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Abstract

Intelligent Transportation Systems (ITS) primarily rely on flow rate and occupancy to
estimate traffic states. However, in heterogeneous traffic conditions characterized by weak
lane discipline and diverse vehicle classes, these conventional metrics fail to capture the
true operational efficiency of signalized intersections. High flow rates can mask underlying
inefficiencies, while low flow rates do not necessarily indicate free-flow conditions. This
paper introduces a novel computer vision-based metric, the Effective Flow Ratio (EFR),
designed to quantify the actual discharge efficiency of mixed traffic. By leveraging Bird’s-
Eye View (BEV) vehicle tracking using You Only Look Once version 11 (YOLOv11) and
ByteTrack, EFR distinguishes between kinematic movement and effective discharge, resolv-
ing the ambiguity of “moving but not clearing” states. We analyze 21 days of continuous
footage from a rooftop-mounted camera overlooking a congested intersection in Dhaka,
Bangladesh, exhibiting distinct non-linear behaviors compared to raw flow counts. Our
results demonstrate that: (i) Flow rate and discharge efficiency are dynamically decoupled,
evidenced by significant variance in EFR within identical flow bins; (ii) Temporal rolling
correlations reveal transient regimes where traditional signal control logic would misin-
terpret congestion severity; and (iii) EFR provides a more robust proxy for intersection
performance than occupancy or volume alone. The proposed metric offers a granular,
physics-informed input for next-generation adaptive traffic signal control in developing
urban environments.

Keywords: heterogeneous traffic; Effective Flow Ratio; computer vision; intelligent
transportation systems; signal control; traffic state estimation

1. Introduction
The operational dynamics of signalized intersections in the rapidly densifying

urban centers of the Global South—exemplified by cities such as Dhaka, Delhi, and
Jakarta—diverge fundamentally from the idealized traffic stream models that underpin
classical transportation engineering. In these environments, traffic is not a uniform flow of
automobiles confined to discrete lanes but a heterogeneous, granular suspension of diverse
agents: private cars, buses, motorcycles, cycle rickshaws, and pedestrians [1–3]. These
agents interact with limited lane discipline, creating a stochastic friction that defies the
deterministic assumptions of standard performance metrics such as Level of Service (LOS),
Degree of Saturation (DoS), and Average Delay [4–7].

Big Data Cogn. Comput. 2026, 10, 80 https://doi.org/10.3390/bdcc10030080

https://crossmark.crossref.org/dialog?doi=10.3390/bdcc10030080&domain=pdf&date_stamp=2026-03-06
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/bdcc
https://www.mdpi.com
https://orcid.org/0009-0001-0920-1947
https://orcid.org/0009-0007-5050-3588
https://orcid.org/0000-0002-5376-881X
https://doi.org/10.3390/bdcc10030080


Big Data Cogn. Comput. 2026, 10, 80 2 of 25

The evolution of Intelligent Transportation Systems has spurred diverse research
directions, ranging from mathematical modeling of cyber-attack resilience in connected
environments [8,9], to the empirical development of vision-based efficiency metrics for
heterogeneous traffic. However, in practice, traditional traffic management systems rely
heavily on the correlation between signal allocation (supply) and flow counts (demand).
The implicit assumption governing these systems is that the provision of green time to a
queued approach will automatically result in vehicular discharge at a predictable satura-
tion flow rate. However, in mixed-traffic environments characterized by frequent lateral
interference, downstream spillback, and non-motorized vehicle (NMT) encroachments, this
assumption breaks down [10–13]. Vehicles may be physically present within the detection
zone, and the signal may be green, yet effective movement is arrested by localized conflicts.
Under such conditions, inductive loop detectors or simple line-crossing counters may
register high “presence” or even moderate “flow” (as vehicles creep past a point), masking
the underlying reality that the intersection’s discharge efficiency has collapsed [14,15].

This decoupling of flow rate from operational efficiency creates a critical measurement
gap. When high flow counts coexist with high latency, traditional metrics fail to diagnose
the root cause, often leading to the misallocation of green time in adaptive signal control
strategies. To bridge this gap, traffic monitoring must evolve from simple Eulerian counting
(measuring flux at a boundary) to Lagrangian state estimation (measuring the motion
dynamics of agents within the control volume). Eulerian metrics, such as flow rate, are
fundamentally limited because they aggregate vehicle crossings without distinguishing
between efficient discharge and slow creeping motion. In contrast, Lagrangian tracking
follows individual vehicle trajectories, enabling direct observation of kinematic states and
velocity profiles [16–18].

This paper introduces a novel, computer-vision-driven framework to operationalize
this shift. We propose Flow Ratio—the proportion of vehicles exhibiting kinetic motion
among all present—as a first-order state variable. We further refine this into the Effec-
tive Flow Ratio (EFR), a second-order metric that weights kinetic motion by discharge
quality, penalizing the slow, creeping flow characteristic of congested mixed traffic. By
leveraging high-resolution aerial Bird’s-Eye View (BEV) imagery processed via YOLOv11
detection [19] and ByteTrack multi-object tracking [20], we extract these metrics in real-time,
resolving the “moving but not clearing” ambiguity that plagues current sensor networks.

The primary contribution of this study is not a new signal control algorithm, but
the definition and validation of the state variables necessary to enable such control in
heterogeneous environments. Using a comprehensive dataset from a major intersection in
Dhaka, Bangladesh, we empirically demonstrate that Flow Rate and EFR are dynamically
decoupled, revealing latent inefficiencies invisible to classical analysis. This work provides
the foundational metrics required to transition Intelligent Transportation Systems (ITS)
from volume-based logic to efficiency-based logic in the complex traffic landscapes of the
developing world.

The specific objectives of this study are:

• To define and operationalise Flow Ratio as a BEV computer-vision-derived metric
reflecting kinematic movement presence in mixed traffic.

• To introduce Effective Flow Ratio (EFR) as an operational efficiency metric that weights
movement by discharge quality through a velocity efficiency index, capturing the
“moving but not clearing” phenomenon.

• To empirically demonstrate the temporal decoupling between flow rate and EFR
at a signalized Dhaka intersection through rolling correlation and flow-binned
distribution analyses.
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• To validate that EFR reveals operational inefficiencies invisible to traditional signal-
flow perspectives, motivating its integration into monitoring and adaptive con-
trol strategies.

2. Related Work
2.1. Limitations of Classical Performance Metrics in Heterogeneous Traffic

Urban intersections in developing countries operate under fundamentally different
conditions than those in developed nations. In cities such as Dhaka, Delhi, Jakarta, and
other South Asian urban centers, traffic streams comprise a diverse mixture of vehicles
including cars, buses, motorcycles, auto-rickshaws, cycle-rickshaws, and pedestrians, all
operating with minimal lane discipline [1–3]. This heterogeneous, non-lane-based traffic
environment creates operational characteristics that diverge significantly from the idealized,
orderly traffic streams assumed in classical traffic engineering models [4,5].

Traditional performance metrics—including Level of Service (LOS), degree of sat-
uration (DoS), and average delay—were originally formulated for homogeneous traffic
streams where vehicles are assumed to operate in distinct lanes with predictable following
and crossing behavior. The Highway Capacity Manual (HCM), the primary U.S. reference
for capacity and LOS analysis, explicitly recommends procedures based on steady-state
assumptions and uniform vehicle behavior patterns [21]. However, these metrics often
fail to capture the actual movement efficiency in heterogeneous traffic due to several
critical disconnects:

• LOS Inadequacy: LOS classification relies on speed and density thresholds cali-
brated exclusively for homogeneous traffic. Research from South and Southeast Asia
demonstrates that applying HCM methodology directly to heterogeneous conditions
produces unreliable results, with capacity estimates deviating significantly (>50%)
from observed field values [11,22–24].

