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Real-time urban traffic estimation and prediction under sparse sensing, partial
observability, and varying demand persist as difficult optimization issues in
intelligent transportation systems. Recent centralized deep models typically
require large historical datasets, incur high computational costs, and have
insufficient adaptability to dynamic environments. To this end, we explored the
design of a scalable and robust framework for improving traffic reconstruction
and forecasting with incomplete observations. To accomplish this goal, we
presented an organizational intelligence model, in which the traffic network
was modeled as a dynamic graph of lightweight local computational units
assigned to each road segment or intersection. These entities work together in
distributed optimization processes that include adaptive influence weighting,
role specialization, and structural coordination. This architecture separates
local computation from global coordination, enabling efficient training without
increasing model depth. We tested the framework on benchmark traffic data
and realistic urban environments in Taif, Saudi Arabia. The proposed model on
the benchmark dataset reduced the test root mean-squared error from 0.5578
to 0.3530 (36.7%), and the test mean absolute error (MAE) from 0.3013 to
0.1614 (46.4%) relative to a centralized baseline. The validation loss decreased
by 48.0%. On real-scale deployment units, total MAE fell from 6.6473 to 6.2060,
while hidden-node MAE decreased from 6.8816 to 6.4787. Other experiments
demonstrated lower inference latency, increased robustness in limited-data
scenarios, and stable transfer to unseen environments. These results show
that organizational intelligence is an efficient, scalable, optimization-oriented
alternative for next-generation real-time urban traffic management.
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1. Introduction

Urban traffic systems are dynamic, networked,
and partially visible environments that need to be
estimated, predicted, and managed within opera-
tional constraints. Recent advances in distributed
artificial intelligence (AI) have highlighted decen-
tralized learning! and optimization in large-scale
infrastructure, particularly in communication and
transportation systems. Meanwhile, collaborative
prediction, anomaly detection, and adaptive con-
trol for smart cities are widely implemented using
multi-agent approaches.? Emerging paradigms,
such as digital twins and metaverse-integrated
traffic systems, extend beyond these to incorpo-
rate real-time perception, reasoning, and resource
scheduling across urban infrastructures.?

All of these trends indicate an increasing fo-
cus on smart, optimization-guided transportation
management. Extending these insights, many Al-
based traffic prediction and control models have
been developed to tackle traffic flow estimation
and network optimization.* Most traditional so-
lutions are based on centralized architectures and
may not be scalable or provide real-time respon-
siveness. Comparison studies between centralized
and distributed paradigms have found that dis-
tributed systems tend to be much more robust
and dynamically flexible computational solutions®
than centralized strategies in dynamic environ-
ments. Recent works have also contributed to
improved collaborative decision-making for con-
nected and autonomous vehicles through graph-
based and multimodal solutions,® and online opti-
mization and spatiotemporal decision-making ap-
proaches have been proposed for traffic conditions
that change over time and exhibit heterogeneity.”

The emergence of multi-agent reinforcement
learning (MARL) as an efficient framework for
decentralized traffic optimization and control fur-
thers adaptability.2 819 Similar approaches evolve
cooperative policies under repeated interaction
with the environment. Multi-agent models'! have
been introduced to account for heterogeneous driv-
ing behaviors and their effects on network dynam-
ics. In this regard, distributed MARL frameworks
have proven to be effective for motorway control
and large-scale traffic flow management,'? whereas
recent surveys document the growing importance
of multi-agent systems and edge computing for
scalable intelligent transport systems.'® Simulta-
neously, spatiotemporal learning methods, such as
graph neural networks and transformer architec-
tures, have achieved strong predictive performance
in traffic flow estimation. These techniques uti-
lize graph structures and attention mechanisms

to model spatial dependency and temporal devel-
opment.'* 16 Decoupling patterns over the long
term from short-term time has improved predictive
accuracy.

General research has supported the significance
of graph neural networks in transportation analyt-
ics in large-scale studies,'® and machine learning
has also been adapted to maximize traffic sig-
nals and intersection control.'® Recent hybrid-
transformer technologies, memory-augmented net-
works, and higher-performance applications have
also been applied to scalable model prediction
and its quality.?% 23 Transportation systems are
more than just prediction; optimization-oriented
decision-support mechanisms that turn model out-
puts into operating strategies are further needs
of those in transportation systems, thus moving
beyond prediction. Early decision support systems
(DSSs) frameworks laid the groundwork for group
decision-making and transportation planning.?426

These systems subsequently also included geo-
graphic knowledge systems, driver behavior mod-
eling, and Al-based sustainable mobility planning
systems.?”2? Data-driven DSSs also greatly en-
hance the ability of large transportation decision-
making.?® However, a central optimization chal-
lenge remains: real traffic systems can only be
observed at a partial level, meaning a limited
set of sensors is available at each time instant.
Uncertainty-aware learning, historical inference,
and incomplete-observation modeling®! have all
been introduced to solve this problem. This has
also been applied to partially observable environ-
ments in the background via multimodality and
historical context.?2:33

Further research on traffic sensor networks also
underscores the importance of spatial correla-
tion for observability and resilience.?* Recent
ontology-augmented and uncertainty-sensitive ap-
proaches now focus on robust optimization in fluc-
tuating, uncertain contexts.?*37 The Internet-
of-Things (IoT)-based adaptive traffic manage-
ment systems play a similar role in supporting
the distributed and real-time optimization of ur-
ban mobility systems.?® Complementary works in-
volve computational experimentation frameworks,
communication-based coordination approaches,
and parallel control paradigms. The integra-
tion of big-data transportation analytics and
DSS-based computational experiments has further
enhanced the system-level optimization capabil-
ity.3? Real-time traffic control methods, such as
communication-based approaches like vehicular ad
hoc networks (VANETS), have been proposed for
distributed coordination.*® Parallel control and
management paradigms incorporate computation,
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experimentation, and optimization in intelligent
transportation systems.*!

Recently, adaptive filtering and state estimation
methods for congestion prediction and dynamic
control techniques have been introduced for con-
gestion forecasting and state estimation,*? and
long-term research in this field has been developed
in the context of distributed intelligent transporta-
tion systems, with a main focus on distributed-
based intelligent transportation systems.*3 How-
ever, the majority of conventional approaches are
optimized for a small part of a single problem.
Deep learning models prioritize accuracy, multi-
agent systems emphasize decentralization, while
the design and planning frameworks of DSSs fo-
cus more on “top-level” planning. An integrated
model that jointly optimizes prediction, coordi-
nation, and the adaptive system structure is still
missing. This limitation, especially under par-
tial observability, changing demand trends, and
real-time computing requirements, is important.
Inspired by this deficiency, this paper proposes a
new concept for organizational intelligence that
reinterprets traffic estimation and prediction as a
distributed optimization problem.

