk.

� If tijrx > tjkend − ttrans, the communication ejk between uj

and uk is not enough to transmit m (i.e., tjkend − ttrans <

tijrx ≤ tjkend) or even has finished (i.e., tijrx > tjkend), uj can
not forward m to uk through ejk.

In brief, the query result m can be forwarded from uj to uk

through ejk if and only if

max{tijrx, tjkbegin}+ ttrans ≤ tjkend (2)

Based on the above observations and analyses, in this section,
we propose the Shortest Path Algorithm (SPA) for TCG. For each
target AAVus inUtarget, we useA to denote the set of nodes that
have found the shortest path which have the earliest delivery time
from the source node (i.e., us) to themselves, and B to represent
the set of nodes that have not yet found the shortest path, namely
B = V −A. Meanwhile, tsgen is the time when the query result
of us is generated, and T (us, ui) and H(us, ui) are the earliest
delivery time and required hop count along the shortest path
from us to ui, where ui ∈ V . To start with, set A = ∅ and B =
V . Besides, T (us, us) = tsgen, H(us, us) = 0 and T (us, u) =
∞, H(us, u) = ∞, u ∈ V − {us}. The algorithm is expressed
as follows:

1) The node that has the earliest delivery time in set B, de-
noted as ui, is removed from this set and added into set A.

2) If ui is the ground station g0, return to Step 1; other-
wise, consider each node which is adjacent to ui and
still in set B, denoted as uj ∈ U i

neighbor −A. If ui

can forward the query result of us to uj through the
edge eij (i.e., max{T (us, ui), t

ij
begin}+ ttrans ≤ tijend),

we judge whether max{T (us, ui), t
ij
begin}+ ttrans is

smaller than T (us, uj), and if so, we update T (us, uj) as
max{T (us, ui), t

ij
begin}+ ttrans. Meanwhile, H(us, uj)

Algorithm 1: SPA: The Shortest Path Algorithm for TCG.
Input:

Utarget, TCG
Output:

T (us, ui), prev(us, ui), H(us, ui), us ∈ Utarget, ui ∈
V

1: for each us ∈ Utarget do
2: A = ∅, B = V , T (us, us) = tsgen, H(us, us) = 0
3: for each u ∈ V − us do
4: T (us, u) = ∞
5: prev(us, u) = null
6: H(us, u) = ∞
7: end for
8: while B 	= ∅ do
9: ui ⇐ argminu∈B T (us, u)

10: A = A ∪ {ui}
11: B = B − {ui}
12: for each uj ∈ U i

neighbor −A do

13: Ti(us, uj) = max{T (us, ui), t
ij
begin}+ ttrans

14: if Ti(us, uj) ≤ tijend && Ti(us, uj) < T (us, uj)
then

15: T (us, uj) = Ti(us, uj)
16: prev(us, uj) = ui

17: H(us, uj) = H(us, ui) + 1
18: end if
19: end for
20: end while
21: end for

is updated to H(us, ui) + 1. This means through ui, the
query result of us can be delivered from us to uj earlier.

3) If B = ∅, the process is done, which means the shortest
paths, corresponding earliest delivery times and required
hop counts from the target AAV us to each node in the
network are all found; otherwise, return to Step 1.

After describing the main stages of the shortest path algorithm
for TCG, we summarize it in Algorithm 1. If there is a path
that can successfully deliver the query result from the target
AAV to the ground station, SPA can always find the shortest
one which has the earliest delivery time. Through SPA, we can
obtain the earliest delivery time for the query result of each target
AAV to the ground station, namely t1, t2, . . . , ti, . . . , tk. Then,
as mentioned above, we take the maximum value as the user
query delay, namely td = max{t1, t2, . . . , ti, . . . , tk}.

Taking Fig. 1 as an example, target AAVs are u1, u2, u3.
For convenience, in this paper, we assume that ttrans = 0.1 s
and tsgen = 0 s, us ∈ Utarget. According to Algorithm 1, we
can calculate the earliest delivery time and required hop count
from each target AAV to all nodes in the network, as de-
picted in Tables II and III. The earliest delivery times from
u1, u2, u3 to g0 are 4.1 s, 4.1 s, 6.1 s respectively, that is, t1 =
4.1 s, t2 = 4.1 s, t3 = 6.1 s. Therefore, the user query delay is
td = max{4.1 s, 4.1 s, 6.1 s} = 6.1 s.

3) Minimum Forwarding Set and Set Cover Problem: After
obtaining the user query delay (i.e., td), we use it as the delay
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TABLE II
THE EARLIEST DELIVERY TIME

TABLE III
THE HOP COUNT OF THE SHORTEST PATH

constraint of all query results, because the query task becomes
successful only when the last query result reaches the ground
station, and the early arrival of other query results is meaningless.
Moreover, on the basis of ensuring the user query delay (i.e.,
ensuring all query result packets can be delivered to the ground
station before td), aggregating query results in the network can
reduce data communication and energy consumption without
the sacrifice of the query delay.

Therefore, in order to enable the query results of different
target AAVs to be aggregated in the network as soon as possi-
ble, in this section, we first propose the concept of minimum
forwarding set for TCG.