• Degree of Saturation Opacity: DoS, calculated as demand/capacity, provides no infor-
mation about whether vehicles physically present in an intersection approach are actually
moving. Vehicles may be stationary due to pedestrian interference, lane blockages, or
spillback, yet are still counted in volume-based flow measurements [1,10–13].

• Signal-Flow Decoupling: The fundamental assumption that green time and available
capacity automatically translate into throughput breaks down under heterogeneous
conditions. Strong correlation between signal allocation and flow volume may coexist
with poor movement efficiency due to pedestrian interference, non-motorized vehicle
encroachments, or spillback from downstream intersections [1,7].

• Free Flow Condition Uncertainty: Identifying free-flow conditions in heterogeneous
traffic is complicated by the presence of diverse vehicle types operating at different
desired speeds. Research on Indian highways showed that conventional headway-
based approaches (3.0 s per HCM) are inadequate; heterogeneous traffic requires gap
thresholds of 2.6–3.5 s depending on vehicle composition and driver behavior [25,26].
Similarly, trajectory-based analysis of lane-changing behavior [27] demonstrates the
necessity of granular motion data to understand complex driver interactions, a require-
ment that becomes even more critical in heterogeneous environments where lateral
friction is dominant.

• Saturation Flow Rate Variability: Saturation flow rate exhibits considerable variabil-
ity based on traffic composition, degree of saturation, and vehicle maneuverability.
Recent Bayesian MCMC research applying rigorous statistical methods to heteroge-
neous traffic in Indonesia demonstrated that conventional linear capacity models
significantly overestimate saturation flow, with errors exceeding 50% [22].
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2.2. Pedestrian Interference and Non-Motorized Vehicle Effects on Intersection Performance

Pedestrian behavior at signalized intersections significantly affects vehicular discharge
efficiency, particularly in urban areas with high crossing demand. Classic studies on
pedestrian–vehicle conflicts demonstrate that exclusive pedestrian phasing (EPP), while
theoretically improving safety by eliminating crossing conflicts, can paradoxically increase
overall intersection delay and encourage non-compliant pedestrian crossing behavior
due to extended waiting times [28,29]. In contrast, concurrent pedestrian phasing (CPP),
though involving some pedestrian–vehicle conflicts, may produce better overall operational
efficiency and higher pedestrian compliance, highlighting the inherent trade-offs between
safety and mobility.

The presence of non-motorized vehicles (NMVs) including cycle-rickshaws, hand-
drawn rickshaws, and motorized three-wheelers represents a unique challenge in South
Asian traffic systems. These vehicles are characterized by irregular lane positioning, slow
speeds, frequent stops for passenger pickup and drop-off, and unpredictable lateral move-
ments [3,29]. Research on the impact of three-wheelers on traffic flow in India utilizing
artificial neural network approaches demonstrates that vehicles of all types experience
speed reductions of 4–35% in the presence of significant three-wheeler populations, with
cascading effects on intersection capacity [30].

2.3. Computer Vision-Based Detection and Tracking Technologies
2.3.1. YOLO Detection Model Evolution

Recent advances in deep learning have revolutionized traffic monitoring through
automated video analysis. The YOLO (You Only Look Once) family of real-time detectors
has evolved significantly, with each successive version achieving incremental improve-
ments in detection accuracy, inference speed, and handling of edge cases. Comparative
studies [19,31,32] have demonstrated that YOLOv11 achieves superior mean average pre-
cision (mAP@0.5 = 0.773) compared to predecessors like YOLOv8 (0.632) and YOLOv10
(0.714), particularly in detecting small and clustered objects typical of heterogeneous traffic.
While maintaining real-time inference speeds (7.8 ms), YOLOv11’s architectural improve-
ments, such as the C2PSA block, provide the necessary robustness for identifying diverse
vehicle classes including rickshaws and bicycles in dense urban scenes. Crucially, this
architectural resilience directly addresses the environmental constraints highlighted by
recent literature; the model’s superior feature extraction capabilities provide the necessary
margin to maintain identity persistence even under the adverse conditions typical of the
Global South, such as low-light environments and heavy monsoon rains, which frequently
exacerbate the creeping behavior of congested traffic. Furthermore, to address the inherent
challenge of detecting small objects such as motorcycles and bicycles that appear at minimal
pixel resolutions from aerial perspectives, Slicing Aided Hyper Inference (SAHI) [33] can be
integrated with YOLO-based detectors to significantly improve detection accuracy across
diverse scenarios by processing image slices at higher effective resolutions.

2.3.2. Multi-Object Tracking Algorithm Comparison and Selection Rationale

Multi-object tracking (MOT), essential for maintaining vehicle identity continuity
across video frames, has been advanced by several algorithms including SORT (Simple
Online and Realtime Tracking), DeepSORT, and ByteTrack. A comprehensive comparative
evaluation [34] demonstrates significant performance differences in Table 1.

The ByteTrack algorithm (Selected for this study) achieves state-of-the-art MOTA
(77.3%) via cascaded association strategy, maintaining low ID switches (558) with high
processing speed (171 FPS) suitable for real-time applications. We prioritized this high-
throughput architecture because it ensures minimal computational overhead (approx.
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6 ms inference per frame). This speed is critical for preventing bottlenecks in the data
pipeline, ensuring that the system remains viable for real-time traffic signal actuation
where low-latency state estimation is a prerequisite for effective control. ByteTrack utilizes
both high-confidence and low-confidence detections through two-phase Hungarian algo-
rithm matching, demonstrating superior performance in occlusion-heavy heterogeneous
traffic [20].

Table 1. Multi-Object Tracking Algorithm Performance Comparison (Adapted from [34]).

Metric SORT DeepSORT ByteTrack

MOTA (%) 54.7 61.4 77.3
MOTP (%) 77.5 79.1 82.6
ID Switches (count) 831 781 558
Mostly Tracked (%) 34.2 45.1 54.7
Mostly Lost (%) 24.6 21.3 14.9
False Positives (count) 7876 5604 3828
False Negatives (count) 26,452 21,796 14,661
Processing Speed (FPS) 143 61 171

2.4. Aerial Bird’s-Eye View Monitoring for Traffic Analysis

Unmanned aerial vehicles (UAVs) equipped with mounted cameras provide unique
advantages for traffic surveillance by capturing aerial Bird’s-Eye View (BEV) imagery
that eliminates perspective distortion and reduces occlusions inherent in ground-level
fixed-camera views [32,35]. The VisDrone dataset, a large-scale benchmark for training and
evaluating aerial detection models, has become the standard for training and evaluating
aerial detection models, with specific focus on handling the unique challenges of aerial
imagery including scale variation, small object detection, and clustered instances [20,35].

2.5. Comparison of Traffic Performance Metrics and Identification of Conceptual Gap

Table 2 shows that classical metrics (flow rate, degree of saturation, LOS, delay, queue
length) describe demand, capacity, or time allocation but never verify whether vehicles
present in the approach are actually moving. In heterogeneous traffic, this makes them
blind to conditions where green time and high demand coexist with largely stationary
queues. Flow Ratio closes this gap by using BEV video and motion classification to measure
the share of moving vehicles among all present, directly quantifying movement efficiency
instead of relying on indirect proxies.

