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ABSTRACT
This research extracts trajectories of non-directional micromobility
traffic (pedestrians, cyclists, and mopeds) in a shared right-of-way
urban space, applying a Voronoi-based area-weighted framework to
construct Network Fundamental Diagrams (NFDs). Using an aggre-
gation technique that weights by link length, we explore two
Voronoi-based approaches for generating NFDs from microscopic
data: a standard mixed-mode approach and a novel mode-isolated
approach. Results demonstrate that both methods accurately com-
pute macroscopic traffic measures, and mode-isolated approach, in
particular, reveals unique contribution of each mode to the NFD.
Cyclists andmopedsdriveperformancedominance, shaping theNFD
even when pedestrians dominate traffic composition (mode-share
dominance). This study empirically validates existence ofmixed two-
dimensional traffic NFD including critical capacities and jam densi-
ties and highlights the aggregate impact of individual modes. The
findings underscore the potential of area-weighted aggregation to
account for heterogeneity in urban mixed traffic, offering insights
into capacity and efficiency evaluations for non-motorized transport
systems.
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1. Introduction

The continuedadvancements in artificial intelligence research are changing the technology
industry productivity and the lifestyles of human beings (Cockburn, Henderson, and Stern
2018). In the areaof computer vision,many scholars, and researchers fromaround theworld
have producedmultiple tools that are being adopted in the engineering field (Simon 1983).
Despite challenges such as visual occlusion in mixed urban environments, the improved
video technology fosters their use in practical offline and online applications. There is a
multitude of video files/data already produced in the transportation domain where object
detection and tracking algorithms, based on neural networks, enable the identification of
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vehicles, pedestrians, and other obstacles on roads or in crowded cityscapes at a ‘micro-
scopic’ level. These technologies contribute to enhancing road safety, optimising traffic
flow, enabling the development of advanced driver-assistance systems (ADAS) and aid-
ing in the implementation of efficient transportation logistics and predictive maintenance
(Suvizi and Venkataramani 2025). While numerous commercial and academic systems
detect various road users in real time, few solutions are specifically tailored and validated
for the dense,multidirectional interactions of shared space environments (Bhat et al. 2021).
Therefore, it is imperative to develop a system capable of detecting and tracking road users
in a complex mixed environment for data extraction and analysis.

Once the detection and tracking algorithms provide real-world vehicle and pedestrian
trajectory data, leveraging the Network Fundamental Diagram (NFD) enables an under-
standing of fundamental traffic flow attributes at a network level. Although we might not
have a complete network-level dataset, the NFD enables us to derive insights from indi-
vidual trajectories by aggregating them into network-wide metrics. This approach allows
us to analyze relationships between traffic density, flow rate, and speed across different
segments of the transportation system. NFD application allows traffic pattern analysis (Z.
Zhanget al. 2024), congestion spot identification, andnetwork optimisation. It aids in devis-
ing effective traffic management strategies, like synchronised traffic signals, congestion
pricing, and dynamic routing guidance, while supporting the development of predictive
models and simulations for assessing various scenarios and implementing traffic control
measures to enhance network efficiency and safety. Concepts of density and flow originate
from fluid mechanics and are typically defined for an infinite number of particles. Standard
or directional methods of measuring these quantities locally suffer from large data scatter
(Steffen and Seyfried 2010). In this case, a possible solution involves utilising Voronoi dia-
grams to allocate personal space to each object, minimising density scatter (Mullick et al.
2025; Vackova and Bukacek 2025). Similarly, calculating direction and speed from position
differences between timeswith identical phases ofmovement gives low-scatter sequences
for speed and direction.

In this study, we employ a detection and tracking approach to collect trajectories
for measuring characteristics and relations between users in mixed environment. Then
Voronoi-based space discretisation is used to bridge the gap between microscopic and
macroscopic traffic analysis. The objectives are: (1) to enhance the accuracy of an auto-
mated tracking systems for identifying and analyzing various road users’ movement in
complex urban settingswhile validating such systems againstmanually extracted data; and
(2) to leverage this unique data to investigate the existence of area-based NFD and the
concept of mode dominance in two-directional mixed traffic.

2. Literature review

Accurate estimation and control of traffic flow remain pressing challenges for researchers
and practitioners, especially in the context of increasingly dynamic and complex urban
networks. To address this, it is essential to study macroscopic relationship between traffic
density and flow across an entire network.