Definition 4.1 (Minimum Forwarding Set): ui is a node in
TCG, and needs to receive the query results from U i

target before
tid, where U i

target is the subset of Utarget and tid is the delay
constraint of query results of U i

target to ui. Moreover, U i
neighbor

is the set of neighbor nodes of ui, if there exists a set Ni ⊆
U i
neighbor, such that
1) The query results of all target AAVs in U i

target can be
delivered to ui through the nodes in Ni before tid;

2) If any element in Ni is removed, the query result of at
least one target AAV in U i

target can not be delivered to ui

through Ni before tid,
then Ni is called the minimum forwarding set of ui.
Thus, we formulate the aggregation processing of query re-

sults as the minimum forwarding set problem, namely recur-
sively finding the minimum forwarding set from the ground
station to all target AAVs. In order to solve the above problem,
for any uj which is a neighbor node of ui, we define the
deliverable target AAVs of uj as the subset of U i

target whose
elements are the target AAVs that can be delivered to ui through
uj before tid, denoted as U j

target ⊆ U i
target. Then, based on the

shortest path algorithm for TCG, for each neighbor node uj of
ui, we can further calculate the deliverable target AAVs of uj .

The process can be expressed as follows: First, for any
uj ∈ U i

neighbor, we can obtain the earliest delivery time from
us ∈ U i

target to uj (i.e., T (us, uj), us ∈ U i
target) according

to the shortest path algorithm. Then, since uj is the neigh-
bor node of ui, the edge between ui and uj is denoted as
eij =< ui, uj , t

ij
begin, t

ij
end >. Therefore, for each us ∈ U i

target,

if max{T (us, uj), t
ij
begin}+ ttrans ≤ min{tijend, tid}, the query

Algorithm 2: DTU: The Deliverable Target AAVs
Algorithm.

Input:
ui, U

i
target, t

i
d, U

i
neighbor, TCG

Output:
U j
target, t

j
d, uj ∈ U i

neighbor

1: for each uj ∈ U i
neighbor do

2: U j
target = ∅

3: for each us ∈ U i
target do

4: if
max{T (us, uj), t

ij
begin}+ ttrans ≤ min{tijend, tid}

then
5: U j

target = U j
target ∪ {us}

6: end if
7: end for
8: tjd = min{tid, tijend} − ttrans
9: end for

result of us can be delivered to ui through uj before tid and we
add us into U j

target. Meanwhile, in order to ensure that all query

results ofU j
target can be delivered to ui through eij before tid, all

query results of U j
target should be delivered to uj before tjd. In

other words, tjd is the delay constraint of all query results from
U j
target to uj , and tjd = min{tid, tijend} − ttrans. Algorithm 2

summarizes this process in detail.
For example, in Fig. 1, AAV u1, u2, u3 are target AAVs

of g0 (i.e., U0
target = {u1, u2, u3}) and the delay constraint

of g0 is 6.1 s (i.e., t0d = 6.1 s), which means the query results
of all target AAVs need to be delivered to g0 before 6.1 s.
AAV u8, u9, u10 are the neighbor nodes of g0. For AAV u8,
the adjacent edge is e80 =< u8, g0, 4 s, 9 s >, and according
to Table II, T (u1, u8) = 3.1 s, T (u2, u8) = 3.1 s, T (u3, u8) =
6.4 s. Then for target AAV u1, since max{3.1 s, 4 s}+ 0.1 s <
min{9 s, 6.1 s}, the query result of u1 can be delivered to g0
through u8 before 6.1 s. Similarly, the query result of u2 can be
delivered to g0 through u8 before 6.1 s. However, for target AAV
u3, since max{6.4 s, 4 s}+ 0.1 s > min{9 s, 6.1 s}, the query
result of u3 can not be delivered to g0 through u8 before 6.1 s.
Therefore, the deliverable target AAVs of u8 are u1, u2, de-
noted as U8

target = {u1, u2}. Similarly, U9
target = {u1, u2} and

U10
target = {u3}. Meanwhile, t8d = min{t0d, t80end} − ttrans =

min{6.1 s, 9 s} − 0.1 s = 6 s. Similarly, t9d = 6 s and t10d = 6 s.
After obtaining the deliverable target AAVs of each neighbor

nodes of ui (i.e., U j
target, uj ∈ U i

neighbor), the above minimum
forwarding set problem can be transformed into a set cover
problem.

Definition 4.2 (Set Cover Problem): ui is a node in TCG and
its deliverable target AAVs areU i

target. The neighbor nodes ofui

are U i
neighbor = {u1, u2, . . . , uj}, and their corresponding de-

liverable target AAVs are U = {U1
target, U

2
target, . . . , U

j
target}.

Moreover,
⋃j

k=1 U
k
target = U i

target. The set cover problem is to
identify the smallest subset of U whose union equals U i

target.
It is well known that the optimization version of set cover

is NP-hard [87] and there are considerable efforts to solve this
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Algorithm 3: MSC: Minimum Set Cover Algorithm.
Input:

ui, U
i
target, U

i
neighbor, DTU

Output:
Ni

1: U = U i
target

2: Ni = ∅
3: while U 	= ∅ do
4: for each uj ∈ U i

neighbor do

5: M ⇐ argmaxuj∈Ui
neighbor

|U j
target|

6: uk ⇐ argminul∈M max{H(us, ul), us ∈
U l
target}

7: U = U − Uk
target

8: Ni = Ni ∪ {Uk
target}

9: for each ur ∈ U i
neighbor − {uk} do

10: Ur
target = Ur

target − Uk
target

11: end for
12: end for
13: end while

problem [88]. For convenience, in this paper, we use the greedy
algorithm to solve the above set cover problem. The main idea is
to choose the set that contains the largest number of uncovered
elements at each stage. When multiple largest subsets exist,
the subset exhibiting the minimum maximum hop count from
its deliverable target AAV is selected. This criterion aims to
generate shorter aggregate paths and reduce relay node load.
Moreover, in each round, we remove the covered elements from
the unselected subsets to ensure that each element appears in
only one of the smallest subsets in the end. This is because the
query result of each target AAV only need to be aggregated at
most once. The repeated appearance of elements will cause the
query results of target AAVs to be aggregated and delivered
multiple times, which will lead to unnecessary consumption of
energy and bandwidth resources. Algorithm 3 summarizes this
process in detail.