Table 2. Comparison of Traffic Performance Metrics and Identification of Conceptual Gap. Standard
definitions are derived from the Highway Capacity Manual [21], while limitations in heterogeneous
traffic are synthesized from recent studies [1,10–13].

Metric Definition Data Source Applicability to
Heterogeneous Traffic Key Limitation

Flow Rate (vehicles/min)
Volume of vehicles
crossing a line per unit
time

Line-based counting
(manual, video, detector)

Moderate— captures
demand but not
movement quality

Conflates moving and
stationary vehicles

Degree of Saturation (v/c) Ratio of demand to
capacity

Detector counts + signal
timing

Low—assumes
homogeneous vehicle
interactions

No information on
whether vehicles are
actually moving

Level of Service (LOS) Qualitative grade A–F
based on speed/density

Speed surveys + capacity
analysis

Low—thresholds
calibrated for
homogeneous traffic

Produces unreliable
classifications in
heterogeneous conditions

Average Delay Difference between actual
and ideal travel time

Queue observation or
trajectory data

Moderate—valid metric
but difficult to measure

Requires queue length
estimation with inherent
uncertainties

https://doi.org/10.3390/bdcc10030080

https://doi.org/10.3390/bdcc10030080


Big Data Cogn. Comput. 2026, 10, 80 6 of 25

Table 2. Cont.

Metric Definition Data Source Applicability to
Heterogeneous Traffic Key Limitation

Queue Length Physical extent of vehicle
queue

Detector placement +
estimation models

Low—estimation fails in
heterogeneous traffic with
occlusions

Detector-based methods
unreliable; visual
measurement difficult

Signal Timing Efficiency Ratio of effective green
time to cycle length Signal timing data

Low—does not account
for green-to-discharge
conversion

Assumes that allocated
green time equals vehicle
movement

Effective Flow Ratio (EFR)
(proposed)

Velocity-weighted
proportion of moving
vehicles, representing
actual discharge quality

Aerial BEV video +
trajectory tracking

High—directly measures
operational efficiency and
penalizes creeping flow

Depends on tracking
continuity and accurate
crossing time
measurement

2.6. Summary and Research Gap

While existing literature provides robust metrics for homogeneous lane-based traffic
such as saturation flow, delay estimation, Level of Service (LOS), and Degree of Saturation
(DoS), these methods consistently fail to capture the stochastic dynamics of heterogeneous
traffic prevalent in the Global South. Simultaneously, the field of computer vision has ad-
vanced significantly by transitioning from simple presence detection to complex trajectory
analysis. Our own previous research has contributed to these foundational capabilities
by establishing frameworks for occlusion resilient vehicle counting via a Multi-Line Ag-
gregated Tracking (MLAT) approach [36] and detailed fine-grained multi-class vehicle
classification tailored for heterogeneous environments using the MVINet deep learning
architecture [37]. However, despite these advancements in counting and classifying vehi-
cles, a critical research gap remains regarding the lack of operational metrics that quantify
the efficiency of discharge. Accurate enumeration alone cannot distinguish between a
vehicle that is flowing freely and one that is creeping through a congested intersection. This
study bridges that specific gap by moving beyond static counts to formulate the Effective
Flow Ratio (EFR), a dynamic efficiency metric derived from aerial vision that reveals the
hidden inefficiencies invisible to traditional volume-based methods.

3. Methodology
3.1. Conceptual Framework: From Eulerian Counting to Lagrangian Efficiency

To address the limitations of classical metrics in heterogeneous traffic, we introduce a
conceptual hierarchy that bridges the gap between demand measurement and efficiency
diagnosis. Traditional traffic engineering relies on the fundamental diagram of traffic
flow: q = k · u, where q is flow, k is density, and u is speed. In homogeneous traffic, these
variables are tightly coupled. However, in heterogeneous traffic, the effective density k
becomes unmeasurable due to the lack of lane discipline. A discrete count of vehicles does
not translate to density because the “passenger car unit” (PCU) varies dynamically with
lateral clearances and composition.

Consequently, the standard metric, Degree of Saturation (X = v/c), fails because the
capacity (c) is not a static constant but a stochastic variable dependent on instantaneous
friction (e.g., a rickshaw blocking multiple effective lanes). Flow rate (v) can remain
high even when actual discharge efficiency drops, implying that the denominator (c)
has collapsed.

We propose three observables that capture fundamentally different operational dimensions:

• Flow Rate (Fd): Demand throughput (vehicles per time)—an Eulerian boundary
measurement

• Flow Ratio (Rd): Movement presence (fraction of vehicles moving)—a first-order
Lagrangian kinematic metric
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• Effective Flow Ratio (EFR): Discharge quality (velocity-weighted movement)—a
second-order Lagrangian operational metric

EFR subsumes Flow Ratio while preserving interpretability. These three variables
should not be interpreted interchangeably: while flow rate indicates demand, only EFR
reveals whether that demand is being served efficiently under friction from non-motorized
vehicles and pedestrians.

3.2. Theoretical Basis: Limit Analysis of EFR

Before defining the metrics formally, we establish the theoretical soundness of EFR
through limit analysis. The proposed Effective Flow Ratio acts as a proxy for the efficiency
of capacity utilization. Consider the behavior of EFR at operational extremes:

1. Free Flow Regime: All vehicles moving (Sd = 0) at free-flow speed (Tactual ≈ Tideal).
Here, velocity efficiency Ev ≈ 1 and Md ≈ Nd. Thus, EFR ≈ 1, correctly identifying
optimal efficiency.

2. Jam Density: All vehicles static (Md = 0). Here, EFR = 0, correctly identifying
complete gridlock.

3. The “Creeping” State (The Heterogeneous Trap): All vehicles are moving (Md ≈ Nd),
but slowly (Tactual ≫ Tideal).

• Classical Flow Ratio: Rd ≈ 1 (suggesting high efficiency)
• Effective Flow Ratio: EFR ≈ Tideal/Tactual ≪ 1 (correctly identifying inefficiency)

This limit analysis confirms that EFR is the superior metric for the specific problem of
“moving but not clearing” identified in the abstract. The creeping state is precisely where
Flow Ratio fails and EFR succeeds—when vehicles exhibit motion but fail to discharge
efficiently due to heterogeneous friction.

3.3. The Illusion of Efficiency in Signal-Flow Correlation

While signal status (Gd) and flow rate (Fd) often correlate strongly in classical analyses,
this relationship can be deceptive under heterogeneous conditions. To illustrate this "false
positive" efficiency, Figure 1 presents a temporal overlay of signal status versus flow rate.

Figure 1. The Illusion of Efficiency. Signal-flow correlation may appear strong even when actual
movement efficiency is poor. The divergence between signal allocation (green) and true discharge
quality highlights that high flow rate does not guarantee effective movement in mixed traffic.
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The visualization exposes a critical operational failure. At specific peak intervals
(e.g., 09:00 and 19:00), the green signal allocation (green line) tracks closely with the
average flow rate (blue line), suggesting a responsive system. In a standard report, this
alignment would imply optimal performance. However, ground truth observation reveals
that despite this apparent synchronization, movement efficiency was often poor due to
pedestrian interference and rickshaw blockage. This creates an Illusion of Efficiency where
the infrastructure supplies green time and sensors record volume, but the actual discharge
quality is low. By incorporating Flow Ratio, the analysis reveals whether demand volume
actually converts into vehicle motion. This motivating example justifies the development
of Flow Ratio and EFR as necessary ground-truth variables.

