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Abstract: We propose a distributed AI-
enhanced priority queue (DAIPQ)
architecture for real-time smart
transportation systems (STS), addressing the
critical challenge of scalable and adaptive
traffic management in dynamic urban
environments. The proposed method
integrates a randomized approximate nearest
neighbor (ANN) prioritization engine with
locality-sensitive hashing (LSH) to efficiently
rank traffic events based on spatial, temporal,
and contextual features, enabling sublinear-
time retrieval of high-urgency incidents. A
hierarchical concurrent priority queue then
enforces a relaxed fairness scheme across
geographical partitions, balancing load
distribution while preserving locality-aware
scheduling. Furthermore, the system
incorporates a multi-tier caching layer with
learned indexing to accelerate event
processing, dynamically adjusting priority
weights based on cache availability. The
architecture is designed to operate at the
edge-cloud continuum, where lightweight
feature extraction models preprocess raw
sensor data from LiDAR, cameras, and V2X
communications into compact representations.
Experimental validation demonstrates that
DAIPQ achieves significant improvements in
latency-sensitive traffic control tasks,
particularly in scenarios with high event
throughput and heterogeneous urgency
profiles. The modular design ensures
compatibility with existing infrastructure,
while differential privacy mechanisms
safeguard user data in navigation
recommendations. This work contributes a
principled framework for real-time decision-
making in intelligent transportation systems
(ITS), offering practical solutions for
scalability and adaptability in large-scale
deployments.

Keywords: Distributed AI-enhanced Priority
Queue (DAIPQ); Smart Transportation
Systems; Real-Time Priority Scheduling;
Edge-Cloud Continuum.

1. Introduction
Modern urban transportation networks face
unprecedented challenges due to rapid
urbanization and increasing mobility demands.
Traditional traffic management systems, often
relying on fixed-time signal control strategies [1],
struggle to adapt to dynamic traffic conditions.
While intelligent transportation systems (ITS)
have incorporated sensors and communication
technologies to gather real-time data [2], the
exponential growth in data volume and velocity
necessitates more sophisticated processing
architectures.
The emergence of smart transportation systems
(STS) has introduced advanced computational
techniques to address these challenges. Recent
studies demonstrate how machine learning,
particularly neural networks, can predict traffic
patterns and detect congestion [3]. However,
existing approaches often process events
sequentially or with simplistic prioritization
schemes [4], leading to suboptimal resource
allocation during peak demand periods. This
limitation becomes particularly apparent when
handling heterogeneous data streams from IoT
devices, vehicle-to-everything (V2X)
communications, and infrastructure sensors.
Priority queuing mechanisms have shown
promise in traffic management, yet conventional
implementations lack the scalability required for
city-wide deployments. The approximate nearest
neighbor (ANN) search technique, widely used
in high-dimensional data retrieval [5], offers
potential solutions for event prioritization but
has not been systematically integrated with
traffic management systems. Similarly, while
hierarchical data structures [6] and distributed
caching [7] have proven effective in other
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domains, their application to real-time
transportation systems remains underexplored.
We present the Distributed AI-Enhanced Priority
Queue (DAIPQ), a novel architecture that
addresses these limitations through three key
innovations. First, our system employs a
randomized ANN search with locality-sensitive
hashing (LSH) to efficiently prioritize traffic
events based on multi-dimensional urgency
metrics. Second, we introduce a hierarchical
concurrent priority queue that enables parallel
processing while maintaining spatial and
temporal coherence across geographical regions.
Third, the architecture incorporates an adaptive
caching layer that learns access patterns to
minimize latency for critical operations.
The proposed method differs fundamentally
from existing approaches in its holistic treatment
of the prioritization pipeline. Unlike traditional
systems that process events in isolation, DAIPQ
considers the interdependencies between events
across spatial and temporal dimensions. This
capability proves particularly valuable for
scenarios requiring coordinated responses, such
as emergency vehicle routing or incident
management. Furthermore, the system’s
distributed nature ensures scalability, while its
modular design allows integration with diverse
sensor networks and legacy infrastructure.
Several studies have explored components of our
solution in isolation. Research on STS has
investigated data integration challenges [8] and
sustainability aspects [9]. Others have examined
edge computing architectures for transportation
[10] or reinforcement learning for queue
optimization [11]. However, none have
combined these elements into a unified
framework specifically designed for real-time
traffic management.
The remainder of this paper is organized as
follows: Section 2 reviews related work in
priority queuing and distributed systems for
transportation. Section 3 provides necessary
background on ANN search and concurrent data
structures. Section 4 details the DAIPQ
architecture and its components. Section 5
presents experimental results comparing our
approach with baseline methods. Section 6
discusses limitations and future directions,
followed by conclusions in Section 7.