For instance, U0
target = {u1, u2, u3} = U and AAV u8,

u9, u10 are neighbor nodes of g0 where U8
target = {u1, u2},

U9
target = {u1, u2}, U10

target = {u3}. First, N0 = ∅, since
|U8

target| = |U9
target| > |U10

target|, and according to Table III,
max{H(u1, u8), H(u2, u8)} = max{2, 4} = 4, max{H(u1,
u9), H(u2, u9)} = max{2, 2} = 2 < 4, we choose U9

target and
add it into the smallest subset, N0 = {U9

target = {u1, u2}}.
Then, we delete the corresponding covered elements from
U , U8

target and U10
target, namely U = U − U9

target = {u3},
U8
target = U8

target − U9
target = ∅ and U10

target = U10
target −

U9
target = {u3}. Next, since |U10

target| > |U8
target|, we choose

U10
target and add it into the smallest subset, N0 = {U9

target =
{u1, u2}, U10

target = {u3}}. Meanwhile, U = U − U10
target = ∅

and U8
target = U8

target − U10
target = ∅. Since U = ∅, the

process is done and the smallest subset of U0
target is

{U9
target = {u1, u2}, U10

target = {u3}}.
4) Build the Spatial-Temporal Aggregation Tree: To ensure

query results to be aggregated within the network as soon as
possible, we propose the concept of minimum forwarding set

Fig. 5. The construction procedure of the spatial-temporal aggregation tree.

and transform it into a set cover problem. In addition, the
aggregation processing of query results can be transformed
into recursively finding the minimum forwarding set from the
ground station g0 to all target AAVs Utarget, thus constructing
a Spatial-Temporal Aggregation Tree (STAT). In this section,
we describe the construction procedure of the spatial-temporal
aggregation tree. We use a queue Q to assist the insertion of
nodes in STAT. Meanwhile, we use a set F to keep track of
the nodes that have been added into STAT. The algorithm is
expressed as follows:

1) Add the ground station g0 into Q and insert g0 into STAT
as the root node. Meanwhile, we initialize set F = {g0}.

2) Take the first element in the queue Q, denoted as ui, and
obtain its neighbor nodes U i

neighbor. Note that U i
neighbor

does not contain elements in set F , that is, nodes that have
been added into STAT will not be considered as neighbor
nodes of any AAV.

3) For each neighbor node of ui, denoted as uj , if uj ∈
U i
target, add uj into STAT as the child node of ui and

add it into set F . Meanwhile, we delete uj from U i
target

and U i
neighbor. This means the aggregation path from the

target AAV uj to the ground station g0 is found.
4) Calculate the deliverable target AAVs of each uj ∈

U i
neighbor, and then find the minimum forwarding set of

ui, that is, the minimum subset of U i
target, denoted as Ni.

5) For each uk whose Uk
target ∈ Ni, add uk into the queue Q

and insert it into STAT as a child node of ui. Meanwhile,
add uk into set F , which means uk has been added into
STAT.

6) If the queueQ is empty or all target AAVs have been added
into STAT (i.e., Utarget ⊆ F ), the construction process of
STAT is done, which means the aggregation paths of all
target AAVs have been found; otherwise, go to Step 2.

After describing the main stages of the construction of
the spatial-temporal aggregation tree, we summarize it in
Algorithm 4.

In Fig. 5, we build a spatial-temporal aggregation tree for the
example in Fig. 1 to illustrate the construction process. First,
g0 is added into Q and inserted into STAT as the root node.
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Algorithm 4: STA-Tree.
Input:

g0, Utarget, td, TCG
Output:

STAT
1: Q.push(g0)
2: STA.add(g0, null)
3: F = {g0}
4: while !Q.isEmpty() & Utarget 	⊂ F do
5: ui ⇐ Q.poll()
6: U i

neighbor = U i
neighbor − F

7: for each uj ∈ U i
neighbor do

8: if uj ∈ U i
target then

9: STA.add(uj , ui)
10: F = F ∪ {uj}
11: U i

target = U i
target − {uj}

12: U i
neighbor = U i

neighbor − {uj}
13: end if
14: end for
15: Udelt ⇐ DTU(ui, U

i
target, t

i
d, U

i
neighbor, TCG)

16: Ni ⇐ MSC(ui, U
i
target, U

i
neighbor, Udelt)

17: for each uk, U
k
target ∈ Ni do

18: Q.push(uk)
19: STA.add(uk, ui)
20: F = F ∪ {uk}
21: end for
22: end while

F = {g0}. We take out g0 from Q, as mentioned above, since
Utarget = {u1, u2, u3} and the minimum forwarding set of g0
is N0 = {U9

target = {u1, u2}, U10
target = {u3}}. We add u9 and

u10 into Q and insert them into STAT as the child nodes of g0.
Meanwhile, F = {g0, u9, u10}.