The traffic network is constructed as a small, co-
operating computational model that operates only
under local constraints regarding information and
interacts flexibly and autonomously with neighbor-
ing nodes. The global performance emerges as a
performance-oriented coordination, role specializa-
tion, and structural adaptation process. Instead
of deepening the model, the design maximizes
the organization of computation throughout the
network. The main contribution of this study
is to link intelligent transportation systems with
a modern optimization perspective through an
organizational lens. In contrast to fixed central-
ized architectures or pre-defined coordination rules,
the proposed system constantly reorganizes itself
to improve accuracy, scalability, and robustness
during its estimation process. The framework
tests the approach under realistic traffic condi-
tions, including sparse sensing, limited training
data, and dynamic conditions. From these results,
organizational intelligence is positioned as an in-
teresting optimization-oriented base level of the
next-generation urban traffic management system.

The main contributions of this work are sum-
marized as follows:

e Proposes a new organizational intelligence
framework that models urban traffic systems
as distributed, cooperative computational en-
tities, shifting from model-centric to system-
level optimization.

e Develops a distributed optimization approach
for accurate traffic reconstruction and predic-
tion from sparse, incomplete sensor data, ad-
dressing real-world observability limitations.

e Introduces a dynamic graph-based structure in
which each road segment/intersection serves
as a local computational unit, enabling scal-
able, efficient computation without increasing
model complexity.

e Incorporates adaptive influence weighting, role
specialization, and structural coordination, al-
lowing the system to self-organize and respond
to dynamic traffic conditions.

e Designs a framework that decouples local pro-
cessing from global optimization, improving
training efficiency and reducing computational
overhead compared to centralized deep learn-
ing models.

e Demonstrates effectiveness in Taif, Saudi Ara-
bia, with reduced MAE across both observed
and hidden nodes, confirming its applicability
in real urban deployments.

e Shows lower inference latency, improved ro-
bustness under limited-data scenarios, and
stable performance when transferred to un-
seen locations.

e Establishes the proposed approach as a scal-
able, robust, and optimization-oriented alter-
native for real-time intelligent transportation
Systems.

2. Literature review

Intelligent transportation systems research has de-
veloped through numerous interconnected streams,
including DSSs, distributed and multi-agent in-
telligence, spatiotemporal learning models, and
uncertainty-aware traffic analysis. These streams,
altogether, provide the underlying basis for con-
temporary traffic prediction and estimation sys-
tems, but are still predominantly siloed in terms of
their integration from decision-making to predic-
tion to adaptive response in a single schema. DSSs
and intelligent decision technologies in transport
play a foundational role in research. Early work
introduced structured systems of group decision-
making and traffic management based on theo-
retical models of the role of computational tools
for human operators and policymakers.?* 26 In
addition, Geographic Information Systems (GIS),
driver behavior modeling, and Al-based decision
support have been used to further improve sustain-
able urban mobility.?”2? The advent of big data
analytics further facilitated data-driven decision-
making, as DSS frameworks leveraged it to pro-
cess transportation data and generate actionable
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insights at scale.3%3? Complementary advance-
ments include communication-based coordination
methods, such as VANETSs,%° and parallel control
and management models that combine computa-
tion, experimentation, and control in intelligent
transportation approaches.*:43 Recent work has
used adaptive filtering or state estimation meth-
ods to enhance congestion prediction and adaptive
decision-making in an ever-changing scenario.*?
However, DSS frameworks tend to be at a high
level and depend on the outputs of underlying
predictive models rather than directly integrat-
ing decision-making into the computational frame-
work. Recently, distributed intelligence and multi-
agent systems have become the paradigm to ad-
dress large-scale traffic conditions. New devel-
opments in distributed Al emphasize decentral-
ized decision-making approaches to scale and en-
hance robustness in next-generation systems.! For
traffic prediction, anomaly detection, and adap-
tive control, multi-agent approaches have emerged,
enabling cooperative behavior among agents in
complex urban settings.? We have also recently
seen the emergence of digital twins and metaverse-
integrated traffic systems that broaden this para-
digm to enable real-time perception, computation,
and orchestration of resources across integrated
infrastructures.® In this respect, MARL has been
widely utilized for traffic flow prediction and signal
control, enabling agents to select the best avail-
able policies while interacting with more dynamic
environments.> 819 These approaches have subse-
quently been improved to address different driving
behaviors!! and enable distributed control in large-
scale networks.'? Detailed evidence for the in-
creasing utilization of various multi-agent systems
and edge computing in intelligent transportation
systems has been reported,'3 recently in collab-
orative decision-making processes for connected
and autonomous vehicle models based on graph
representations® and spatiotemporal optimization
approaches.” However, the main multi-agent ar-
chitectures currently available worldwide rely on
established joint coordination or central training
strategies, which limit these approaches’ ability
to self-organize and adapt over time. Another
significant research area is spatiotemporal mod-
eling and deep learning-based traffic prediction.
Graph neural networks and transformer architec-
tures exhibit remarkable performance in learning
spatial dependencies and temporal dynamics in
traffic data.'* 16 These techniques exploit state-
of-the-art attention mechanisms and graph repre-
sentations to achieve higher prediction accuracy.
Decoupling long-term and short-term temporal

correlations has improved performance in com-
plicated systems.'” Extensive evidence suggests
that graph neural networks are generally more suit-
able for transportation applications and infrastruc-
ture,'® and that machine learning methods have
also been used for traffic signalization and intersec-
tion management.'® Ongoing advances range from
hybrid spatiotemporal transformers to memory-
augmented architectures and high-performance
computing deployments, improving scalability and
efficiency.?% 23 Although successful, most models
employ a centralized approach that is sensitive
to the level of data needed. Partial observation
and uncertainty in traffic systems are fundamen-
tal problems encountered universally in these do-
mains. In practice, real-world traffic networks
are characterized by low sensor coverage, high
noise, and unstable conditions, posing challenges
for estimation and prediction. Machine learning
systems have been proposed to tackle these prob-
lems by integrating historical data and probabilis-
tic forecasting to enhance inference under incom-
plete observations.>® MARL frameworks have also
been extended to handle partial observability, mul-
timodal data, and temporal context.??33 Traf-
fic sensor network research emphasizes the role
of spatial-temporal correlations for system ob-
servability and resilience.?* In addition, recent
advances in ontology-enhanced and uncertainty-
aware decision-making have underscored the need
for robust frameworks that operate under uncer-
tainty and in dynamic environments.26:3%37 At
the same time, IoT-based distributed adaptive
traffic solutions also emphasize the significance of
distributed real-time decision-making in dynamic
urban settings.?® On the whole, the extant litera-
ture indicates three major limitations. Predictive
models, like deep learning-based models, are first
trained with accuracy as the primary focus, but
are poor at intrinsic decision-making. Second,
multi-agent systems enable decentralized control
but usually rest on predetermined coordination
rules or centralized training. Third, DSSs provide
high-level guidance but are not closely integrated
with underlying computational processes. Thus,
prediction, decision-making, and system adapta-
tion are treated as separate stages rather than
a continuous series. These shortcomings reveal
the need for an alternative paradigm in which
decision-making is directly incorporated into the
computational architecture and emerges as adap-
tive coordination among distributed components.
Such a paradigm also needs to satisfy partial ob-
servability, scalability, and real-time constraints
while remaining efficient and productive. Building
on these lines of inquiry, the current study offers
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a new organizational intelligence framework that
introduces distributed computation, adaptive co-
ordination, and decision-making within a single
system, whereby global traffic estimation and pre-
diction emerge from localized interactions among
simple computational units.