For traffic monitoring and control, the NFD has demonstrated successful traffic analy-
sis and insightful performancemeasures (Aghamohammadi and Laval 2020; Du and Rakha
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2019). The application of NFD is for estimating the traffic state of a neighbourhood in rela-
tion to its spacemean speed (Mahmassani, Hou, and Saberi 2013). In addition, global traffic
conditions of an urban road network in ordinary conditions may be measured with NFD
based approximations (Musolino and Vitetta 2014). However, accurately constructing the
NFD requires a complete and high-resolution dataset representing all road users. With
advancements in detection and tracking algorithms, such detailed trajectory data is now
attainable (Du and Rakha 2019). NFD-based traffic models are widely employed to support
network planning and congestion mitigation strategies. These models help link aggregate
flow and density measures, offering insights that inform signal control optimisation and
overall traffic management (L. Zhang et al. 2020; Sleiman, Beigi, and Hamdar 2025). Many
of the studies to analyze traffic flow have focused on models based on NFD that describe
the relationshipbetweenaggregated flows andaggregateddensities of transport networks
(L. Zhang et al. 2020). Additional NFD studies aim to enhance signal control optimisation,
incorporating the link fundamental diagram concept, and illustrating the link density and
flow relationship, leading to recent advancements (Musolino and Vitetta 2014).

Saberi et al. (2014) evaluate measurement methods for traffic flow variables taken at
the network level. Using three-dimensional vehicle trajectories, the method provides esti-
mates of network flow, density, and speed. It extends the generalised Edie’s definitions of
fundamental traffic flow variables to the network level. Huang, Sun, and Zhang (2022) intro-
duced a 3D-MFD (Macroscopic Fundamental Diagram) to analyze car – bicycle interactions
using data from urban networks in Shanghai. Their results showed that higher densities
and speed differences betweenmodes negatively impact overall traffic performance, high-
lighting the need for improved multi-modal traffic management. Researchers have also
explored pedestrian dynamics using video and modelling techniques. According to Plaue
et al. (2011), data from crowds can be used for understanding different pedestrian dynam-
ics. Theauthors suggestedamethodof extractingdata fromarbitrary angleswhichdoesnot
require other information such as the heights of the pedestrians. They adopted a Cellular
Automata (CA)model (Ermentrout andEdelstein-Keshet 1993) andaSocial Force (SF)model
(Mehran, Oyama, and Shah 2009) to analyze the pedestrian trajectories and the associated
flows and densities. The collected videoswere analyzed using thewidth kernel density esti-
mation. It was recognised that the unusual behaviours of the cyclists such as bending may
affect the detection of their positions and thus the relative time and space headways with
respect to other pedestrians and their heads’ coordinates. While it is hard to measure the
density of pedestrians or cyclists, the suggested method could use numerical simulations
to validate the continuous locations of given objects. This was one of the first studies to
utilise videos to analyze pedestrians’ and crowds’ dynamics.

Pedestrian and vehicular characteristics extracted and tracked from video allow for
more elaborate and advanced traffic management applications. However, even though it
is relatively simple tomeasure some target characteristics to differentiate between cyclists,
pedestrians, and mopeds, it is harder to translate such characteristics to traffic measures
(such as density, flow, and speed) accurately and efficiently. As an example, according to
Steffen and Seyfried (2010), methods of measuring speed, density, and flow of traffic ele-
ments in a two-dimensional space, in general, and pedestrians, in particular, have been
well studied; however, such methods often suffer from uncontrolled data scattering and
lack of standards and common thresholds depending on the study area, the measurement
method and the type of experiment/phenomena observed.



4 D. PAN ET AL.

To address data scattering and measurement inconsistencies, researchers have increas-
ingly adopted Voronoi-based spatial discretisation techniques. Steffen and Seyfried (2010)
suggest the use of the Voronoi diagram (Erwig 2000) to reduce instances of data scattering.
This approach also allows to calculate speeds from the positions of a relatively low num-
ber of objects and to translate such micro measures into basic macro quantities such as
density and flow. However, even with the use of the Voronoi diagram, the measures found
will depend on the boundaries of the study area(s) set: based on these boundaries, a den-
sity in an area A which accommodates N number of pedestrians will change significantly
along with the reported flow-density data points. When dealing with non-constrained
areas accommodating pedestrians or cyclists, one should be aware of the boundary setup.
Once defined, the density in the area, the directional velocities (or the scalar speeds), and
the flows along given virtual lines may be extracted. The authors further argue that the
density can be measured per person per area increasing the possible data points gath-
ered for added analysis. However, implementation has been done solely for pedestrian
measurements.

In 2018, Nikolić and Bierlaire (2018) argued that pedestrian flow can be determined
through a spatial–temporal discretisation model once trajectory data is provided. In par-
ticular, the authors claimed that it is challenging to understand and analyze continuous
measures in space and time to understand different traffic variables. Accordingly, they
developed Voronoi diagrams out of pedestrian trajectories. The discretisation parameters
strongly influenced the outcome; in calculating pedestrian flows especially in complex traf-
fic environments that may include motorised vehicles and bicycles, an analyzer should
perform numerical explorations to identify the locations and the periods reflecting the
general observed movement patterns (i.e. representability). In addition, the shape of the
Voronoi cells plays a role in defining the traffic analysis outcome.