Then, as shown in Fig. 5(c), we take out u9 from Q. Since
g0 ∈ F , the neighbor nodes of u9 are u5 and u6. For AAV u5,
max{T (u1, u5), t

59
begin}+ ttrans = max{0.1 s, 5 s}+ 0.1 s =

5.1 s, max{T (u2, u5), t
59
begin}+ ttrans = max{1.1 s, 5 s}+

0.1 s = 5.1 s and min{t59end, t9d} = min{8 s, 6 s} = 6 s. Since
5.1 s < 6 s, U5

target = {u1, u2}. Similarly, for AAV u6,
max{T (u1, u6), t

69
begin}+ ttrans = max{6.1 s, 6 s}+ 0.1 s =

6.2 s, max{T (u2, u6), t
69
begin}+ ttrans = max{6.1 s, 6 s}+

0.1 s = 6.2 s and min{t69end, t9d} = min{10 s, 6 s} = 6 s. Since
6.2 s > 6 s, U6

target = ∅. Therefore, the minimum forwarding
set of u9 is N9 = {U5

target = {u1, u2}}. We add u5 into
STAT as the child node of u9 and add it into Q. Meanwhile,
F = {g0, u9, u10, u5}.

Next, as Fig. 5(d) shows, we take out u10 from Q.
The neighbor nodes of u10 are u6 and u7. For AAV u6,
max{T (u3, u6), t

610
begin}+ ttrans = max{6.1 s, 7 s}+ 0.1 s =

7.1 s and min{t610end, t
10
d } = min{8 s, 6 s} = 6 s. Since 7.1 s >

6 s, U6
target = ∅. For AAV u7, max{T (u3, u7), t

710
begin}+

ttrans = max{2.1 s, 5 s}+ 0.1 s = 5.1 s and min{t710end, t
10
d } =

min{9 s, 6 s} = 6 s. Since 5.1 s < 6 s, U7
target = {u3}.

Therefore, the minimum forwarding set of u10 is N10 =

{U7
target = {u3}}. We add u7 into STAT as the child node of

u10 and add it into Q. Meanwhile, F = {g0, u9, u10, u5, u7}.
Then, as depicted in Fig. 5(e), we take out u5 from Q. The

neighbor nodes of u5 are u1, u2 and u8. Since u1 and u2 are both
target AAVs, we directly insert them into STAT as the child nodes
ofu5. Meanwhile, we updateU5

target = U5
target − {u1, u2} = ∅

and F = {g0, u9, u10, u5, u7, u1, u2}. Finally, we take out u7

from Q. Since u3 is the neighbor nodes of u7, we insert it
as the child node of u7. Meanwhile, we update U7

target =
U7
target − {u3} = ∅ and F = {g0, u9, u10, u5, u7, u1, u2, u3}.

Since Utarget ⊆ F , the construction procedure of STAT is done.
Based on the constructed spatial-temporal aggregation tree,

we can obtain the aggregated routing paths of all target AAVs.
In STAT, the root node is the ground station, and except for
the leaf nodes, each node will aggregate query results of all its
child nodes, and then forward the aggregated result to its parent
node. For example, as shown in Fig. 5(f), u1 and u2 send their
respective query results to u5, then u5 aggregates these query
results and forwards the aggregated result to u9, and finally u9

delivers it to g0.
5) Generalized Scenario Expansion: In the previous section,

we take the minimum delay required to complete the query
task (i.e., the earliest delivery time of the last arrival packet)
as the user query delay. As shown in the above example, td =
max{t1, t2, t3} = max{4.1 s, 4.1 s, 6.1 s} = 6.1 s. However, in
many practical application scenarios, the requirement of the user
query delay is not so tight, that is, the query delay constraint
given by the user is typically greater than the minimum delay
required for a query task. Therefore, in order to extend to more
general scenarios, in this section, we introduce the slack variable
ζ ≥ 0 to relax the user query delay, namely

tnd = td + ζ (3)

The parameter ζ is a user-definable trade-off factor. It bal-
ances query latency against energy consumption and can be
adjusted based on user preferences or specific application re-
quirements. For example, let ζ = 1 s, then tnd = 6.1 s + 1 s =
7.1 s. According to Table II, at this time,U8

target = {u1, u2, u3},
U9
target = {u1, u2, u3} and U10

target = {u3}. Since |U8
target| =

|U9
target| = 3, and max{H(u1, u8), H(u2, u8), H(u3, u8)} =

max{2, 4, 4} = 4, max{H(u1, u9), H(u2, u9), H(u3, u9)} =
max{2, 2, 2} = 2, the minimum forwarding set of g0 is N0 =
{U9

target = {u1, u2, u3}}. Similarly, according to Algorithm 4,
we can obtain the final spatial-temporal aggregation tree, as
shown in Fig. 6(a), and the corresponding transmission scheme
is shown in Fig. 6(b). The query results of u1 and u2 will be
aggregated at u5 first, and then further aggregated at u9 with the
query result of u3. Finally, the aggregated query result will be
delivered to g0. The total energy consumption is 6Em, which is
further reduced. By introducing the slack variable, we demon-
strate that ESTA can work well with generalized scenarios.