3.4. Data Acquisition and Processing Pipeline

To operationalize the EFR metric, we employ a multi-source sensing framework that
captures both flow demand and motion efficiency. The methodological pipeline, illustrated
in Figure 2, integrates three parallel data streams into a central fusion block:

1. Aerial View System (Lagrangian): This module processes the aerial video through
Multi-Object Tracking to perform Motion Analysis. By applying velocity thresholds to
separate “Moving” from “Static” vehicles, it directly computes the Flow Ratio (Rd(t))
as the proportion of moving agents.

2. Ground View System (Eulerian): Simultaneously, line-based counting is used to cal-
culate the standard Flow Rate (Fd(t)) and perform approach assignment, establishing
the baseline demand volume.

3. Signal Controller System: The system interfaces with the controller API to log Phase
States (gt,d) and calculate exact Green Seconds (Gc,d) per cycle.

Figure 2. The methodological pipeline for EFR computation. The framework fuses three independent
systems—Aerial (tracking), Ground (counting), and Signal (timing)—through a central Data Fusion
and Processing block to derive synchronized efficiency metrics.

https://doi.org/10.3390/bdcc10030080

https://doi.org/10.3390/bdcc10030080


Big Data Cogn. Comput. 2026, 10, 80 9 of 25

The physical configuration of the sensing environment is shown in Figure 3. To over-
come the severe occlusion challenges typical of mixed traffic, where buses frequently block
the view of smaller rickshaws and motorcycles, we employed a fixed rooftop-mounted
camera installed on an adjacent 18-story building at approximately 55 m altitude. This
permanent installation provides an orthogonal Bird’s-Eye View (BEV) of the entire in-
tersection without the regulatory, durability, and flight-time constraints of drone-based
platforms. This perspective is critical for the Aerial View System because it allows the
computer vision model to track vehicles deep within the queue, rather than just those
at the stop line. As seen in the figure, this setup captures the complex, non-lane-based
interactions across all four approaches simultaneously, serving as the ground truth for
calibrating intersection-wide analytics.

Figure 3. Data acquisition setup. The 4K rooftop camera provides an occlusion-free Bird’s-Eye-View
(BEV) at 55 m altitude. This fixed infrastructure enables continuous, uninterrupted data collection
while capturing the tracking of deep queues and lateral interactions that ground-level sensors miss
due to occlusion.

3.5. Flow Ratio Definition

For each approach d at time t, let Md(t) denote the number of moving vehicles and
Nd(t) the total number of vehicles (moving + static) within the region of interest (ROI).
We define:

Rd(t) =
Md(t)

Nd(t) + ε
, (1)

where ε = 10−6 prevents division by zero, with results confirmed to be numerically
insensitive to this choice. Rd(t) ∈ [0, 1] reflects the fraction of vehicles exhibiting motion
presence within the approach. However, motion presence alone does not guarantee effective
discharge—a vehicle may be moving slowly or stalled in local conflict without crossing
the intersection.

3.6. Effective Flow Ratio (EFR)

To address the limitation that Flow Ratio captures only kinematic presence (Is the
vehicle moving at all?) rather than operational efficiency (“Is the vehicle effectively dis-
charging”), we introduce the Effective Flow Ratio (EFR). This metric weights motion by
discharge quality through a Velocity Efficiency Index.

3.6.1. Velocity Efficiency Index

Let Tactual,d(t) denote the harmonic mean crossing time for vehicles in approach d
during interval t, measured from entry to exit of the intersection ROI. The harmonic mean
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is used because it better represents the time required for collective discharge, giving higher
weight to slower vehicles that bottleneck the stream. We define the Velocity Efficiency
Index as:

Ev,d(t) = min
(

1,
Tideal

Tactual,d(t)

)
, (2)

where Tideal = 20 s is a geometry-dependent parameter, not an arbitrary threshold. This
value represents the theoretical free-flow traversal time derived from the intersection
geometry: with an ROI length of approximately L ≈ 60 m and a conservative free-flow
speed of vfree ≈ 3 m/s (accounting for the natural slowness of mixed traffic including
rickshaws even in uncongested states), we obtain Tideal = L/vfree ≈ 20 s. This geometry-
based derivation ensures reproducibility across different intersection sizes by scaling Tideal

according to local dimensions. It is important to note that Tideal serves as a stream-level
baseline for intersection discharge diagnosis rather than a per-class optimal benchmark.
Developing class-conditioned baselines remains a subject for future work. When actual
crossing time equals or exceeds the ideal, Ev ≤ 1; longer crossing times (indicating slow
discharge due to friction) reduce efficiency proportionally.

3.6.2. EFR Formulation

The Effective Flow Ratio combines motion presence with discharge quality:

EFRd(t) =
Md(t) · Ev,d(t)

Md(t) + Sd(t) + ε
, (3)

where Sd(t) denotes the number of static vehicles in approach d. Since Nd(t) = Md(t) + Sd(t),
EFR can be equivalently expressed as the product of Flow Ratio and Velocity Efficiency:

EFRd(t) = Rd(t) · Ev,d(t). (4)

This formulation clarifies the interpretability of EFR: a value of EFR = 0.5 may arise
from either 50% motion presence with 100% velocity efficiency, or 100% motion presence
with 50% velocity efficiency. Unlike raw Flow Ratio, EFR penalizes scenarios where
vehicles move but discharge slowly due to pedestrian interference, non-motorized vehicle
encroachments, or queue spillback. In this formulation:

• High EFR indicates vehicles are moving and discharging efficiently.
• Low EFR with high motion count signals movement without effective discharge—the

target inefficiency this paper aims to expose.
• EFR is not monotonic with flow rate, as higher demand does not guarantee higher

efficiency in heterogeneous traffic.

3.6.3. Parameter Sensitivity Analysis

The velocity threshold vmin = 0.5 m/s (≈1.8 km/h) represents the minimum displace-
ment rate to classify a vehicle as “moving.” This threshold was selected to distinguish
genuine kinematic motion from detection noise and vibration artifacts. Vehicles below
this threshold exhibit negligible spatial displacement across consecutive frames and are
classified as stationary.

The ideal crossing time Tideal = 20 s is derived from intersection geometry as described
above. To assess sensitivity, we evaluated EFR behavior presented in Table 3 under alterna-
tive parameterizations.
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Table 3. Sensitivity of EFR to Tideal parameterization with quantitative impact.

Tideal
(s) Interpretation Mean EFR σEFR

Regime
Proportions

(S/M/E) a
Rank ρ b

15 Aggressive (faster free-flow) 0.31 0.24 42%/38%/20% 0.97
20 Baseline (geometry-derived) 0.38 0.21 35%/40%/25% 1.00
25 Conservative (slower free-flow) 0.44 0.18 28%/42%/30% 0.96

a S = Suppressed (EFR < 0.3), M = Moderate (0.3–0.7), E = Efficient (EFR > 0.7). b Spearman rank correlation of
per-minute EFR values against the baseline (Tideal = 20 s) parameterization.

Across all parameterizations, the qualitative findings—decoupling of flow and ef-
ficiency, and regime identification—remain robust. The baseline value of 20 s provides
the most balanced discrimination between operational states, while the near-unity rank
correlations (ρ ≥ 0.96) confirm that the relative ordering of efficiency across time intervals
is preserved regardless of the specific Tideal value chosen.

3.7. Flow Rate Measurement

Per-minute flow rate Fd(t) is computed as:

Fd(t) =
Cd(t)

∆t
, (5)

where Cd(t) is the number of vehicles crossing a designated counting line within interval
∆t = 60 s. This conventional measure captures demand but not necessarily efficiency.