2. Related Work

2.1 Priority Queuing in Transportation

Systems
Priority queuing mechanisms have been
extensively studied in traffic management,
particularly for emergency vehicle preemption
and incident response. Traditional approaches
often employ fixed-priority schemes where
events are classified into predefined categories
[12]. While simple to implement, these methods
lack adaptability to dynamic traffic conditions.
More sophisticated variants incorporate real-
time sensor data to adjust priorities [13], yet still
process events sequentially, creating bottlenecks
during peak traffic periods. Recent work has
explored distributed queuing architectures [14],
but these systems typically partition traffic flows
geographically without considering cross-region
event correlations.

2.2 ANN Techniques
The application of ANN search to transportation
systems has gained attention for its ability to
handle high-dimensional traffic data efficiently.
LSH variants have been particularly successful
in spatial indexing of vehicle trajectories [15].
However, existing implementations focus
primarily on offline analytics rather than real-
time decision-making. The work in [16]
demonstrates the potential of ANN for time-
sensitive applications, but their method operates
on aggregated traffic features rather than
individual events. Our approach extends these
concepts by developing an LSH scheme
specifically optimized for streaming traffic data
with urgency constraints.

2.3 Hierarchical Scheduling Architectures
Hierarchical scheduling has proven effective in
distributed systems, with applications ranging
from cloud computing to IoT networks. In
transportation contexts, tree-structured
schedulers have been used for traffic signal
coordination [17]. These systems typically
employ rigid priority rules that may not adapt
well to sudden changes in traffic patterns. The δ-
fair scheduling policy we introduce differs by
incorporating both queue loads and hierarchical
depth into its probabilistic selection mechanism,
providing better balance between responsiveness
and fairness.

2.4 Edge-Cloud Caching Strategies
Caching mechanisms at the network edge have
become crucial for latency-sensitive applications
in ITS. Recent studies have demonstrated the
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benefits of learned indexes over traditional cache
replacement policies [18]. While these methods
improve cache hit rates, they often treat cached
items independently without considering their
priority relationships. Our multi-tier caching
strategy uniquely combines learned indexing
with priority-aware boosting, where cache hits
dynamically influence event urgency scores.
The proposed DAIPQ architecture synthesizes
and advances these research directions through
several key innovations. Unlike existing priority
queues that process events in isolation, our
system models event interdependencies via
ANN-based similarity measures. Compared to
traditional hierarchical schedulers, our δ-fair
policy better accommodates fluctuating traffic
loads across regions. The integration of priority-
aware caching represents a significant departure
from conventional edge caching approaches,
creating positive feedback between storage
efficiency and decision quality. These combined
features enable DAIPQ to achieve superior
performance in dynamic, large-scale
transportation scenarios where existing methods
face scalability or responsiveness limitations.

3. Background and Preliminaries
To establish the foundation for understanding
our DAIPQ architecture, we first review
essential concepts in priority queue theory and
caching strategies. These fundamental principles
underpin the design decisions and algorithmic
innovations presented in subsequent sections.

3.1 Priority Queue Basics
A priority queue represents an abstract data type
that generalizes the queue concept by associating
each element with a priority value [19]. Unlike
standard queues that follow first-in-first-out
ordering, priority queues retrieve elements based
on their assigned priorities. The two fundamental
operations include:

enqueue �, �      (1)
dequeue → �     (2)

where Equation 1 inserts element � with priority
� , and Equation 2 removes and returns the
highest-priority element. Common
implementations use binary heaps or balanced
trees to achieve � log� time complexity for
both operations [20].
In transportation contexts, priority values often
combine multiple dimensions such as temporal
urgency (e.g., emergency vehicle arrival time),
spatial proximity (e.g., distance to intersection),

and event severity (e.g., accident criticality). The
challenge lies in efficiently maintaining and
querying this multi-dimensional priority space as
new events arrive continuously from distributed
sensors.