3. Methods
3.1. Guided theoretical introduction

Real-time urban traffic estimation requires recon-
structing network-wide conditions from incom-
plete, noisy, and unevenly distributed observations.
In practical systems, only a subset of roads or sen-
sors is observable at any moment, while the full
traffic state—including flow, speed, density, and
congestion propagation—remains partially hidden.
Similar partial-observability challenges have been
reported in traffic monitoring, railway demand pre-
diction, and adaptive signal control, where sparse
local measurements must support reliable global
inference.31-34

Recent progress has largely relied on centralized
spatiotemporal models, graph neural networks,
and transformer architectures that learn global
traffic dynamics from historical data.'*23 Al-
though highly accurate under stable conditions,
these models often depend on fixed parameteri-
zations, substantial training data, and significant
computational resources, which may reduce adapt-
ability under disruptions, sensor failures, or rapidly
changing traffic regimes.'417:20,23

In parallel, distributed and multi-agent ap-
proaches have demonstrated strong scalability and
responsiveness in traffic control and cooperative
mobility systems.!»?8710,12,13,32,38 Thege findings
suggest that urban traffic networks are naturally
suited to localized computation with coordinated
interaction rather than purely monolithic predic-
tion.

Motivated by this view, the present work re-
formulates traffic estimation as an organizational
intelligence problem. Instead of a single deep
model, the framework employs shallow adaptive
cooperative units (SACUs), each assigned to a
localized region. Every SACU performs bounded-
capacity estimation and short-horizon forecasting
using local observations, temporal context, and
compact messages from neighboring units. Global
traffic intelligence emerges through structured co-
operation among many lightweight units rather
than through increased model depth.

The proposed architecture comprises three inter-
acting layers: localized SACU estimation; adaptive
neighborhood coordination through message ex-
change and influence weighting; and higher-level
structural adaptation that updates roles and com-
munication priorities based on performance feed-
back. Consequently, no central controller is re-
quired; decisions arise from distributed local eval-
uations across the network.

The framework is assessed according to
deployment-oriented criteria, such as reconstruc-
tion accuracy under partial observability, forecast-
ing performance in dynamic conditions, robustness
to missing data, scalability, and near-real-time
computational efficiency. Figure 1 shows how
we have moved from conventional centralized pre-
diction to an adaptive organizational intelligence
framework in which distributed coordination re-
places fixed, monolithic modeling, and the system
structure is a learnable, dynamically evolving com-
ponent.

3.2. Mathematical framework for the
organizationally adaptive distributed
traffic solver

The proposed framework models the urban traffic
system as a connected graph:

G=(V, E) (1)
where each node ¢ € V represents a localized traffic
region, such as an intersection, corridor, or road
segment, and each edge (i,7) € E captures traffic
interactions and spatial dependency. The latent
traffic state at time ¢ is defined as:

z(t) = {i(t)}ei(t) €R? (2)
where z;(t) may include flow, speed, density, queue
length, or congestion descriptors. Because practi-
cal monitoring systems observe only part of the
network, measurements are sparse and noisy:

yi(t) =0i(zi(t))+ei(t) (3)

where O; denotes the sensing operator and &;(t)

is bounded noise. The system’s objective is to re-

construct the full traffic state and generate short-

horizon predictions in real time under incomplete

observability. Figure 2 illustrates the structural

organization of this distributed estimation process,

where localized observations are transformed into

a coherent global state through coordinated local
computation and adaptive interaction.
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Each node is assigned an SACU, which acts as a
bounded local estimator. The mapping associated
with node i is defined as:

Ti=g; (zi7 7" Al ry) (4)

(2
where xf_” represents temporal traffic observa-
tions collected over a short historical window, in-
cluding numerical traffic variables such as speed,
flow, density, and congestion-related descriptors;
Al denotes aggregated neighborhood information
obtained through graph-based message passing;
and r; denotes the adaptive functional role as-
signed to node i. The framework operates on
graph-structured traffic sensor measurements un-
der partial observability rather than image-based
inputs.

To preserve efficiency, each SACU is intention-
ally shallow and modeled as a convex combination
of lightweight micro-experts:

K
gi() =Y _ (") (5)
k=
subject to: 1

K
ZO%Z Laig= 0 (6)
k=1

with bounded basis functions:

[l <Cs (7)
where ¢p denotes the k-th shallow expert and o
represents its adaptive activation weight. This gat-
ing formulation is related to lightweight mixture-of-
experts coordination strategies used in recent spa-
tiotemporal and time-series learning frameworks.
Unlike uncertainty-aware gating mechanisms that
redistribute weights primarily according to predic-
tive uncertainty, the proposed framework combines
adaptive specialization with neighborhood coordi-
nation and organizational role adaptation under
sparse graph observability. This design ensures
that computational depth remains low at each
node, while adaptive expressivity emerges through
selective expert activation.

Coordination between nodes is achieved through
lightweight message passing over the traffic graph.
For node i, neighborhood information is aggre-
gated as:

A=A ({mfj € N(i)}) (8)
where N (i) denotes the neighborhood of node 1,
m?z denotes the transmitted neighborhood mes-
sage from node j, and A(-) denotes the aggregation

operator implementing weighted neighborhood fu-
sion. The structural adaptation operator H4 up-
dates communication priorities and neighborhood
influence according to reconstruction performance,
while H, updates node-level functional special-
ization roles during iterative optimization. Un-
der partial observability, unavailable neighboring
states are replaced with reconstructed neighbor-
hood estimates from the previous coordination
iteration.

To assess local reliability, each unit computes
its reconstruction error:

e;= llzi -l (9)
where ||-||2 denotes the Euclidean norm.
These local errors drive adaptive influence re-
distribution among neighboring nodes:

;= P(BES)

’ ZkeN(i) exp(—fEk)
so that more reliable units receive greater influence.
The resulting distributed estimate is:

Zi= Y wiifi(wgmyry)
JEN(3)

This mechanism is illustrated in Figure 2
through the adaptive influence and neighboring
SACU interaction blocks, in which coordination
strength changes with performance.

The complete traffic solver is formulated as the
constrained optimization problem:

, >0 (10)

(11)

(12)

Amin Lglobal
X,W.R,C

subject to Equations 5—11, where W is the
adaptive influence matrix, R is the organiza-
tional role configuration, and C= {¢;;} denotes
the communication-cost matrix associated with
active graph interactions. The global objective is:

Lglobal :Ldata+)‘1 Lsmooth+)\2 Hr+)\3Lcomm (13)

where:

Ldata: Z ||yz_?//\7/”§ (14)
i
enforces observation consistency:
Lsmooth: Z wl]HEEZ_/x\]H% (15)
(i,j)EE
enforces spatial coherence:
(16)

Ho=—Y "> aglog(air)
ik

promotes specialization, and:
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Leomm= Z Cij Wi (17)
(i,J)eE

penalizes excessive communication load, where
cij= 0 denotes the communication cost associated
with edge (7, 7). During iterative topology refine-
ment, the structural adaptation operator H4 up-
dates communication priorities by modifying the
effective interaction weights w;; according to re-
construction reliability and neighborhood contri-
bution. Thus, the optimization jointly balances
estimation accuracy, network consistency, adaptive
specialization, and computational efficiency.