3.8. Correlation Analysis

To evaluate how flow translates into movement efficiency, we analyze the correlation
between Fd(t) and Rd(t). Using Pearson’s correlation:

ρFR,d =
∑t(Fd(t)− F̄d)(Rd(t)− R̄d)√

∑t(Fd(t)− F̄d)2 ∑t(Rd(t)− R̄d)2
, (6)

where F̄d and R̄d are temporal means.

3.9. Interpretation

• High Fd with low Rd ⇒ latent inefficiency (e.g., spillback, pedestrian/NMT interference).
• High Fd with high Rd ⇒ smooth discharge, efficient use of green time.
• Low correlation ρFR,d across cycles ⇒ inconsistent performance requiring signal or

demand management.

Thus, Flow Ratio not only complements flow rate but also provides an operational
lens into how well demand is translated into actual vehicle movement under mixed-traffic
conditions. Correlation analysis was performed both for Flow Ratio and EFR; results
presented here focus on EFR as the higher-order metric.

3.10. Pipeline Performance and Robustness

The end-to-end computer vision pipeline was deployed on-device and achieved
runtime performance of 10–13 frames per second (FPS), sufficient for the minute-level
aggregation employed in this study. Pipeline validation metrics are summarized in Table 4.
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Table 4. Computer vision pipeline performance metrics.

Metric Value Definition

End-to-end processing rate 10–13 FPS Frames processed per second (detection + tracking +
metric computation)

Vehicle detection rate 95.6% Proportion of vehicles in frame successfully detected
(automated count)

Tracking success rate 98% Proportion of detections maintaining consistent ID
across trajectory

Peak simultaneous detections 232 objects (avg) Maximum concurrent tracked objects in a single frame

3.10.1. Validation Protocol

To establish a traceable manual baseline tailored to our Lagrangian approach, we
conducted a sample-based manual validation study. Because exhaustive frame-by-frame
pixel annotation is computationally prohibitive for this operational environment, and
because the Effective Flow Ratio (EFR) metric fundamentally relies on trajectory continuity
rather than momentary Eulerian presence, we focused our manual ground-truthing directly
on trajectory ID persistence.

Two independent human annotators reviewed the raw video across 20 representative
5-min segments (100 min total), capturing a cross-section of morning peak, off-peak, and
evening peak conditions. Within these segments, annotators manually tracked a random
ground-truth sample of 1000 vehicles (50 per segment, explicitly encompassing cars, buses,
motorcycles, and rickshaws). Each vehicle in the sample was visually tracked from ROI entry
to exit to verify ID persistence and correct kinematic state classification (moving vs. static)
with informal spot-checking applied to ensure agreement.

Evaluated against this manual sample (n = 1000), the automated pipeline maintained
correct, unbroken track IDs for over 95% of the sampled trajectories. This diagnostic
validation explicitly defines the sample size, included classes, and annotation procedure,
confirming that the automated association statistics reported in Table 4 align closely with
human-verified ground truth. Consequently, this manual audit verifies that the pipeline
reliably captures the trajectory continuity required for robust EFR estimation.

3.10.2. Occlusion Handling and Track Continuity

ByteTrack maintains trajectory continuity through Kalman filter-based motion predic-
tion, enabling ID persistence during temporary occlusions lasting up to 30 frames (≈ 1 s at
30 FPS input rate). When a vehicle is temporarily occluded (e.g., by a double-decker bus),
the tracker predicts its position and re-associates the detection upon reappearance. This
mechanism reduces track fragmentation and ID switches that would otherwise inflate the
static vehicle count Sd(t) or introduce spurious crossing time measurements.

3.10.3. Systematic Error Considerations

Several systematic errors may affect the computed metrics:

• Detection failures: Missed detections (4.4% of vehicles) cause underestimation of
Nd(t). However, since both Md(t) and Sd(t) are affected proportionally, the Flow
Ratio Rd(t) remains relatively stable.

• Track fragmentation: ID switches may cause a single vehicle to be counted multiple
times in crossing time computations. The 98% tracking success rate and ByteTrack’s
re-identification logic mitigate this effect.

• Small target detection: Motorcycles and bicycles at the 55 m altitude appear as small
targets (∼20–40 pixels). The YOLOv11 model, pre-trained on the VisDrone aerial
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dataset, is specifically optimized for such scenarios, though detection confidence for
these classes is lower than for larger vehicles.

These considerations inform the interpretation of results but do not fundamentally
alter the observed flow–efficiency decoupling patterns.

3.11. Implementation Details: ROI Construction and Entry/Exit Timing

To ensure full reproducibility, this subsection specifies the computational procedures
for ROI definition, entry/exit event detection, and crossing time measurement as imple-
mented in the deployed system.

3.11.1. ROI Geometry and Approach Assignment

Each intersection approach is represented by a configurable polygonal Region of
Interest (ROI) defined directly in the 960 × 960 pixel image domain. Due to the high-altitude
(55 m) near-orthogonal perspective, the camera view approximates a Bird’s-Eye View (BEV)
sufficiently well for flow analysis without requiring a homography transformation to a
ground-plane coordinate system. We operate in the image plane to avoid introduction of
reprojection errors. To reconcile image-plane operations with metre-based parameters such
as vfree and vmin, a ground-distance reference measurement was used to obtain a metres-
per-pixel calibration (yielding approximately 2.54 continuous meters of ground distance
equivalent to 1 pixel displacement at the intersection center). ROI vertices for the deployed
configuration are provided in the Appendix A. Point-in-polygon membership is determined
via ray-casting: for a vehicle centroid (cx, cy) and a polygon with n vertices {(pxi , pyi )}n

i=1,
a horizontal ray is cast from the point, and the number of edge intersections determines
interior membership (odd count ⇒ inside). A vehicle is assigned to the approach whose
ROI contains its bounding-box centroid. Exclusion zones (e.g., medians, sidewalks) are
defined as additional polygons; vehicles whose centroids fall within exclusion zones are
removed from all metric computations.

3.11.2. Entry/Exit Event Detection

Crossing events are detected using the boundary-line sign-change method. For each
approach, a counting line is defined by two endpoints (p1, p2) and a direction vector dfrom

indicating the “from” side. At each frame, the dot product between the vehicle-to-line-
midpoint vector and dfrom determines the vehicle’s side:

side(t) = sign
(
(c(t)− m) · dfrom

)
, (7)

where c(t) is the vehicle centroid at frame t and m is the line midpoint. A crossing event
is registered when side(t − 1) · side(t) < 0 (sign reversal), indicating that the vehicle has
traversed the boundary. The entry frame fentry is recorded at the first boundary crossing,
and the exit frame fexit at the subsequent crossing of the opposite boundary.

3.11.3. Crossing Time Computation

The crossing time for vehicle i traversing from entry line La to exit line Lb is computed as:

Tcross,i =
fexit − fentry

FPS
, (8)

where FPS is the video frame rate. The actual crossing time Tactual,d(t) used in EFR com-
putation (Equation (2)) is the harmonic mean of individual crossing times within the
aggregation interval:

Tactual,d(t) =
n

∑n
i=1 T−1

cross,i

, (9)
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where n is the number of completed crossings in the interval. In the case where n = 0 (no
completed crossings), Tactual,d(t) is undefined. If operationally Md(t) > 0 but n = 0, this
indicates a blockage state where discharge is effectively zero, and thus Ev,d(t) is assigned a
value of 0.