E. Computational Complexity Analysis

In this section, we provide a formal analysis of the com-
putational complexity of the ESTA algorithm to evaluate its
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Fig. 6. The generalized scenario expansion when tnd = 7.1 s. (a) The spatial-
temporal aggregation tree. (b) The corresponding transmission scheme.

computational overhead. The algorithm’s complexity is pri-
marily determined by two core components: the execution of
the Shortest Path Algorithm (SPA) to establish the user query
delay, and the recursive construction of the Spatial-Temporal
Aggregation Tree (STAT).

Shortest Path Algorithm (SPA): The first phase of ESTA
involves determining the minimum query response delay by
finding the earliest delivery time from each of the k target
AAVs to the ground station. This is achieved by executing
our Dijkstra-like SPA on the Topology Change Graph (TCG).
Let V be the number of nodes (AAVs and the ground station)
and E be the number of time-dependent edges (communication
opportunities) in the TCG. For a single source, the complexity of
our SPA, using a standard priority queue implementation (e.g., a
binary heap), is O(E + V log V ). Since this process is repeated
for each of the k target AAVs, the total complexity for this phase
is O(k · (E + V log V )).

STAT Construction: The second phase involves building the
Spatial-Temporal Aggregation Tree (STAT) by recursively solv-
ing a series of set cover problems. The core of this process is a
greedy heuristic that, at each node ui in the tree’s construction,
selects a next-hop neighbor that can provide a path for the
largest number of yet-uncovered target AAVs. Let dmax be the
maximum degree of any node in the TCG (i.e., the maximum
number of neighbors) and k be the total number of target AAVs.
For a given node ui, the greedy selection process involves
iterating through its neighbors and checking their coverage,
resulting in a computational cost of approximately O(dmax · k)
for that step. As this procedure is applied recursively to build
the tree, and the tree can have at most V nodes, the overall
complexity for constructing the entire STAT is bounded by
O(V · dmax · k).

Therefore, the overall computational complexity of ESTA is
manageable and primarily polynomial in terms of the network
size and the number of target AAVs, ensuring its feasibility for
practical deployment.

V. PERFORMANCE EVALUATION

In this section, we provide a comprehensive experimental
design and performance analysis of ESTA on the Opportunistic
Network Environment (ONE) simulator [18].

Fig. 7. An experimental screenshot of the ONE.

TABLE IV
SIMULATION SETTINGS

A. Simulation Setup and Scenarios

Referring to the simulation scenarios in [51], [76], [79], we
design a simulation scenario inspired by the forest monitor-
ing missions. One stationary ground station is placed together
with 21 search AAVs and 4 ferry AAVs. Each search AAV
is responsible for a 200m × 200m region and uses a typical
zigzag movement pattern to efficiently cover the region, and
each ferry AAV flies forth and back along the specified trajectory
to assist search AAVs with message delivery. Note that the
trajectories of all AAVs are pre-planned. That is, all nodes utilize
the “MapRouteMovement” model, causing them to move along
predefined map paths. The experimental screenshot is shown
in Fig. 7 and Table IV summarizes the detailed experimental
parameters.

Moreover, we use the energy model proposed in [51], [89].
This model is a probabilistic wireless link quality model based on
the empirically-validated log-normal shadowing model, which
captures both distance-dependent path loss and random signal
fluctuations from multi-path effects. This realistic portrayal of
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Fig. 8. The impact of the query region ratio. (a) Average query delay.
(b) Average query energy consumption.

link behavior is essential for analyzing and designing robust
network protocols.

In this paper, we use the following metrics to evaluate the
performance of the spatial-temporal range aggregation query
algorithms.
� Query delay: The query delay represents the time it takes to

complete a query task, that is, the time for all query results
to be successfully delivered to the ground station.

� Query Energy consumption: The query energy consump-
tion is the energy consumed by all query result packets to
be delivered to the ground station in a query task.

In addition, as far as we know, we are the first to research
spatial-temporal range aggregation query processing in AAV
networks. Therefore, we propose a Baseline Spatial-Temporal
range Aggregation query processing (BSTA) algorithm and then
compare it with ESTA. The BSTA consists of two main stages:

1) According to the constructed TCG and proposed SPA, we
can obtain the shortest paths for query results of all target
AAVs. Then, each target AAV delivers its query result
along the shortest path to the ground station.

2) In the process of query result delivery, if a AAV stores and
carries the query results of multiple target AAVs at the
same time, it will aggregate these query results. Then the
aggregated result will be forwarded to the ground station
along the remaining shortest path.

For example, as shown in Fig. 1, target AAVs are u1, u2, u3,
and as mentioned above, the corresponding shortest paths are
pa1, pa2, pa3. According to the shortest paths, as shown in
Fig. 4(a), AAV u4 will receive the query results of u1 and u2

at 0.1 s and 1.3 s. Then, u4 will store and carry them until 3 s,
and forward them to u8 at 3 s. Therefore, u4 aggregates the
query results of u1 and u2, and then forwards the aggregated
result to u8 at 3 s. Through the way of piggybacking in-network
aggregation, BSTA reduces energy and bandwidth consumption
without sacrificing the query delay.