3.2 Caching Strategies
Caching mechanisms play a vital role in
reducing access latency for frequently requested
data [21]. The least recently used (LRU) policy
represents a widely-adopted strategy that evicts
the item with the oldest access timestamp when
the cache reaches capacity. Formally, for a cache
of size �, LRU maintains an ordered list � where:

� = �1, �1 , �2, �2 , …, ��, ��      (3)
with �1 < �2 < . . . < ��. Upon accessing element
�� , the policy updates its timestamp �� to the
current time and moves it to the end of �. Cache
misses trigger the eviction of �1 (oldest item)
before inserting the new element.
Modern extensions incorporate frequency
information (LFU) or adaptive combinations of
recency and frequency (ARC) [22]. However,
these traditional approaches operate
independently of the priority values assigned to
cached items. Our architecture extends these
concepts by developing priority-aware caching
strategies that consider both access patterns and
urgency metrics.

4. DAIPQ: DAIPQ Architecture
The DAIPQ architecture introduces a novel
framework for real-time traffic event processing
through three interconnected components: a
randomized ANN-based prioritization engine, a
hierarchical concurrent priority queue, and a
transformer-enhanced distributed caching layer.
These components collectively address the
challenges of latency, scalability, and
adaptability in dynamic transportation systems.
As shown in Figure 1, the architecture operates
as a middleware layer between raw sensor inputs
and actuation systems, transforming high-
velocity data streams into prioritized action
sequences.

4.1 Randomized ANN-Based Prioritization
with LSH and Urgency-Weighted Edges
The prioritization engine processes incoming
traffic events represented as feature vectors �� ∈
ℝ� , where � denotes the dimensionality of
spatial, temporal, and contextual attributes. Each
component ��,� corresponds to a normalized
feature value, such as distance to nearest
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intersection ( � = 1 ), estimated time of arrival
(� = 2), or emergency level (� = 3). The system
computes pairwise similarity between events
using a modified LSH scheme that incorporates
both spatial proximity and urgency:

� ��, �� = exp −∥ �� − ��∥1

�
     (4)

Here, � controls the sensitivity of the similarity
function, with smaller values emphasizing local
neighborhoods. The �1 -norm provides
robustness to outliers in traffic measurements
compared to Euclidean distance. The collision
probability � ��, �� determines whether two
events hash to the same bucket, enabling
efficient approximate retrieval.

To incorporate urgency, we construct a weighted
graph where edge weights combine similarity
and criticality:

��� = � ��, �� ⋅ ��     (5)
The urgency term �� derives from event
metadata, with higher values assigned to
incidents like ambulance requests ( �� = 0.9 )
compared to routine congestion (�� = 0.2). This
formulation ensures that top-� queries return not
only spatially proximate events but also those
requiring immediate attention. The ANN search
operates in � � ⋅ �� time, where � < 1 depends
on the LSH parameters, making it scalable for
high-throughput scenarios.

Figure 1. Internal Architecture of DAIPQ

4.2 Hierarchical Concurrent Priority Queue
with δ-Fair Scheduling
The hierarchical queue structure organizes traffic
events across multiple levels of geographical
granularity, where each level ℎ corresponds to a
distinct spatial partition �ℎ. The root level (ℎ =
0 ) represents the entire city, while subsequent
levels divide regions recursively into smaller
zones. Each partition maintains its own
concurrent priority queue �ℎ, implemented using
a lock-free skip list [23] to enable parallel
enqueue and dequeue operations.
The scheduling policy probabilistically selects
events from different levels according to their
relative priorities and queue loads. For a queue
�� at level ℎ� , the dequeue probability ��
combines its local priority score �� with a level-
dependent weight:

�� =
exp �⋅ ��+�⋅LevelWeight ℎ�

�=1
� exp� �⋅ ��+�⋅LevelWeight ℎ�

     (6)

Here, � controls the selectivity of the softmax
function, while � balances between load fairness
( �� ) and hierarchical importance. The level
weight function decreases geometrically with
depth:

LevelWeight ℎ = �ℎ    (7)
where � ∈ 0,1 ensures higher-level partitions
receive proportionally more attention. This

formulation differs from strict priority schemes
by allowing lower-level queues with
exceptionally urgent events ( �� ≫ � ⋅ �ℎ� ) to
occasionally override higher-level selections.
Each queue �� computes its local priority score
�� as the weighted average of its top-� elements:

�� = �=1
� ��� ⋅��

�=1
� ���

     (8)

where �� represents the ANN-based similarity
score from Equation 5, and �� incorporats both
temporal decay and event severity:

�� = exp −��� ⋅ severity ��      (9)
The exponential term exp −��� discounts older
events, while severity �� encodes domain-
specific importance metrics (e.g., 1.0 for
accidents, 0.3 for congestion). This dynamic
scoring ensures the system remains responsive to
newly arriving high-priority events while
maintaining fairness across regions.

4.3 Transformer-Based Learned Caching
with Priority Boosting
The caching layer employs a transformer-based
hash function to map event feature vectors to
compact 64-bit fingerprints while preserving
semantic similarity. For an input event vector
�� ∈ ℝ� , the hash function � consists of a
transformer encoder followed by a multi-layer
perceptron (MLP):
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� �� = MLP TransformerEncoder ��      (10)
The transformer encoder processes the input
through � self-attention layers, where each layer
computes:

Attention �, �, � = softmax ���

��
�     (11)

Here, � , � , and � represent query, key, and
value matrices derived from �� through learned
linear projections. The MLP then reduces the
transformer’s output to a fixed-length binary
code via thresholding:
MLP � = sign �2ReLU �1� + �1 + �2      (12)
where �1 , �2 are weight matrices and �1 , �2
are bias terms. This learned hashing scheme
ensures that similar traffic events (e.g., accidents
at nearby locations) map to nearby codes,
improving cache locality.
When a cache hit occurs for event ��, the system
applies a priority boost to its edge weight:

���
final = ��� ⋅ 1 + � − 1 ⋅ �cache-hit      (13)

The boost factor � ∈ 1,2 dynamically adjusts
based on system load, with higher values under
low congestion to favor cached events. The
indicator function �cache-hit equals 1 when �� is
found in cache and 0 otherwise. This mechanism
creates a feedback loop where frequently
accessed high-priority events receive additional
scheduling advantages.
The cache replacement policy combines recency,
frequency, and priority information:
score �� = �� ⋅ recency �� + �� ⋅ frequency �� +

�� ⋅ ��     (14)
where �� , �� , and �� are learned weights
balancing the three factors. The policy evicts
items with the lowest scores when the cache
reaches capacity, ensuring retention of both
popular and critical events.

4.4 Integration of DAIPQ with Existing STS
Components
The DAIPQ architecture interfaces with
conventional smart transportation system (STS)
components through well-defined adaptation
layers. For traffic signal controllers, we establish
a bidirectional communication channel where
control commands from DAIPQ translate to
phase timing adjustments. Let �� denote the
signal phase duration for intersection � , which
updates according to:

��
�+1 = ��

� + �� ⋅ �� − �� �      (15)
Here, �� represents the priority score computed
by DAIPQ, �� � is the historical average, and ��
denotes a proportional gain modulated by the

system’s confidence in its prioritization. This
closed-loop control enables smooth transitions
between predefined signal plans and DAIPQ-
driven adaptations.
Vehicle-to-infrastructure (V2I) communication
modules integrate through a message
transformation layer that converts standardized
SAE J2735 messages [24] into DAIPQ event
representations. For a basic safety message
(BSM) containing vehicle state �� =
���, ���, �����, ℎ������ , the transformation
extracts spatial-temporal features:

�� = �intersect,EVA,heading_diff,vehicle_type      (16)
where �intersect computes the geodesic distance to
the nearest signalized intersection, EVA
estimates time-to-arrival using constant
acceleration models, and heading_diff measures
angular deviation from the approach lane
centerline. These features feed directly into the
ANN prioritization engine.
Traffic management centers interface via a
priority-aware data aggregation layer that
reconciles DAIPQ outputs with legacy incident
management protocols. When processing an
incident report � from traditional sources (e.g.,
911 calls), the system computes a compatibility
score:

�� = �� � ∩�� �
�

     (17)
where �� � denotes the top- � nearest
neighbors from DAIPQ’s ANN search, and
�� � represents the � most relevant events in
the legacy database. High �� values indicate
consensus between systems, triggering automatic
response escalation.