3.11.4. Handling Fragmented Tracks and Re-Association

When a tracked vehicle is temporarily lost due to occlusion or detection failure, Byte-
Track’s Kalman filter maintains a predicted trajectory for up to 30 frames (≈ 1 s at 30 FPS
source rate). If the vehicle reappears within this persistence window and its predicted
position matches the new detection (via IoU-based association), the original track ID is
preserved and the crossing time computation continues seamlessly. Tracks that fragment
beyond the persistence window are discarded from the crossing-time average to prevent
inflated Tactual values. Additionally, a periodic ID cleanup removes stale track entries every
1500 frames to maintain computational efficiency. This conservative approach ensures that
only complete, high-confidence trajectories contribute to the Velocity Efficiency Index.

4. Results
4.1. Dataset Summary

The empirical analysis draws on continuous video capture from a rooftop-mounted 4K
camera overlooking the study intersection. Table 5 summarized the data collection parameters.

Table 5. Dataset summary and quality parameters.

Parameter Value

Total observation period 25 days
Days discarded (power outage) 4 days
Usable observation days 21 days
Daily coverage 06:00–22:00 (16 h)
Total usable hours ≈336 h
Signal cycles analyzed >6000 cycles
Total vehicle detections >1.2 million
Temporal resolution 1-min aggregation

Data from four days were discarded due to power outages that caused incomplete
daily records. The remaining 21 days provide sufficient statistical power for the temporal
and directional analyses presented below.

4.2. The Divergence of Kinematics and Flow

To understand the relationship between volume and discharge quality, we analyzed
the temporal evolution of flow rate Fd(t) and Flow Ratio Rd(t), as illustrated in Figure 4.
A critical observation from this analysis is the frequent decoupling of these two variables.
Specifically, during several green phases, the flow rate remains elevated which indicates
high volume throughput, yet the Flow Ratio exhibits sharp, high-frequency oscillations.

This divergence signifies “hidden inefficiencies” within the traffic stream. While
the high flow rate suggests productivity, the volatile Flow Ratio reveals that the queue
is actually experiencing stop-and-go shockwaves rather than smooth discharge. This
behavior arises from heterogeneous friction sources, including rickshaws changing lanes or
pedestrians filtering through traffic. These impediments force the stream to pulse rather
than flow continuously. Traditional volume counts often smooth over these pulses through
temporal aggregation, presenting a false picture of operational stability. In contrast, the
Flow Ratio metric successfully captures these micro-level dynamics that determine the true
discharge quality.
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Figure 4. Representative temporal trends of flow rate and Flow Ratio. Divergence highlights hidden
inefficiencies.

4.3. Temporal Instability and Correlation Collapse

To examine the temporal stability of the relationship between flow rate and Effective
Flow Ratio, we computed rolling Pearson correlation using a 30-min sliding window, as
presented in Figure 5. The analysis reveals substantial temporal instability in the flow-
EFR relationship. Rather than hovering around a stable positive value, the correlation
coefficient frequently plunges below the 0.3 threshold (marked in red) and occasionally
enters negative territory.

Figure 5. Rolling correlation between flow rate and Effective Flow Ratio (EFR) with 30-min window.
Red markers indicate intervals where correlation drops below 0.3 threshold, signaling temporal
instability in the flow–efficiency relationship.

Across the full dataset, the mean correlation coefficient was ρ̄ = 0.24 (95% CI:
[0.19, 0.29], p < 0.001), confirming a weak but statistically significant positive relationship.
However, the high variance (σρ = 0.31) and frequent excursions into negative territory
underscore the temporal instability of this relationship.

These negative correlation intervals are particularly diagnostic, representing a regime
where increasing flow rate leads to a decrease in EFR—the definition of hyper-congestion
or flow breakdown. These periods correspond to “mixed-traffic friction,” where the sheer
density of agents causes an interlocking effect that stifles movement efficiency despite high
demand. This phenomenon mirrors jamming in granular flows: beyond a critical density,
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lateral interference dominates, and additional vehicles reduce rather than increase effective
discharge. Consequently, this instability confirms that static capacity models are inadequate
for mixed traffic, as the system transitions between efficiency regimes too rapidly for fixed
parameters to capture.

4.4. The Non-Monotonic Efficiency Frontier

To directly test whether higher demand translates into higher efficiency, we binned
flow rate observations and examined EFR distributions within each bin, as presented in
Figure 6. The most significant finding from this analysis is the revelation of a non-monotonic
relationship, which contradicts the standard assumption that higher utilization yields
higher efficiency up to capacity. Instead, we observe a complex, regime-dependent pattern.

Figure 6. Flow-binned distribution of Effective Flow Ratio (EFR). Box plots show EFR variance
within discrete flow-rate ranges. The non-monotonic pattern demonstrates that higher flow does not
guarantee higher efficiency.

The underlying dynamics driving these distinct operational states are detailed below:

• Low Flow (0–10 veh/min): Variance is extreme. EFR spans the full range [0, 1], re-
flecting the stochastic nature of low-demand arrival patterns and sporadic signal-
pedestrian conflicts.

• Moderate Flow (10–40 veh/min)—The “Zone of Chaos”: EFR variance remains
high, but the median suppresses. This is the most operationally complex regime. At
moderate densities, the heterogeneous interactions (e.g., speed differentials between
cars traveling at 40 km/h and rickshaws at 15 km/h) maximize lateral interference,
preventing the formation of stable platoons. Vehicles cannot accelerate to free-flow
speed due to frequent encroachment by slower agents, yet density is insufficient to
enforce orderly queuing. This is the regime where heterogeneity penalty is maximized.

• High Flow (>40 veh/min)—The “Efficiency Ceiling”: Variance collapses, but cru-
cially, the median EFR remains low (<0.4). This confirms an efficiency ceiling inherent
to mixed traffic. Even at maximum throughput, the mixed-traffic stream cannot
achieve the discharge quality of a homogeneous stream. The system hits a friction limit
before it hits a volume limit. High flow is sustained not through velocity but through den-
sity—vehicles pack tightly and creep through the intersection as a slow-moving mass.

This empirically confirms the core claim: higher flow does not guarantee higher
movement efficiency in heterogeneous traffic, validating EFR as an essential complement
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to volume-based metrics. This finding directly contradicts the implicit assumption in
capacity-based models that higher flow implies higher operational quality.

4.5. Visualizing the “Efficiency Paradox”

To visualize the non-linear relationship between demand, efficiency, and latency,
we constructed a multi-dimensional efficiency surface as presented in Figure 7. This
visualization exposes the “Efficiency Paradox,” where a distinct operational region exists
characterized by the coexistence of high flow rates, high latency, and low Flow Ratio. This
specific zone corresponds to “productive congestion,” a state where the intersection pushes
high vehicle volumes but at a severe cost to user delay.

Figure 7. Multi-Dimensional Efficiency Surface showing the relationship between Flow Rate, Flow Ra-
tio, and Average Crossing Time. The surface curvature highlights the “Efficiency Paradox” where high
flow can coexist with high latency (low efficiency). This visualization serves to identify operational
‘sweet spots’ where efficiency is maximized, rather than acting as a quantitative prediction tool.

In homogeneous traffic models, high flow typically implies optimal speed, which
aligns with the capacity state on the fundamental diagram. However, in mixed traffic, high
flow is often achieved via a dense, slow-moving wall of vehicles that maintain minimal
headways while crawling at sub-optimal velocities. EFR successfully distinguishes this
high-latency state from true efficient discharge, a critical distinction that standard volume
metrics miss entirely. Therefore, the surface serves primarily for the conceptual visualiza-
tion of regime separation rather than precise quantitative inference. The practical utility
lies in revealing that intermediate flow rates can achieve higher EFR than maximum flow
rates when motion quality is preserved.