B. The Impact of Different Variables

1) Impact of the Query Region Ratio: As Fig. 8(a) shows,
as the query region ratio increases, the query delay increases.
This is because the query delay is the time it takes for all query
results to be delivered to the ground station, which is essentially
determined by the arrival time of the last query result reaching
the ground station. When the query region ratio becomes larger,

Fig. 9. The impact of the query time period. (a) Average query delay.
(b) Average query energy consumption.

the expectation of the delivery delay of each query result remains
unchanged, but the variance becomes larger, resulting in a larger
query delay. On the other hand, it is obvious that the query delays
of ESTA and BSTA are the same. In BSTA, the query result of
each target AAV is delivered along its own shortest path, while in
ESTA, the earliest delivery time of the last arrival query result is
the delay constraint, so the delivery delays of the two algorithms
are the same.

Furthermore, with the increase of the query region, the query
energy consumption of both BSTA and ESTA increases, how-
ever, the increase rate of ESTA is much smaller than that of
BSTA, which means that ESTA can save more energy than
BSTA with the increase of the query region. As depicted in
Fig. 8(b), when the query region ratio becomes 34%, the query
energy consumption of ESTA is 26.2% of that of BSTA. This
is because by constructing a spatio-temporal aggregation tree,
ESTA makes an overall plan for the query results of all target
AAVs and performs in-network aggregation as early as possible,
which can effectively reduce the query energy consumption.

2) Impact of the Query Time Period: As shown in Fig. 9(a),
with the increase of the query time period, the average query
delay of both ESTA and BSTA shows an overall upward trend.
The reason is that the larger the query time period, the more
target AAVs which store and carry the qualified data. Therefore,
the increase of the query time period leads to the increase of the
query delay, which is similar to the impact of the query region.
However, the trajectories of AAVs are pre-planned, and AAVs
cover the mission coverage region in an efficient pattern, rather
than flying in a disorder way. Therefore, with the increase of
the query time period, the number of target AAVs that satisfy
the spatial-temporal constraint tends to be stable, and the query
delay also tends to be stable.

Moreover, the query energy consumptions of both ESTA and
BSTA increase with the query time period due to more query
results which need to be delivered to the ground station. ESTA
can efficiently reduce the energy consumption on the basis
of ensuring query delay through the in-network aggregation,
especially when the query time period is long. When the query
time period is 90 s, the query energy consumption of ESTA is
only 37.2% of that of BSTA.

3) Impact of the Query Number: In this experiment, different
numbers of query tasks are sent out at a constant speed within
500 seconds. As depicted in Fig. 10(a), the query delays of both
ESTA and BSTA do not fluctuate significantly with the query
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Fig. 10. The impact of the query number. (a) Average query delay.
(b) Average query energy consumption.

Fig. 11. The impact of the AAV speed. (a) Average query delay. (b) Average
query energy consumption.

number. This is because both ESTA and BSTA use pre-planned
trajectory information to calculate routing paths in advance, so
they can adapt to various AAV network environments.

At the same time, we can find that ESTA can effectively reduce
the query energy consumption through in-network aggregation.
As Fig. 10(b) shows, the query energy consumption of ESTA is
stable at 45.2% of that of BSTA, demonstrating the efficiency
and superiority of ESTA.

4) Impact of the AAV Speed: As shown in Fig. 11(a), the av-
erage query delay of both ESTA and BSTA generally decreases
as the AAV speed increases. The reason is that as the AAV speed
increases, there are more communication opportunities between
AAVs, and less storage-and-carry time required by AAVs, so
that AAVs can deliver query results to the ground station with
less delivery delay.

As shown in Fig. 11(b), the average query energy consump-
tions of both ESTA and BSTA increase slowly as the AAV
speed increases. This is because under the same spatial-temporal
constraint, due to the increase of the AAV speed, the number
of target AAVs increases, resulting in an increase of the query
energy consumption.

Meanwhile, it is worth noting that the average query energy
consumption of ESTA is only 39.8% of that of BSTA. This
is because ESTA further performs in-network aggregation on
the basis of BSTA, thereby further reducing the query energy
consumption.

5) Impact of the Communication Range: In this experiment,
we investigate the effect of the communication range, which
determines the sparsity and connectivity of the AAV network.
As shown in Fig. 12(a), as the communication range increases,
the query delay decreases rapidly. The reason is that with the
increase of the communication range, both ESTA and BSTA

Fig. 12. The impact of the communication range. (a) Average query delay. (b)
Average query energy consumption.

Fig. 13. The impact of the AAV density. (a) Average query delay. (b) Average
query energy consumption.

can find the transmission paths which have earlier delivery time
for query results, thereby reducing the query delay. Meanwhile,
the query energy consumption of ESTA is about 45% of that
of BSTA. Furthermore, the better the connectivity of the AAV
network, the better the effect of the in-network aggregation.

6) Impact of the AAV Density: This experiment evaluates the
algorithms’ performance under varying network densities by
adjusting the number of AAVs from 15 (sparse) to 35 (dense)
within a fixed area. As shown in Fig. 13(a), the average query
delay for both ESTA and BSTA decreases significantly as the
AAV density increases. In sparse networks with few AAVs,
the lack of consistent connectivity forces a heavy reliance on
the time-consuming store-carry-forward mechanism, resulting
in high delays. As the network becomes denser, communication
opportunities increase, enabling efficient multi-hop forwarding
and drastically reducing the query delay. The rate of improve-
ment diminishes as the network approaches a well-connected
state, demonstrating a pattern of diminishing returns.