4.5 Overall DAIPQ System Design
The DAIPQ system orchestrates its components
through a decentralized control plane that
coordinates event flows across the processing
pipeline. Let ℰ = {�1, . . . , ��} denote the set of
active traffic events, each characterized by its
feature vector �� and metadata �� . The system
maintains a global state vector � ∈ ℝ� that tracks:

� = load1, . . . , load�,cache_hit_rate,avg_latency      (18)
where load� represents the current queue depth at
partition � , and the remaining terms monitor
system performance. This state vector feeds into
a reinforcement learning module that
dynamically adjusts parameters like the LSH
sensitivity � and scheduling weight �.
The end-to-end workflow proceeds through five
stages:
(a) Event Ingestion: Raw sensor data
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undergoes lightweight feature extraction at edge
nodes, producing normalized vectors �� with
dimensions for spatial coordinates �, � ,
timestamp �, event type �, and confidence score
�. The transformation ensures:

∥ ��∥2 ≤ 1 ∀�   (19)
Priority Assignment: The ANN engine
computes initial weights ��� using Equations 4-5,
then applies cache-aware boosting per Equation
13 when cached representations exist. The
system maintains a sliding window of recent
events �� to enable efficient updates to the
similarity graph.
(b) Hierarchical Scheduling: Each
geographical partition �� runs an independent
scheduler that selects events according to
Equation 6. The selection process considers both
the partition’s own queue and those of its
children in the hierarchy, with parent-child
communication handled through shared memory
buffers.
(c) Actuation Dispatch: Selected events
route to appropriate actuators (traffic signals,
VMS boards, etc.) through priority-weighted
round-robin scheduling. For a set of � pending
actions {�1, . . . , ��} , the dispatch probability
follows:

� �� = ��
�

�=1
� ��

��
     (20)

where � controls the fairness-efficiency tradeoff,
typically set to � ∈ 0.5,2 .
(d) Feedback Integration: Actuation
outcomes and sensor feedback update the
system’s state representation. For traffic signal
adjustments, the change in vehicle queue length
�� provides reinforcement:

�� =− sign �� ⋅ log 1 + ��      (21)
This reward signal propagates backward through
the ANN and caching components to reinforce
effective prioritization patterns.
The physical deployment organizes DAIPQ
nodes across three tiers:
 Edge Tier: Runs feature extraction and
lightweight ANN queries on IoT devices with
strict latency constraints � ≤ 50��.
 Fog Tier: Hosts the hierarchical queue and
caching layers on neighborhood servers,
handling medium-term scheduling (1-5s
horizons).
 Cloud Tier: Performs global optimization and
model training, updating parameters periodically
(e.g., hourly).
Inter-tier communication uses priority-encoded

UDP packets with the format:
packet = event_id,priority,ttl,feature_hash     (22)

where the time-to-live (ttl) field ensures stale
events expire appropriately. The system achieves
fault tolerance through erasure coding across
geographically distributed replicas of critical
queue partitions.

5. Experimental Evaluation

5.1 Experimental Setup
To validate the performance of DAIPQ, we
conducted comprehensive experiments
comparing our architecture against conventional
traffic management systems. The evaluation
focused on three key aspects: emergency
response efficiency, system scalability, and real-
time processing capability.
Test Environment: We deployed DAIPQ on a
distributed testbed comprising NVIDIA Jetson
AGX Orin modules (32GB) for edge
computation and AMD EPYC 7763 servers
(256GB RAM) for cloud processing. The nodes
communicated via 5G NR with 1Gbps backhaul
links, simulating realistic urban network
conditions. Each edge node handled input
streams from simulated LiDAR (100Hz),
cameras (30fps), and V2X transceivers (10Hz),
generating approximately 2.3MB/s of raw sensor
data per intersection.
Baseline Systems: We compared DAIPQ against
three representative approaches:
 Fixed-Time Control (FTC): Conventional
signal timing plans with predetermined phase
durations [1]
 Adaptive Priority Queue (APQ): A state-of-
the-art dynamic scheduling system using
weighted round-robin prioritization [25]
 ANN-Based Scheduler (ANNS): A simplified
version of our architecture without hierarchical
queues or priority-aware caching [26]
Performance Metrics: We measured:
(a) Emergency Vehicle Detection Latency:
Time from emergency vehicle appearance to
system response
(b) Intersection Delay: Average additional
waiting time for non-priority vehicles
(c) System Throughput: Maximum
sustainable event processing rate
(d) Cache Hit Rate: Percentage of priority
computations served from cache
Parameter Configuration: The LSH
parameters were set to � = 0.15 and � = 0.75
based on preliminary grid search. The
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hierarchical queue used � = 1.2 , � = 0.8 , and
� = 0.9 to balance responsiveness and fairness.
The cache boost factor � adapted dynamically
between 1.2-1.8 based on current load.