4.6. Operational Regimes and Discorrelation

The operational breakdown of the intersection through the lens of EFR is shown in
Figure 8. Unlike flow rate alone, this efficiency-based segmentation separates smooth
discharge from hidden inefficiency, revealing complex behaviors that standard volume
counts fail to capture.

The scatter plot reveals three distinct operational regimes that flow rate alone
cannot distinguish:

• Smooth Discharge (Green): High flow associated with high EFR (>0.7), indicating
optimal green time utilization.
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• Hidden Inefficiency (Red): High flow rate coexisting with low EFR (<0.4). In these
cases, volume counts suggest productivity, but vehicles are essentially creeping or
stalled by friction, failing to clear the intersection effectively.

• Suppressed Demand (Blue): Low flow and low EFR, typical of signal red phases or
starved approaches.

The overall negative correlation (r = −0.087, 95% CI: [−0.11,−0.06], p < 0.001) is
statistically significant and suggests that efficiency exhibits weak linear association with
demand in mixed traffic, rather than the positive correlation implicitly assumed by volume-
based metrics. Although the magnitude of r is small, its statistical significance combined
with regime clustering indicates regime-dependent, non-linear behaviour rather than a
simple linear relationship. While the effect size is small, the direction contradicts the
implicit assumption that higher throughput implies better performance. We note that time-
series autocorrelation in minute-level aggregated data may inflate the apparent significance
of Pearson r; the reported values characterize observed marginal patterns and should not
be interpreted as evidence of statistical independence between flow and efficiency.

Figure 8. Flow Rate vs. EFR scatter plot showing three distinct operational regimes. Unlike flow rate
alone, EFR separates smooth discharge from hidden inefficiency.

4.7. Directional Discorrelation Analysis

A comprehensive analysis of the West approach reveals how flow–efficiency dis-
correlation manifests over time, as visualized in Figure 9. To spatially and temporally
localize operational failures, we examined the specific divergence patterns in this approach.
High-divergence periods, highlighted as red shaded areas in the top panel, correspond
to intervals where flow rate remains stable or high while EFR collapses. This decoupling
is significant and is quantified by a peak discorrelation strength of 0.964, confirming that
volume alone is a poor proxy for performance during these critical windows.
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Figure 9. Comprehensive discorrelation analysis for the West approach. (Top): Time series overlay of
Flow Rate and EFR. (Middle): Scatter plot colored by hour. (Bottom): Divergence strength.

The temporal distribution of these events is not random. The middle scatter plot
reveals distinct clusters by time of day, suggesting that friction on the West approach is
driven by recurrent impediments, such as scheduled bus arrivals or peak-hour pedestrian
surges, rather than random noise. This recurring pattern implies that the current static
signal plan systematically misallocates green time during these specific windows. Unlike
delay or LOS metrics which struggle with queue boundary estimation, EFR proves robust
under the heavy occlusion and non-lane-based traffic conditions common to this approach.

5. Discussion
5.1. The Decoupling of Flow and Efficiency

The central theoretical insight of this study is the dynamic decoupling of flow rate
and discharge efficiency. In lane-based, homogeneous traffic, flow and speed are coupled
via the fundamental diagram—as density increases towards critical density, flow increases
and speed decreases predictably. Our data suggest that in mixed traffic, this coupling is
fractured by lateral friction. The “Efficiency Paradox” observed in Figure 7 demonstrates
that high volume can be sustained even as discharge quality (EFR) collapses. This implies
that “Capacity” in mixed traffic is not a fixed number but a probabilistic state dependent
on the instantaneous composition of the stream (e.g., the ratio of rickshaws to buses).
EFR serves as a real-time probe of this state, offering a fidelity that static saturation flow
estimates cannot match.

5.2. Implications for Adaptive Signal Control

Current Adaptive Traffic Signal Control (ATSC) systems, such as SCOOT or SCATS,
typically optimize for Degree of Saturation (v/c) or queue length. Applying these logic
structures to the Dhaka context is problematic because they assume that clearing the queue
is equivalent to maximizing efficiency. However, as demonstrated by the divergence of
flow and EFR earlier, green time is frequently wasted on phases that are locked by friction.

An EFR-based control logic would fundamentally alter the optimization objective.
Conceptually, an EFR-informed control logic could be envisioned as follows: Instead of
“Extend Green if Queue > 0,” the logic would shift to “Extend Green if EFR > Threshold.”
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It is important to reiterate that this control logic is not validated here but rather presented as
a conceptual implication. If EFR drops despite the presence of a queue (indicating friction
or blockage), it suggests the phase has become unproductive, preventing the accumulation
of unproductive delay. This shift from volume-responsive to efficiency-responsive control is
the key to potentially managing congestion in environments where infrastructure expansion
is impossible. This does not imply premature termination during red-induced suppression
but rather during green phases where motion efficiency collapses despite demand.

5.3. Practical Applications and Transport Planning

Beyond theoretical contributions, the EFR metric offers immediate practical value for
transport agencies operating in mixed-traffic environments:

• Cycle-Level Performance Auditing: EFR enables per-cycle evaluation of signal effi-
ciency, identifying specific phases where allocated green time fails to produce effective
discharge. This granularity supports evidence-based signal retiming without requiring
expensive simulation studies.

• Bottleneck Identification: The directional discorrelation analysis (Section 4.7) demon-
strates how EFR can pinpoint approaches with recurrent friction problems, guiding
targeted interventions such as pedestrian management or NMT lane separation.

• Before-After Evaluation: Unlike traditional counts that may show unchanged vol-
umes, EFR can quantify whether infrastructure or policy interventions (e.g., rickshaw-
free zones, pedestrian signal phases) genuinely improve discharge quality.

• Real-Time Dashboard Integration: The minute-level temporal resolution makes EFR
suitable for integration into traffic management center dashboards, providing opera-
tors with actionable efficiency indicators alongside conventional volume displays.

5.4. EFR vs. Highway Capacity Manual LOS Framework

The Highway Capacity Manual’s density-based Level of Service (LOS) metrics pre-
sume lane discipline and homogeneous vehicle behavior. In the observed data, traditional
LOS classification would categorize many high-flow periods as LOS C or D (acceptable
service), yet EFR reveals these same periods as operationally inefficient (EFR < 0.4). This
demonstrates that EFR successfully maps operational states that LOS cannot distinguish,
providing finer granularity for heterogeneous traffic diagnosis. Unlike LOS, which relies
on calibrated speed-density relationships, EFR is derived directly from observed motion
dynamics, making it robust to the compositional variance of mixed traffic.

5.5. Scalability, Limitations, and Platform Considerations

While EFR offers significant diagnostic power, its reliance on computer vision intro-
duces specific constraints that inform deployment decisions.

5.5.1. Platform Selection: Rooftop vs. Ground-Level Cameras

The study employed a fixed rooftop-mounted camera at 55 m altitude rather than
ground-level pole cameras. This choice was driven by the fundamental limitations of
ground-level sensing in mixed traffic:

• Severe Occlusion: Ground cameras placed at typical 5–8 m pole heights suffer ex-
tensive occlusion from buses, trucks, and overlapping vehicles. In our preliminary
ground-camera tests, occlusion losses exceeded 40% of vehicles during peak periods,
rendering Flow Ratio computation unreliable.