Fig. 13(b) illustrates the impact of AAV density on energy
consumption. Interestingly, the energy consumption for both
algorithms decreases as the network becomes denser. This is
because higher connectivity allows for the discovery of more
efficient, shorter-hop routing paths, reducing the overall trans-
mission cost compared to the less efficient paths in a sparse
network. However, the results clearly show that ESTA capi-
talizes on this increased connectivity far more effectively than
BSTA. With more nodes available, ESTA can construct a more
optimal Spatial-Temporal Aggregation Tree by selecting better-
positioned aggregation points. This superior optimization strat-
egy leads to a widening efficiency gap as density increases; for
example, the energy consumption of ESTA is 52.0% of BSTA’s
at a density of 15 AAVs, but this ratio improves to just 41.0% at
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Fig. 14. The impact of the data load. (a) Average query delay. (b) Average
query energy consumption.

Fig. 15. The impact of the slack variable. (a) Average query delay. (b) Average
query energy consumption.

35 AAVs. This demonstrates ESTA’s robustness and its advanced
capability to leverage network resources to save energy.

7) Impact of the Data Load: In this experiment, we investi-
gate the performance of the algorithms under varying data loads
by adjusting the Query Result Packet Size from 5 KB to 80 KB.
As shown in Fig. 14(a), the average query delay for both ESTA
and BSTA exhibits a slight and steady increase as the packet size
grows. This is because a larger packet requires more time for
transmission at each hop. However, since the total delay in AAV
networks is often dominated by store-and-carry waiting times
due to intermittent connectivity, the increase in transmission
time has a limited, linear impact on the overall query delay. As
ESTA’s optimization is designed to reduce energy consumption
without sacrificing latency, the query delays for both algorithms
remain identical.

Fig. 14(b) illustrates the impact of data load on energy con-
sumption. The query energy consumption for both algorithms
increases significantly with the packet size, which is expected as
transmitting larger packets requires more energy. However, the
key observation is that the energy efficiency gap between ESTA
and BSTA widens dramatically as the data load increases. While
BSTA’s energy consumption scales linearly with the packet
size, ESTA’s in-network aggregation strategy becomes far more
effective at mitigating this increase. For instance, at a data load
of 80 KB, the energy consumption of ESTA is only about 40.0%
of BSTA’s. This demonstrates that ESTA is not only efficient
but also highly robust, showcasing superior energy-saving ad-
vantages, especially in data-intensive application scenarios.

8) Impact of the Slack Variable: As shown in Fig. 15(a), with
the increase of the slack variable, the query delay of ESTA also
increase gradually, because the introduction of the slack variable

Fig. 16. The impact of the slack variable on the ratio of the energy consumption
of ESTA to that of BSTA.

makes ESTA relax the requirement of the query delay constraint
in order to further aggregate query results within the network.
Furthermore, in order to more intuitively reflect the impact of
the slack variable on the query energy consumption, Fig. 16
shows the ratio of the energy consumption of ESTA to that of
BSTA. It can be seen that with the increase of the slack vari-
able, the ratio decreases, which indicates that the introduction
of the slack variable can better optimize the spatial-temporal
aggregation tree, so that ESTA can further reduce the energy
consumption.

C. Comparison to Current State-of-The-Art

In this section, we present a comprehensive performance
evaluation of our proposed ESTA and BSTA methods against
the current state-of-the-art. The comparison is conducted against
six representative methods from two highly relevant research
domains: Data Aggregation Technologies and Routing Proto-
cols for AAV Networks. As detailed in Section II, the se-
lected methods encompass diverse paradigms: tree-based (Vo
et al. [31]), cluster-based (Mohseni et al. [13]), and machine-
learning-based (Zhang et al. [44]) approaches for data aggrega-
tion; and topology-based (Zhai et al. [51]), geographic (Singh
et al. [60]), and store-carry-forward-based (Guo et al. [67])
protocols for AAV routing.

To ensure a fair and rigorous comparison, we adhered to the
original parameter settings of each method where possible, with
a few necessary adaptations for the AAV network context. For
the data aggregation methods, the message delay constraint was
set to the message Time-To-Live (TTL) of 200 s to prioritize
the query success rate. For the Q-learning algorithm in Zhang
et al. [44], we trained its routing model using data generated from
random initializations within our simulated AAV network envi-
ronment. For the AAV routing protocols, the delay constraint for
Zhai et al. [51] was set to 35 s to facilitate a direct comparison
of energy consumption under similar latency conditions. For
Singh et al. [60], the link quality was set based on our energy
model. For Guo et al. [67], its “factor” parameter was set to
1 to mandate the delivery of all query messages. To provide
a holistic performance assessment, we introduced the Query
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TABLE V
COMPARISON TO CURRENT STATE-OF-THE-ART

Success Rate, defined as the ratio of successfully completed
aggregation queries to the total number of initiated queries. An
aggregation query is deemed successful only if all corresponding
query results are received by the sink node.

The experimental results, as summarized in Table V, demon-
strate the unequivocal superiority of our proposed methods. Both
ESTA and BSTA achieve a 100% Query Success Rate while
simultaneously realizing the lowest query delay and energy
consumption among all compared approaches. This outstanding
performance is primarily attributed to ESTA’s novel architecture,
which constructs a Topology Change Graph (TCG) to accurately
model the network’s dynamic nature and subsequently builds a
Spatio-Temporal Aggregation Tree (STAT) to guide efficient,
aggregation-aware message transmission.