The online execution of this optimization is il-
lustrated in Figure 3. At each time step, SACUs
first compute localized traffic estimates from tem-
poral observations and neighborhood messages.
The resulting local reconstruction errors are then
evaluated and used to update adaptive influence
weights through Equation 10. Updated neigh-
borhood messages are subsequently aggregated
through Equation 8, after which the structural
adaptation operators revise communication priori-
ties and node specialization roles before generating
the next distributed traffic estimate and prediction.
This yields the coupled update dynamics:

=1 (2 W RO) (18)

(W(t+1) ,R(t+1)) :F(W(t) 7R(t) ’E(t))

where T updates the distributed traffic estimate
and I' updates the structure according to perfor-
mance feedback. Consequently, learning occurs
not only in state values but also in organizational
relationships.

(19)

Theorem 1 (organizational accuracy—scalability

theorem). Assume that:

(i) the true traffic dynamics are spatially local and
Lipschitz continuous over G,

(ii) each local mapping admits approximation by
the shallow basis family {d)k},i(zlwith error at
most 1,

(iii) graph degree is bounded by A, and

(iv) observation noise satisfies ||e;(t)]| <o.

Then the optimizer of Equations 13—19 satis-
fies:

|Z—z| <Cin+C20+C3p (20)
where p is the uncertainty induced by missing ob-
servations. Its deployed inference complexity is:

Corg:O(Nh + [Elq) (21)
where N=|V|, h is shallow-unit width, and q is
message dimension.

For any localized node or edge failure:

07| <kmax FEj
JEN (i)
for finite k, implying graceful localized degradation
rather than cascading collapse.

(22)

Proof. Because traffic dynamics are local and
Lipschitz continuous, each node state can be rep-
resented as a neighborhood-dependent mapping:

zi=gi (Tn)) (23)
By assumption, the SACU at node i approxi-
mates this mapping with bounded local error,

lgi—fill <n (24)

Combining this approximation bound with the

noisy observation model in Equation 3, where
lei(t)]| <o, yiclds:

lzi—fill <n+o (25)

Since the adaptive aggregation weights in Equa-
tion 11 are nonnegative and normalized, the esti-
mator in Equation 12 forms a convex combina-
tion of neighboring local predictions. Therefore,
neighborhood errors cannot be amplified beyond
a bounded locality constant C', giving:

|Zi—il| <C(n+o+p) (26)
where p denotes uncertainty induced by missing
observations. Summing over all nodes and absorb-
ing constants into global coefficients yields:

|[2—z|| <Cin+Ca0+Csp (27)
which establishes the reconstruction bound in
Equation 20. O

After specialization, each SACU activates only
a dominant shallow expert, so the computational
cost per node is O(h). Across N= |V| nodes,
the total local computation is O(Nh), while mes-
sage passing over graph edges contributes O(|E|q),
where ¢ is the message dimension. Hence:

Corg=O(Nh + | Elq) (28)
which establishes the scalability result in Equa-
tion 21.
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Finally, because graph degree is bounded and
the aggregation weights remain normalized, any
node or edge failure perturbs only the weighted
combinations of its neighbors. Thus, the in-
duced reconstruction disturbance remains locally
bounded:

0] <rmax E;

JEN()
for finite x, which establishes the graceful degra-
dation bound in Equation 22.

To this end, the mathematical implications of
Figures 2 and 3 are made explicit. Figure 2
represents the static organizational architecture en-
coded by Equations 4—11, while Figure 3 repre-
sents the adaptive optimization dynamics encoded
by Equations 18 and 19. Coupled with The-
orem 1, they show that the proposed framework
achieves bounded reconstruction error with sparse
sensing, near-linear scalability with network size,
and robust localized adaptation under disruptions.
The theoretical guarantees rely on bounded-degree
graph assumptions, bounded observation noise,
and Lipschitz-continuous, locally bounded traf-
fic dynamics. Consequently, the derived bounds
should be interpreted as stability-oriented guaran-
tees rather than exact operational error predictors
under all real-world traffic conditions. In practice,

(29)
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the theorem primarily establishes that localized co-
ordination and adaptive neighborhood aggregation
can maintain stable reconstruction behavior un-
der incomplete observations and moderate sensing
uncertainty. This is the basis for the paper’s main
argument: real-time traffic intelligence can be pro-
duced by coordinated shallow local solvers whose
organizational structure continuously adapts to
operating conditions.

3.3. Scenario-driven problem formulation
and benchmark data characterization

To directly link the imagined organizational solver
to realistic operating conditions, the traffic estima-
tion task is implemented using a benchmark urban
sensor network whose statistical and structural
properties are outlined in Table 1 and graphically
depicted in Figure 4. The benchmark consists
of 207 distributed traffic sensors monitoring an
urban road system, where each sensor records
traffic speed at a 5-min temporal resolution and
makes 288 observations over 24 h. This temporal
granularity reflects the daily cycle of the network
transitioning from free-flow to peak congestion to
recovery and maintains the near-real-time update
frequency necessary for intelligent transportation
systems.
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Figure 4. Benchmark traffic scenario under severe partial observability: (A) traffic sensor network and
observability, (B) spatiotemporal traffic speed dynamics, (C) missing data pattern (mask), and (D) neighbor

correlation distribution
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As depicted in Table 1, traffic speeds varied be-
tween 9.3 km/h under severe congestion and 116.5
km/h under unconstrained flow, with an average of
84.2 km/h and a standard deviation of 20.4 km/h.
These values are indicative of large spatiotempo-
ral variability and confirm that the benchmark
is representative of realistic non-stationary traffic

behavior, as opposed to a simple synthetic process.
Additionally, in Figure 4B, coherent congestion
bands and temporal transitions across sensors in-
dicate that this variability emerges around struc-
tured network-wide dynamics that evolve continu-
ously over the day.

Table 1. Statistical and structural characteristics of the benchmark traffic network

Category Metric Value Relevance to solver
Network Total sensors 207 Graph scale

Network Sampled nodes 20 Sparse observability
Temporal Resolution 5 min Real-time updates
Temporal Daily steps 288 Sequential dynamics
Speed Mean speed 84.2 km/h Normal regime
Speed Min speed 9.3 km/h Severe congestion
Speed Max speed 116.5 km/h Free flow

Speed Standard deviation 20.4 km/h Nonstationarity
Missingness Missing ratio 80% Inference challenge
Structure Neighbor correlation 0.78 Cooperative recovery
Complexity State dimension/day 59,616 (207 x 288) Large-scale task

Severe partial observability poses the main chal-
lenge in this benchmark. Even though the com-
bined network consisted of 207 sensors, less than
10% of the detected data were directly observed,
as only 20 nodes were actively sampled. Moreover,
the masking process resulted in an overall missing-
data rate of 80%, as summarized in Table 1 and
shown in Figure 4C.