• Re-identification Challenges: Ground-level multi-camera systems require robust
vehicle re-identification across camera views to track crossing times. In heterogeneous
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traffic with many similar-appearing vehicles (e.g., identical rickshaw models), re-ID
accuracy degrades substantially, introducing systematic errors in Tactual estimation.

• Infrastructure Cost: Achieving comparable coverage to a single elevated camera
would require 4–6 coordinated ground cameras with complex calibration and synchro-
nization, substantially increasing deployment cost and maintenance burden.

The rooftop installation provides near-orthogonal BEV imagery that eliminates these
constraints. While not universally available, suitable vantage points exist in many urban
contexts (adjacent buildings, elevated walkways, existing CCTV structures). The methodol-
ogy remains camera-agnostic: any platform providing BEV transformation capability can
implement EFR computation.

5.5.2. Tracker Dependence and Failure Modes

The accuracy of EFR is contingent on the stability of the ByteTrack multi-object tracker.
While the 55m aerial perspective mitigates the severe occlusion issues typical of ground-
level sensing (where tall vehicles block entire lanes), challenges persist in scenarios of
“hyper-dense clustering.” In these high-density states, tight clusters of smaller vehicles (e.g.,
motorcycles and rickshaws) moving synchronously alongside large buses may visually
merge or fall below the minimum inter-object separation threshold of the detector. This
semantic overlap, rather than simple geometric occlusion, represents the primary tracking
failure mode in aerial BEV imagery, potentially leading to an underestimation of Nd. The
98% tracking success rate reported in Section 3.10 mitigates this concern significantly,
but future work will incorporate uncertainty quantification to flag low-confidence EFR
estimates in these specific regimes.

5.5.3. Parameter Calibration

The Tideal parameter requires calibration based on intersection geometry. While we
have demonstrated a geometry-based derivation (Tideal = L/vfree), future work will focus
on automating this calibration using self-supervised learning to establish baseline free-flow
velocities for any given camera deployment.

5.5.4. Ethical Considerations and Privacy

The 55 m elevation provides a critical privacy advantage: at this altitude, individual
faces are not identifiable in the captured imagery (<10 pixels per face), and license plates
are unreadable. The system processes aggregate motion patterns rather than individual
identification. No biometric data is collected, stored, or processed. The research protocol
was designed to collect only traffic flow statistics, not personally identifiable information,
aligning with privacy-by-design principles for urban sensing applications.

6. Conclusions
This study addressed the critical limitation of traditional traffic performance metrics in

heterogeneous, mixed-traffic environments: their inability to distinguish between effective
vehicular discharge and varying states of congestion. By leveraging a computer-vision
framework combining YOLOv11 and ByteTrack deployed on a fixed rooftop camera, we
introduced and validated two novel state variables: Flow Ratio, a measure of kinematic
presence, and Effective Flow Ratio (EFR), a measure of operational discharge quality.

Our empirical analysis of a major intersection in Dhaka, Bangladesh, yielded two
definitive conclusions:

1. Flow rate and efficiency are dynamically decoupled in mixed traffic. High demand
does not guarantee high discharge quality. The “Efficiency Paradox” demonstrates
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that high volume can coexist with severe user delay when vehicles move as a dense,
slow-moving mass rather than a smooth stream.

2. This decoupling is non-monotonic and temporally unstable. The flow–efficiency
relationship exhibits rapid regime shifts characterized by negative correlation intervals
(hyper-congestion) and high-variance moderate-flow regimes (“zone of chaos”). Static
signal plans cannot accommodate this instability.

We conclude that efficiency in heterogeneous traffic is an emergent property of motion
quality, not a direct derivative of volume. As cities in the developing world seek to modern-
ize their transportation infrastructure, the integration of EFR-based monitoring represents
a low-cost, high-impact strategy to unlock latent capacity without major infrastructure
investment. This work provides the foundational metrics required to transition Intelligent
Transportation Systems (ITS) from volume-based logic to efficiency-based logic, paving the
way for next-generation adaptive signal control in the complex traffic landscapes of the
Global South.

Future work will focus on: (i) integrating EFR into real-time adaptive control policies
that optimize for movement efficiency rather than volume alone; (ii) extending valida-
tion across multiple intersections and network scales to establish generalizability; (iii)
developing composite performance indices that combine EFR with safety and environ-
mental metrics for comprehensive intersection assessment; and (iv) automating parameter
calibration through self-supervised learning to reduce deployment effort.
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Abbreviations
The following abbreviations are used in this manuscript:

LOS Level of Service
BEV Bird’s-Eye View
EPP Exclusive Pedestrian Phasing
CPP Concurrent Pedestrian Phasing
HCM Highway Capacity Manual
DoS Degree of Saturation
YOLO You Only Look Once
SORT Simple Online and Realtime Tracking
MOT Multi-Object Tracking
ATSC Adaptive Traffic Signal Control
ITS Intelligent Transportation Systems
NMT Non-Motorized Traffic
EFR Effective Flow Ratio

Appendix A. ROI Configuration
To ensure reproducibility of the spatial filtering and counting logic, we provide the

exact vertex coordinates used in the deployed system. All coordinates are in the 960 × 960
pixel image domain.

Appendix A.1. Counting Lines

Table A1 lists the start and end coordinates for the directional counting lines used to
detect vehicle entry and exit events.

Table A1. Counting Line Coordinates (Image Domain).

Line ID Start Point (x, y) End Point (x, y) Direction Vector

W (445.2, 704.0) (562.8, 524.8) (−0.65,−0.76)
S (570.0, 499.2) (445.2, 328.5) (−0.61, 0.79)
E (423.6, 328.5) (316.8, 469.3) (0.60, 0.80)
N (307.2, 490.7) (428.4, 710.4) (0.71,−0.70)
WN (430.8, 945.1) (435.6, 808.5) (−1.00,−0.06)
WS (620.4, 571.7) (674.4, 580.3) (−0.09, 1.00)
ES (433.2, 285.9) (435.6, 226.1) (1.00, 0.07)
NE (230.4, 520.5) (277.2, 531.2) (0.13,−0.99)

Appendix A.2. Region of Interest (ROI) Polygons

Table A2 provides the vertex definitions for the approach regions (NS, WE, SN, EW)
and exclusion zones (X1, X2, X3).

Table A2. ROI Polygon Vertices.

Region ID Vertex Coordinates {(x1, y1), . . . , (xn, yn)}
NS (North Approach) {(8.4, 789.3), (212.4, 650.7), (292.8, 546.1), (345.6, 631.5), (202.8, 817.1), (32.4, 919.5)}
WE (West Approach) {(490.8, 746.7), (552.0, 646.4), (648.0, 814.9), (693.6, 940.8), (598.8, 951.5)}
SN (South Approach) {(518.4, 388.3), (636.0, 247.5), (760.8, 196.3), (778.8, 262.4), (690.0, 320.0), (570.0, 482.1)}
EW (East Approach) {(344.4, 384.0), (295.2, 283.7), (278.4, 232.5), (337.2, 196.3), (403.2, 300.8)}
X1 (Exclusion) {(789.6, 951.5), (956.4, 953.6), (950.4, 224.0), (758.4, 317.9), (710.4, 360.5), (679.2, 501.3)}
X2 (Exclusion) {(272.4, 2.1), (914.4, 4.3), (888.0, 96.0), (454.8, 228.3), (336.0, 172.8)}
X3 (Exclusion) {(10.8, 770.1), (200.4, 648.5), (253.2, 486.4), (247.2, 266.7), (214.8, 128.0), (205.2, 6.4), (10.8, 12.8), (9.6, 761.6)}
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