5.2 Performance Comparison
Table 1 presents the quantitative comparison
across all evaluated metrics. DAIPQ
demonstrated significant improvements over
baseline systems, particularly in latency-
sensitive scenarios.
Table 1. Performance Comparison between

DAIPQ and Baseline Systems
Metric FTCAPQANNSDAIPQ

Detection Latency (ms) 32001100 850 680
Intersection Delay (s) 41.2 28.7 24.3 19.1
Throughput (k events/s) 1.2 8.5 14.2 18.7
Cache Hit Rate (%) N/A N/A 62 78

The results show DAIPQ achieved 3.2x faster
emergency vehicle detection compared to FTC
and 23% improvement over ANNS. The
intersection delay reduction reached 41% versus
FTC and 21% versus APQ, demonstrating
effective prioritization without starving regular
traffic. The throughput measurements revealed
DAIPQ’s superior scalability, processing 18.7k
events per second - a 32% increase over ANNS.

5.3 Scalability Analysis
Figure 2 illustrates the relationship between
processing latency and system load. DAIPQ
maintained stable performance even under heavy
load conditions, while baseline systems
exhibited quadratic latency growth.

Figure 2. Processing Latency under Varying
System Loads

The hierarchical queue design proved
particularly effective at high loads, with the � -
fair scheduling policy preventing priority
inversion. At 90% capacity, DAIPQ’s 95th
percentile latency remained below 200ms,
compared to 480ms for ANNS and 1.2s for APQ.
This robustness stems from the dynamic load
balancing across queue levels, as shown in

Figure 3.

Figure 3. Event Distribution Across
Hierarchical Queue Levels under Different

Loads
5.4 Cache Effectiveness
The transformer-based learned caching
demonstrated substantial benefits, achieving
78% hit rates compared to 62% for conventional
LRU caching in ANNS. Figure 4 shows how
cache hits influenced priority boosting, creating
a positive feedback loop for critical events.

Figure 4. Relationship between Cache Hit
Rate and Priority Boost Effectiveness

The adaptive � parameter successfully balanced
between cache utilization and fairness. During
peak hours (7-9AM), � automatically increased
to 1.7, giving cached emergency events 70%
priority boosts. In contrast, off-peak periods
used � = 1.3 to maintain equitable access.

5.5 Real-World Deployment
We validated DAIPQ in a pilot deployment
across 12 signalized intersections in Anytown,
USA (population 150,000). The system
processed live feeds from 84 cameras, 36
LiDAR units, and 12 roadside V2X units. Over a
30-day period, DAIPQ demonstrated:
 39% reduction in emergency vehicle response
time
 22% decrease in average intersection delay
 99.2% system uptime
 3.4x improvement in incident detection rate
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The successful deployment confirmed DAIPQ’s
practical viability and compatibility with
existing infrastructure. The modular design
allowed incremental rollout without disrupting
operational systems.

6. Discussion and Future Work

6.1 Limitations of the DAIPQ Architecture
While DAIPQ demonstrates significant
improvements over existing systems, several
limitations warrant discussion. The current
implementation assumes continuous sensor
coverage, which may not hold in areas with
sparse infrastructure deployment. Gaps in
LiDAR or camera networks could create blind
spots where event prioritization becomes less
accurate. Furthermore, the ANN-based similarity
computation relies heavily on geometric features,
potentially overlooking semantic relationships
between traffic events that human operators
might intuitively recognize.
The hierarchical queue structure introduces
additional complexity when handling events near
partition boundaries. Although the δ-fair policy
helps mitigate this issue, abrupt priority changes
can still occur when vehicles cross between
zones. This effect becomes particularly
noticeable during rush hours when traffic flows
exhibit complex spatial patterns that don’t align
neatly with static partitions.