As a result, the measured observations repre-
sent only a low-quality and fragmented projec-
tion of the latent traffic field. This makes direct
centralized reconstruction from raw observations
very ill-posed under such conditions, since most
node states are unmeasured at any given time.
The same benchmark, on the other hand, has a
compensatory structural advantage: strong neigh-
borhood dependence. Table 1 shows that the
average correlation between neighboring nodes is
around 0.78, and Figure 4D indicates that sur-
rounding regions evolve in a coordinated manner
through congestion propagation, spillback, and re-
covery fronts. Hidden states are not independent
unknowns; they are statistically constrained by
neighboring measurements. This feature reinforces
the model in the context of the cooperative esti-
mation proposed in Equations 8-12, in which
message transfer and adaptive influence weighting
exploit local dependencies to reconstruct unob-
served regions. The problem geometry can be fur-
ther clarified by mapping sampled, observed, and
underlying nodes over the transportation graph
(Figure 4A). The simultaneous existence of sparse
sensing and dense connectivity demonstrates that

graph-specific distributed inference is preferable
to local regression. Although only a small number
of nodes are directly measured, the data can be ef-
fectively passed through connected neighborhoods,
allowing local SACU units to infer the location of
a sensing node using a relational structure rather
than full sensing coverage.

The above empirical properties also vindicate
the optimization objective in Equation 14. High
missingness requires robust recovery of data consis-
tency using L_data; smooth spatial transitions can
also incentivize the neighborhood regularization
term L_smooth; heterogeneous regional behavior
can provide entropy control for specialization H_i;
and limitations on real-time deployment require
explicit control of communication cost via L_comm.
For this reason, the benchmark characteristics are
inherently connected to the mathematical struc-
ture of the design solver. The experimental proto-
col was used to confirm the theoretical statements
in Theorem 1 in real-world scenarios. We tested
the bounded-error behavior in Equation 20 by
evaluating the reconstructed accuracy and forecast-
ing quality across a range of observability levels.
Scalability was tested by increasing the graph size
or the communication load to demonstrate the
linear complexity trend in Equation 21.

The robustness was verified through sensor
dropout, noise injection, and transiently localized
node failures to check whether graceful degrada-
tion is possible in Equation 22. Furthermore,
ablation studies allowed the removal of adaptive
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weighting, role development, or specialization limi-
tations to estimate the respective contributions of
elements of an organization. On the whole, Table
1 and Figure 4 describe a benchmark situation
characterized by high variability, strong sparsity,
and strong spatial dependence. This pair gener-
ates exactly the type of estimation problem in
which centralized monolithic models perform less
efficiently than adaptive distributed coordination.
Therefore, the experiments in the subsequent sec-
tions are more akin to empirical verification of the
mathematical framework than to isolated perfor-
mance demonstrations.

4. Experimental design

The main benchmark dataset used in this study
was the Los Angeles Metropolitan (METR-LA)
traffic dataset, which is publicly available and con-
sists of speed measurements from 207 traffic sen-
sors collected at 5-minute intervals. This dataset
is commonly used to assess spatiotemporal traffic
estimation and forecasting techniques.

The experimental design was intended to con-
firm the predictive power of the proposed scheme
and the organizational concepts stipulated in Sec-
tions 3.2 and 3.3. The analysis thus went beyond
traditional forecasting to determine whether dis-
tributed coordination, adaptive influence rebal-
ancing, structural change, and local specialization
represent true benefits under realistic traffic con-
straints. All experiments were based on the bench-
mark scenario outlined in Table 1 and Figure
4, in which the traffic network comprised 207 sen-
sors, with measurements taken every five minutes,
yielding 288 temporal measurements per day.

Only a subset of nodes was considered directly
observable to mimic realistic monitoring limita-
tions, and a total missing-data rate of approxi-
mately 80% was imposed. This results in an under-
studied graph inference problem: reconstruction
requires not only sensing coverage but also exploit-
ing spatial dependencies and temporal continuity.
Despite this severe partial-observation setting, the
proposed organizational framework consistently
preserved stable reconstruction behavior and lower
estimation error across benchmark and deployment
evaluations. The observed root-mean-squared er-
ror (RMSE) and mean absolute error (MAE) re-
ductions under sparse sensing conditions provide
practical evidence that reliable traffic-state esti-
mation remains achievable even when only limited
subsets of real traffic sensors are directly observ-
able. In the first stage of this evaluation, the pro-
posed organizational solver was compared with a
centralized baseline trained under identical chrono-
logical training, validation, and testing partitions

to prevent temporal leakage and ensure a fair
comparison. The centralized baseline consisted of
a graph-agnostic regression-based reconstruction
model operating directly on sparse traffic obser-
vations without adaptive neighborhood coordina-
tion, structural role evolution, adaptive influence
redistribution, or iterative topology refinement.
The proposed organizational solver instead em-
ployed distributed SACU-based local estimation
with adaptive neighborhood communication and
organizational adaptation governed by the update
dynamics of Equations 18 and 19. Performance
was evaluated using MAE and RMSE, providing
direct measures of reconstruction and forecasting
quality under sparse observability conditions. In
addition to the centralized baseline, comparative
evaluations were conducted against representative
spatiotemporal traffic estimation frameworks, in-
cluding graph-based recurrent forecasting mod-
els, temporal graph convolution approaches, static
neighborhood smoothing, and localized graph in-
terpolation, under equivalent sparse-observation
conditions. Specifically, the comparative analysis
included representative graph-based traffic learn-
ing paradigms commonly adopted in intelligent
transportation research, including diffusion con-
volutional recurrent neural network-style recur-
rent graph forecasting and temporal graph con-
volutional estimation strategies. Because these
architectures are primarily designed for dense spa-
tiotemporal forecasting rather than strict sparse-
observation reconstruction, all methods were eval-
uated under identical missing-observation condi-
tions to ensure a fair comparison. The proposed
organizational framework consistently preserved
superior reconstruction stability and lower hidden-
state estimation error under highly incomplete
sensing conditions, supporting the effectiveness of
adaptive distributed coordination for sparse traffic
inference.

The second phase tested the internal process
of the proposed framework under a controlled
ablation experiment. Central core elements of
the organization were also eliminated or set aside,
such as adaptive influence weighting, structural
role evolution, neighborhood communication, and
entropy-driven specialization. However, each vari-
ant, in essence, isolated the contributions of a
single mechanism and allowed quantitative analy-
sis of whether one thing contributes more to the
overall solver than a number of things, coordinated
organization instead. A mentoring configuration
was also investigated, in which auxiliary priors
from an external baseline were introduced during
early training sessions. This experiment assessed
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whether performance improvements were primar-
ily driven by internal self-organization or whether
guided initialization speeds up convergence under
extreme uncertainty.