A detailed analysis reveals the limitations of existing tech-
nologies in dynamic AAV environments. The data aggregation
methods, originally designed for static wireless networks, per-
form poorly. Despite relaxing the delay constraint, their query
success rates remained below 40%, with query delays exceeding
four times that of ESTA and consuming substantially more
energy. The tree-based approach of Vo et al. [31] frequently
experiences routing failures as the rigid tree structures cannot
withstand the constant link breakages in a mobile AAV network.
In contrast, ESTA’s TCG proactively adapts to such topological
changes. The cluster-based method of Mohseni et al. [13] suffers
from severe instability. The high mobility of AAVs leads to fre-
quent re-clustering and changes in cluster leadership, incurring
excessive overhead that results in extremely low success rates
and high latency and energy costs. The reinforcement learning
approach of Zhang et al. [44] shows marginally better perfor-
mance, as it was trained on AAV network data. However, it still
fails to match the efficiency and reliability of our deterministic,
topology-aware approach.

The compared AAV routing protocols achieve higher query
success rates but are suboptimal in terms of efficiency due
to their lack of an in-network aggregation mechanism. Zhai
et al. [51] achieves a respectable performance within its category
by dynamically adjusting transmission power. Nevertheless, its
energy consumption is nearly three times that of ESTA and also
higher than our baseline BSTA. Singh et al. [60] exhibits query
failures because its geographic forwarding strategy is prone
to getting trapped in local optima. Its reliance on geographic
progress for relay selection also leads to inefficient paths and
higher energy consumption. Guo et al. [67] leverages an opti-
mized flooding-based multicast approach to match the low query

delay of ESTA. Nevertheless, its reliance on this broadcast-like
foundation results in substantial transmission redundancy and
energy consumption that is roughly six times greater than that
of ESTA.

VI. LIMITATIONS AND FUTURE WORKS

While this paper introduces ESTA as a novel and efficient
algorithm for spatial-temporal range aggregation queries in AAV
networks, demonstrating significant performance gains, we ac-
knowledge several limitations that also open promising avenues
for future research.

Dependence on Pre-planned Trajectories and Network
Dynamics: A core assumption of ESTA is the availability of
pre-planned AAV trajectories, which are used to construct the
Topology Change Graph (TCG). While applicable in many
mission-based scenarios, this assumption limits the algorithm’s
adaptability in highly unpredictable environments where AAVs
must frequently deviate from their paths due to unforeseen
obstacles, adverse weather, or dynamic mission retasking.

Future research could focus on developing a more dynamic
version of ESTA that can handle real-time trajectory adjust-
ments. This could involve integrating probabilistic trajectory
prediction models to anticipate near-future connectivity changes
or designing a hybrid framework that uses pre-planned routes as
a baseline but employs a reactive mechanism to locally update
the TCG and repair the Spatial-Temporal Aggregation Tree
(STAT) in response to unexpected deviations.

Computational Complexity and Scalability: The ESTA algo-
rithm relies on centralized computations, including the execution
of a shortest path algorithm for the entire network and the recur-
sive solving of the set cover problem to build the STAT. While
the simulations with 25 AAVs show excellent performance, the
computational overhead may become a bottleneck in large-scale
AAV swarms comprising hundreds or thousands of nodes. The
complexity of generating a global TCG and solving optimization
problems could challenge the resource constraints of the ground
station.

To enhance scalability, a decentralized or hierarchical version
of ESTA could be investigated. The network could be partitioned
into dynamic clusters, with each cluster constructing a local
STAT. An inter-cluster aggregation strategy could then be over-
laid, creating a hierarchical aggregation structure that distributes
the computational load across the network, thereby improving
scalability and resilience.
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Simplifications in System and Communication Models: ESTA
assumes that query and aggregated result packets are of a uni-
form size and focuses on distributive aggregation functions like
MAX. The model also abstracts multiple intermittent connec-
tions into a single continuous communication window. These
simplifications, while pragmatic, do not capture the full com-
plexity of real-world scenarios.

Future iterations of the algorithm could be enhanced to sup-
port heterogeneous data types and variable packet sizes, which
would require a more nuanced energy consumption model. Re-
search should also explore strategies for handling more complex,
non-distributive aggregation functions (e.g., median, variance),
which may necessitate modifications to the aggregation logic
within the STAT. Enhancing the communication model to ac-
count for MAC-layer contention and interference would also
provide a more realistic performance evaluation, especially in
dense network deployments.

VII. CONCLUSION

In this paper, we study the spatial-temporal range aggrega-
tion query in AAV networks, and then propose an Efficient
Spatial-Temporal range Aggregation query processing (ESTA)
algorithm. First, ESTA utilizes the pre-planned trajectory in-
formation to construct a topology change graph (TCG) in
order to reflect the communication windows between AAVs.
Then, an efficient shortest path algorithm is proposed based
on which the user query delay can be obtained. Next, ESTA
transforms the aggregation processing of query results into
recursively solving the set cover problem, thus constructing a
spatial-temporal aggregation tree (STAT). With the constructed
STAT, an efficient in-network aggregation routing path for query
results without the sacrifice of the user query delay can be
found. Extensive experimental results show that ESTA outper-
forms the baseline algorithm in terms of time delay and energy
consumption.
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