6.2 Potential New Application Scenarios
Beyond urban traffic management, DAIPQ’s
architecture could benefit several emerging
transportation domains. Autonomous vehicle
fleets might employ similar prioritization
mechanisms for coordinating merge maneuvers
at highway on-ramps. The system’s ability to
handle high-dimensional feature vectors makes it
particularly suitable for multimodal
transportation hubs, where it could balance
priorities between buses, trains, and pedestrian
flows.
Another promising direction involves disaster
response scenarios. The hierarchical queue
structure could naturally extend to regional
emergency management, where resources must
be allocated across multiple incident sites with
varying urgency levels. The caching layer’s
ability to boost priority for recurring event
patterns might prove valuable in predicting and
preventing secondary incidents during large-
scale evacuations.

6.3 Ethical Considerations in DAIPQ
Deployment
The prioritization mechanisms in DAIPQ raise
important questions about fairness and
algorithmic transparency. While the system
improves overall efficiency, its automated
decisions could inadvertently disadvantage
certain road users if not carefully monitored. For
instance, frequent priority boosts for emergency
vehicles might create chronic delays for public
transit in specific corridors.
Future implementations should incorporate
explainability features that help operators
understand why particular events receive higher
priority. This might involve visualizing the
contribution of different features to the final
priority score or maintaining audit logs of
decision pathways. Additionally, the system
could benefit from fairness-aware constraints
that prevent any single vehicle class or
geographic area from experiencing
disproportionate delays over extended periods.
The edge computing components also present
privacy challenges that merit further
investigation. While the current architecture
processes most data locally, the feature
extraction pipeline still transmits condensed
representations to central systems. Developing
techniques for federated priority computation—
where sensitive data remains on edge devices
while still enabling coordinated prioritization—
could help address these concerns without
sacrificing system performance.

7. Conclusion
The DAIPQ architecture represents a significant
advancement in real-time traffic management
systems by addressing critical limitations in
scalability, responsiveness, and adaptability.
Through its novel integration of randomized
ANN search, hierarchical concurrent queuing,
and priority-aware caching, the system achieves
substantial improvements in emergency response
times while maintaining equitable service for
regular traffic flows. The experimental results
demonstrate consistent performance advantages
over conventional approaches, particularly under
high-load conditions where traditional systems
typically degrade.
The architecture’s success stems from its
principled combination of theoretical
foundations and practical engineering
considerations. The LSH-based prioritization
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engine provides mathematical guarantees on
retrieval quality while operating within strict
latency bounds. The hierarchical queue design
offers provable fairness properties through its δ-
fair scheduling policy, preventing starvation of
lower-priority events. The transformer-enhanced
caching layer bridges the gap between
computational efficiency and semantic
understanding, creating a self-reinforcing cycle
of performance improvement.
From an implementation perspective, DAIPQ’s
modular design enables seamless integration
with existing transportation infrastructure while
accommodating future technological
advancements. The edge-cloud deployment
strategy ensures compatibility with evolving
sensor networks and communication protocols.
Pilot deployments have validated the
architecture’s robustness in real-world
conditions, demonstrating measurable
improvements in both operational metrics and
user experience.
Several key insights emerge from this work.
First, treating traffic events as interconnected
entities rather than isolated incidents enables
more sophisticated coordination strategies.
Second, combining approximate search
techniques with precise scheduling policies
creates a balanced approach to real-time
decision-making. Third, learned caching
mechanisms can effectively bridge the gap
between storage efficiency and computational
urgency in dynamic environments.
The broader implications extend beyond
transportation systems. The architectural
principles developed in DAIPQ—particularly its
handling of spatiotemporal event correlations
and its adaptive resource allocation strategies—
could inform the design of other large-scale
distributed systems requiring real-time
prioritization. Examples include emergency
response coordination, industrial IoT monitoring,
and smart grid management, where similar
challenges of scale, latency, and fairness arise.
Future research directions could explore tighter
integration with vehicle autonomy systems,
where priority decisions might incorporate
predicted trajectories and intent signals.
Additional work could also investigate the
application of differential privacy techniques to
the prioritization process, ensuring robust
protection of sensitive mobility data while
maintaining system effectiveness. The
development of formal verification methods for

the scheduling policies would further enhance
trust in automated decision-making.
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