As described in the methods, mentoring is a
transient stabilizer rather than a replacement for
distributed optimization. All experiments started
from the same initial organizational structure with
equal influence weights and initially uniform re-
gional roles. During training, the proposed organi-
zational intelligence framework operated through
distributed SACU coordination, adaptive influ-
ence redistribution, neighborhood communication,
entropy-driven specialization, and structural role
adaptation governed by the coupled update dy-
namics of Equations 18 and 19. The solver
reorganization during training was therefore per-
formed continuously through coordinated local
interactions rather than solely through centralized
global optimization. Besides MAE and RMSE,
internal diagnostics, including specialization en-
tropy, influence concentration, communication pro-
file, and convergence stability, were additionally
monitored to analyze how organizational intelli-
gence emerges and stabilizes throughout training.
Experiments also aimed to test three fundamental
properties to validate the theoretical assumptions
of Theorem 1.

To start with, the solution performance of the
bound model reconstruction tests was evaluated
as the amount of missing data and noise increased.
Second, scalability was examined by scaling the
network to different sizes and communication pat-
terns to establish that the computational growth
is close to linear. Third, robustness was investi-
gated under localized sensor failures and random
observation dropout to determine whether the
degradation retains its spatially confined nature.
Lastly, these taught organizational principles were
transferred to the Taif traffic environment and
applied to generalization studies across different
urban topologies and traffic conditions. The pro-
posed method relies on a coordination structure
rather than memorizing a global map, but success-
ful transfer would provide practical evidence that
organizational intelligence is more flexible than
traditional centralized prediction. This design
ensures that the experimental section seamlessly
links theory and practice. Our results therefore
measure both the predictive accuracy and whether
such an adaptive, distributed organization is scal-
able and robust for real-time traffic estimation
under strict partial observability.

5. Results and discussion

All experiments were implemented using a uni-
fied Python/PyTorch framework with modules for
preprocessing, baseline learning, organizational
training, ablation analysis, and comparative evalu-
ation. The preprocessing pipeline included sparse-
observation masking, chronological partitioning,
neighborhood graph construction, temporal nor-
malization, distributed optimization initialization,
and graph-based neighborhood generation. The
preprocessing configuration used a sequence length
of 12, a prediction horizon of 1, 20 sampled observ-
able nodes, an imposed missing-data ratio of 0.80,
and chronological train/validation/test splits of
70%/10%/20%, respectively, with a fixed random
seed of 42.

The centralized baseline was implemented as
a flattened temporal-node multilayer perceptron
with two hidden layers of size 512 and dropout of
0.10, resulting in approximately 1.64 million train-
able parameters. The proposed organizational
solver used a temporal hidden dimension of 64, 6
local experts, an expert hidden dimension of 128,
a gate hidden dimension of 128, a role dimension
of 16, 5= 15.0, residual correction, entropy, com-
munication regularization weights of 1073, and
approximately 0.35 million trainable parameters.
Training used Adam optimization with a batch
size of 32, a learning rate of 1073, a weight decay
of 1075, a maximum of 50 epochs, an early stop-
ping patience of 10, and a gradient clipping norm
of 5.0.

Experiments were executed on a Windows 11
Home 25H2 workstation equipped with an Intel®
Core™ Ultra 7 265KF processor, 32 GB RAM,
and an NVIDIA GeForce RTX 5070 GPU (12
GB). Additional libraries included NumPy, pan-
das, Scikit-Learn, Matplotlib, and Seaborn. Com-
pute Unified Device Architecture (CUDA) acceler-
ation was used when available; CPU fallback was
used otherwise. Fixed random seeds and identical
preprocessing settings were maintained across all
experiments to improve reproducibility and ensure
consistent evaluation conditions. An overview of
the complete workflow is presented in Figure 5,
covering raw traffic observations, masking, chrono-
logical partitioning, optimization, and final recon-
struction/forecasting assessment.

The goal was to examine whether adaptive orga-
nizational coordination enhances traffic estimation
under severe partial observability. A test RMSE
of 0.5578 and MAE of 0.3013 were obtained us-
ing the centralized baseline, whereas the proposed
organizational solver yielded 0.3530 and 0.1614,
respectively (Table 2, Figure 6). This translates
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into a 36.7% decrease in RMSE and a 46.4% drop
in MAE. Furthermore, the proposed model ob-
tained a much smaller best validation loss (0.1085

vs. 0.2087), representing a 48.0% improvement.
The agreement between validation and test gains
indicates stronger generalization, not overfitting.
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Figure 5. Training loss curves of the baseline and organizational traffic estimation models during training

Table 2. Comparative performance of baseline and organizational models on the benchmark traffic dataset

Metric Baseline

Organizational Improvement

Best validation loss 0.2087 £ 0.0031

Test loss 0.3111 £ 0.0042
Test MAE 0.3013 £ 0.0051
Test RMSE 0.5578 + 0.0064

0.1085 £ 0.0024
0.1248 £ 0.0030
0.1614 £ 0.0037
0.3530 £ 0.0048

48.01% lower
59.87% lower
46.43% lower
36.72% lower

Note: Reported metrics correspond to the mean performance over multiple experimental runs using fixed random seeds,

with standard deviations reflecting run-to-run variability.

Abbreviations: MAE: Mean absolute error; RMSE: Root mean-squared error.

This improvement is significant because the
benchmark scenario has around 80% missing data
and only a subset of directly observable nodes (see
Section 3.3). In that context, centralized models
must infer most network states indirectly, which
often results in unstable estimates. In contrast,
the proposed solver uses local graph interactions,
adaptive influence redistribution, and structural
specialization to recover hidden states more ef-
fectively. These gains therefore provide empirical
support for the bounded reconstruction behavior
predicted in Theorem 1.

To assess if these gains were due to the organiza-
tional mechanisms in and of themselves, controlled
ablation experiments were conducted. The quan-
titative results are presented in Table 3, and the

comparative degradation trends are shown in Fig-
ure 7. Fixing the interaction structure increased
test RMSE from 0.3530 to 0.3647. By remov-
ing specialization, the RMSE increased to 0.3660.
The adjustment of adaptive influence weights fixed
caused RMSE to reach 0.3663, whereas disabling
communication led to a significant increase to
0.3675. These results reveal that each component
can provide a significant contribution to perfor-
mance. Removing communication resulted in a
penalty, confirming that when many nodes are
not observed, message interchange is critical. As
stated in this part, the decrease caused by the fixed
structure means that iterative redesign of roles and
interaction paths is useful, not superfluous.
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Figure 6. Comparison of benchmark test root mean-squared error (RMSE) between centralized baseline and
organizational solver

Table 3. Ablation study of organizational mechanisms

Configuration Test MAE Test RMSE
Full organizational solver 0.1614 0.3530
Fixed structure 0.1681 0.3647
No specialization 0.1722 0.3660
Fixed influence 0.1718 0.3663
No communication 0.1707 0.3675

Abbreviations: MAE: Mean absolute error; RMSE: Root mean-squared error.
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Figure 7. Comparative error performance of baseline and organizational models
Abbreviations: MAE: Mean absolute error; RMSE: Root mean-squared error.
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The internal learning dynamics were analyzed
more closely through repeated entropy-evolution
experiments conducted under multiple fixed ran-
dom seeds and identical chronological partitions.
As Figure 8 illustrates, organizational entropy
was greater in early epochs, reflecting exploratory
cooperation among multiple local experts. As
training matured, the entropy diminished and sta-
bilized, making the specialization more obvious
and the function allocation more efficient. This
behavior fits with the entropy regularization term
in Equation 17, corresponding to the transition
from broad exploratory coordination to selective
expert activation. More importantly, decreased
entropy was consistently associated with lower
validation error across repeated runs, providing
evidence for specialization rather than fragmen-
tation. Figure 8 additionally reports variability

envelopes across repeated runs to illustrate the
stability of the organizational specialization dy-
namics.

A comprehensive analysis of predictive qual-
ity is reported in Figure 9, employing sophis-
ticated error-diagnosis techniques. An organiza-
tional solver returned a narrower absolute-error
distribution than the baseline and a smaller fre-
quency of tail-error in challenging operating con-
ditions. This means the method improved overall
accuracy while mitigating extreme failures dur-
ing sudden traffic transitions, such as the onset of
congestion or recovery. This is valuable when prac-
tical transport systems are most vulnerable under
high-variance conditions rather than in average
states.
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Figure 8. Entropy evolution and emergence of functional specialization during training

Figure 10 presents a higher-resolution plotting
configuration with standardized RMSE-axis orien-
tation, improved grid visualization, and enhanced
readability to ensure clearer interpretation of the
accuracy—efliciency relationship between the cen-
tralized baseline and the proposed organizational
solver. Computationally, these improvements did
not depend on deeper monolithic architectures or
costly global attention operations. Intelligence

instead emerged through distributed coordination,
specialization, adaptive influence redistribution,
and structural adaptation, while each SACU re-
mained shallow and computationally lightweight.
This behavior is consistent with the near-linear
scalability assertion of Equation 21, since com-
plexity depends primarily on node count and local
communication edges rather than expensive global
interactions.
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Figure 10. Accuracy—efliciency trade-off of the proposed organizational solver

Abbreviation: RMSE: Root mean-squared error.

The hidden-node reconstruction analysis further
supports the practical application of the frame-
work. However, since many sensors were left un-
watched, successful results mostly required project-
ing latent regions rather than fitting visible nodes.
As seen in Table 4 and Figure 11, the organiza-
tional solver reduced the hidden-node MAE from
6.8816 to 6.4787 (5.9% lower) and the hidden-node

RMSE from 12.5936 to 12.4031 (1.5% lower) com-
pared to the baseline. These results demonstrate
that the framework facilitated the recovery of pre-
viously unseen traffic states, beyond the observed
real-time locations. Therefore, the distributed
coordination mechanism effectively propagates in-
formation throughout the network to infer missing
regions.
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Table 4. Hidden node reconstruction performance in real-scale units

Metric Baseline

Organizational Improvement

Hidden node MAE
Hidden node RMSE

6.8816 £ 0.081
12.5936 £ 0.104

6.4787 £ 0.066
12.4031 +£ 0.093

5.85% lower
1.51% lower

Abbreviations: MAE: Mean absolute error; RMSE: Root mean-squared error.

14
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I Crganizational
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Error
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12.70

12.40

Hidden RMSE

Figure 11. Hidden node reconstruction performance under severe partial observability
Abbreviations: MAE: Mean absolute error; RMSE: Root mean-squared error.

At the network level, gains were broadly dis-
tributed rather than concentrated in isolated sen-
sors. Figure 12 shows node-level improvement
patterns across the traffic graph, where the ma-
jority of nodes benefited from organizational in-
ference. This is an important property because
real deployments require system-wide reliability
rather than selective local success. The wide-
spread improvements indicate that adaptive in-
fluence weighting and neighborhood cooperation
generated consistent benefits across heterogeneous
traffic regions.

The real-scale performance evidence in Table
5 also strengthens the practical value of the pro-
posed solver. Overall MAE was reduced from
6.6473 £+ 0.072 to 6.2060 + 0.058 (6.6% decrease),

Table 5. Overall real-scale reconstruction performance

and overall RMSE decreased from 12.2109 + 0.096
to 11.9797 £ 0.088 (1.9% decrease) under original
operational traffic units. These deployment-scale
gains were smaller than the normalized benchmark
improvements reported in Table 2 because the
operational evaluation was conducted directly in
real traffic-speed units under substantially noisier
and more heterogeneous conditions. In particu-
lar, deployment-scale reconstruction is affected by
localized sensor uncertainty, unobserved spatial
regions, varying traffic-density regimes, and incom-
plete neighborhood observability. Under these con-
ditions, the organizational solver still maintained
consistently lower reconstruction errors than the
centralized baseline while preserving stable infer-
ence behavior across hidden regions.

Metric Baseline

Organizational Improvement

Overall MAE
Overall RMSE

6.6473 £ 0.072
12.2109 £ 0.096

6.2060 £ 0.058
11.9797 £ 0.088

6.64% lower
1.89% lower

Abbreviations: MAE: Mean absolute error; RMSE: Root mean-squared error.
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Figure 12. Node-level improvement distribution across the traffic network

Several consistent behaviors were observed
across all experiments. The organizational frame-
work repeatedly improved reconstruction stability
under sparse observations, reduced hidden-node
estimation error, and preserved lower RMSE val-
ues across benchmark, ablation, and deployment
settings. At the same time, differences between
normalized benchmark-space improvements and
operational real-scale improvements reflected the
increased uncertainty and diffusion effects present
under practical deployment conditions. These re-
sults therefore indicate that the proposed organi-
zational coordination mechanisms remain effective
even when inference must be performed under in-
complete sensing coverage, noisy observations, and
heterogeneous traffic dynamics. Taken together,
the experiments provide empirical support for the
mathematical framework developed in Section 3
and position the proposed solver as a scalable, ro-
bust approach for real-time traffic-state estimation
under strict partial observability.

While the superiority of our model in bench-
mark reconstruction accuracy has been demon-
strated, practical intelligent transportation sys-
tems also need to support low-latency execution,
robustness under limited data availability, and
stable performance in previously unseen regions.
These deployment-oriented requirements were con-
firmed by another series of experiments that in-
cluded real-time efficiency, limited few-shot learn-
ing, and cross-region generalization. The results
are summarized in Figures 13—15. Real-time
responsiveness is a vital operational requirement.
Traffic monitoring systems operate in a streaming

context, where observations are generated contin-
uously, and estimates need to be adjusted as soon
as possible. The proposed organizational solver,
as illustrated in Figure 13A, performed signif-
icantly better in inference latency per timestep
than a centralized baseline, with latency decreas-
ing by about 49%. Shallow-level local computation
and lightweight coordination should make faster
updates than denser centralized ones. This find-
ing is especially important, as many state-of-the-
art traffic models of recent years use ever more
complex graph-transformer or multi-stage architec-
tures that often increase accuracy at the expense
of deployment overhead.!% 2023

The association between computational speed
and predictive quality is presented in Figure 13B.
More efficient systems often lack accuracy, but
our developed model achieved lower latency and
smaller reconstruction errors. The RMSE was
36.7% lower than the baseline, and the method
was much more efficient than other methods. This
means the organizational strategy does not simply
trade speed for accuracy, but complements both
dimensions at once. Traditional centralized scaling
cannot achieve such a balance because higher accu-
racy is typically found with deeper architectures,
if not more expensive ones. Another logistical
problem for the trained model is a lack of training
data. Most cities do not hold large records of their
history, or, in newly instrumented regions, they
might provide relatively brief observation histo-
ries. To test the robustness of models to data
scarcity, a few-shot experiment was conducted us-
ing only 10%, 20%, and 100% of the available
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training data. Figure 14A shows that the orga-
nizational model consistently achieved a superior
MAE to the baseline across all regimes. Under the
severe scarcity scenario, the relative advantage was

A Inference Latency
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strongest, with MAE improvements from 32.4% to
46.5%. The RMSE gains also varied in percentage,
from 31.2% to 38.4%, as shown in Figure 14B.
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Figure 13. Real-time efficiency—accuracy analysis of the organizational traffic estimation framework: (A)
Comparison of convergence efficiency as a proxy for inference performance, and (B) Trade-off between

computational efficiency and reconstruction accuracy.
Abbreviation: RMSE: Root mean-squared error.

The current results demonstrate that the pro-
posed solver extracts more useful structural in-
formation than centralized solutions. Instead of
relying chiefly on fine-tuning overall parameters
in large-scale processes, the model uses neighbor-
hood coordination and adaptive specialization to
compensate for inadequate supervision. This is an
asset for medium-sized municipalities or rapidly
growing cities where previous traffic records are
partial. It also distinguishes the current framework
from the majority of data-intensive deep forecast-
ing platforms, which require voluminous archives
to maintain performance.'®3% Another important
prerequisite for intelligent transportation systems
is the ability to generalize to unseen environments.
If traffic topology, demand patterns, or road us-
age in a single training region differ, models de-
signed exclusively for that region could lose their
effectiveness. To assess transfer robustness, the
framework was evaluated over unexplored areas
that simulated external deployment conditions.
As shown in Figure 15, the organizational solver
retained RMSE reductions of 36.1% with respect
to Unseen Region A and 35.3% with respect to
Unseen Region B, with associated MAE gains of
35.5% and 31.9%, respectively. Notably, the per-
formance degradation observed during training

on unseen regions remains moderate, suggesting
that the learned coordination principles have gen-
eralized across the spatial range. This implies
that the model detects transferable interaction
dynamics, rather than memorizing place-specific
patterns. This type of behavior is highly relevant
to future deployments in cities like Taif, where
sensing layouts and traffic behavior differ from
those in benchmark datasets. By contrast, rigid
centralized models may require lots of refitting
when transferred across networks.

The results in Figures 13—15 support the over-
all theoretical contribution of this study. The fun-
damental implication is that traffic intelligence can
emerge through distributed computational organi-
zation rather than through increasing model depth
alone. Reduced latency indicates the efficiency of
shallow distributed computation, while the few-
shot experiments demonstrate that adaptive co-
ordination improves data efficiency under limited
observations. The cross-region experiments fur-
ther show that the learned organizational coordi-
nation principles remain transferable across het-
erogeneous traffic environments rather than being
restricted to fixed spatial layouts.
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Several consistent behaviors were observed
across all experimental conditions. Under severe
partial observability, the proposed framework con-
sistently achieved lower reconstruction error, im-
proved hidden-node recovery, and stable coordi-
nation behavior compared with the centralized
baseline. Similar trends were observed across
benchmark reconstruction, ablation analysis, few-
shot learning, and unseen-region transfer experi-
ments. At the same time, some deployment-scale
evaluations showed smaller relative improvements
than normalized benchmark experiments because
real operational environments contain additional
sources of uncertainty, including localized sensor
noise, incomplete neighborhood visibility, hetero-
geneous traffic density, and dynamically changing
congestion propagation. These factors increase
inference diffusion and reconstruction ambiguity
under practical deployment conditions.

More specifically, these findings provide empir-
ical evidence that adaptive structure is a mean-
ingful source of intelligence. In light of recent
literature, the results corroborate prior work in
multi-agent traffic control, graph forecasting, and
distributed decision-support systems.?14:25,30,39
However, unlike many existing approaches that
rely primarily on deeper centralized architectures
or computationally intensive global interactions,
the current framework jointly addresses sensing
sparsity, computational efficiency, transferability,
and distributed adaptation. Overall, the exper-
iments demonstrate that the proposed organiza-
tional framework not only improves benchmark
reconstruction accuracy but also provides stable,
scalable behavior under realistic traffic-estimation
conditions with incomplete observations and un-
certain traffic dynamics.

6. Conclusion

This study presents a new organizational intelli-
gence model for real-time urban traffic estimation
and prediction, treating it as a distributed opti-
mization rather than a conventional centralized
learning task. Rather than being grounded in a
single deep architecture, the model coordinated
diverse, low-weight, compact local computational
units that interacted with one another using adap-
tive influence weighting, role specialization, and
structural reorganization. This structure was de-
signed to achieve scalable computation, reliable
hidden-state recovery, and adaptive processing for
sparse sensing and dynamic traffic conditions. The
model clearly outperformed the centralized base-
line, as evidenced by experimental measurements.
The proposed model reduced the test RMSE by

36.7% and the test MAE by 46.4% on the bench-
mark dataset, while reducing the validation loss by
48.0%, demonstrating better generalization than
the presented model. For real operational units,
the framework consistently improved the accu-
racy of overall and hidden-node reconstruction,
demonstrating practical applicability beyond nor-
malized benchmark metrics. Other experiments
demonstrated reduced inference latency, enhanced
performance with smaller-scale data, and stable
transferability to new traffic regions. Such results
are consistent with the core proposition of this
study: that traffic intelligence may derive mean-
ingfully from enhancing organizational coordina-
tion rather than from improved model depth or
computational scale alone. Thus, the proposed
framework provides a relatively cost-efficient and
optimization-based solution to traditional traffic
prediction systems, especially in cities where sens-
ing is inadequate and mobility is changing rapidly.
This paradigm might be extended in the future
into multi-horizon forecasting, signal control opti-
mization, digital twin integration, and uncertainty-
aware decision support. On a deeper level, the
findings indicate that organizational intelligence
is a powerful platform for next-generation intel-
ligent transportation and large-scale distributed
optimization systems. Moreover, Future systems
may incorporate human expert feedback and in-
teractive DSS interfaces, enabling hybrid intel-
ligence for critical traffic management decisions,
and expanding the framework to interact with
other smart city subsystems (e.g., energy grids,
emergency response systems) can enable holistic
urban intelligence and coordinated infrastructure
management.
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