Other enhancements to Voronoi-based techniques include the use of phase and diffu-
sion error corrections, which improve accuracy in areas of varying density (Wageningen-
Kessels, Daamen, and Hoogendoorn 2014). The phase error corrects for estimated coor-
dinates in high-density regions. The diffusion error corrects for pedestrians’ locations in
areas with medium to low densities. Using this approach is suitable for one- and two-
dimensional pedestrian traffic flow measurements. These measurements can be extracted
from live video feeds or be used for predicting future pedestrian behaviour. When track-
ing the pedestrians, the phase and diffusion errors are used to penalise any sudden drop
or increase in speed or change in coordinates. The centres of mass of the Voronoi cells are
used to define such changes.

Cao et al. (2017) uses Voronoi diagrams to calculate pedestrian flow, and Fundamental
diagrams for uni-, bi- andmulti-directional flows at corridors and crossings are investigated
by a series of experiments. The study revealed that whilemeasurementmethods yield simi-
lar results under lowdensities, discrepancies emerge as density increases – highlighting the
need for context-specific measurement techniques. However, this research focused solely
on pedestrians and did not account for the added complexity of mixed traffic.

The literature reveals significant progress in both the modelling and measurement of
traffic flowusingNFD frameworks and trajectory-baseddata. However,most studies tend to
focus either onmotorised traffic or pedestrian-only environments, with limited attention to
naturalistic, mixed urban settings that include cyclists, mopeds, and other vulnerable road
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Figure 1. Security video snapshot of a transit station in Amsterdam, the Netherlands.

users. Moreover, while Voronoi-based methods effectively bridge micro- and macro-level
analyses, their application in shared, multidirectional spaces remains underexplored.

This research aims to fill these gaps through two main objectives. The first objective
is to develop an efficient trajectory tracking algorithm that is validated against manually
extracted trajectory data of pedestrians, cyclists and mopeds in a mixed urban environ-
ment. The trajectory data extracted through the proposed detection and tracking system
are plotted and analyzed in a quasi-real-timemanner for extended durations of time. Using
the outcomes from the first objective, the main objective is to analyze traffic with shared
right of way in a naturalistic multidirectional setting by extracting aggregate macroscopic
parameters through the Voronoi approach. The macroscopic parameters are then used
to explore the existence of an empirically validated space-based network fundamental
diagram that can be utilised for traffic management and control purposes.

3. Methodology

3.1. Data description

The video used in this study captures mixed traffic in a naturalistic multidirectional setting,
provided by the Delft University of Technology (TU Delft), the Netherlands. The video is
taken from a security camera located at a transit station in Amsterdam, the Netherlands,
with a shared right of way. The video duration is 15minutes and 6 seconds with a rate of 15
framesper second and a resolutionof 704× 480pixels. To derive trajectories, detection and
tracking were conducted. After that since the video does not offer a plan view of the study
area, trajectory transformation and orthorectification were employed to project camera-
observed trajectories onto an x-y top view using Homography matrix-based algorithms.
Finally, smoothing is implemented to refine the trajectories. Figure 1 shows a snapshot of
the video.
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3.2. Detection and tracking algorithm

In this section, an enhanced version of DeepSORT is introduced to increase tracking
accuracy. This is integrated within a detection algorithm, resulting in improved average
precision, recognition speed, and overall tracking performance.

In the detection process, YOLO (Redmon et al. 2016) has been used since it is fast with
real-time object detection capabilities, as it processes images in a single pass and is gener-
ally more efficient than some other methods. YOLOv5 has been used since it demonstrate
that the Average Precision (AP) value and recognition speed of the improved YOLOv5s are
both higher than those of YOLOv4 and YOLOv3 (Dwivedi 2021).

In the trackingprocess, several challenges arise, including the relatively lowvideo resolu-
tion, which complicates the identification of distant objects from the camera. Additionally,
the presence of pedestrians, mopeds, and cyclists in close proximity, combined with the
camera’s angled positioning, often leads to overlap, as illustrated in Figure 1. This over-
lap hinders the continuous tracking of target objects and gives rise to the ‘clique’ problem
reported by Dehghan, Assari, and Shah (2015), where an object may be assigned different
identity numbers due to interruptions in its detection.

In this study, anenhancedversionofDeepSORT is used formultiple target tracking (MOT)
(Andriyenko, Schindler, and Roth 2012). Using the DeepSORT algorithm’s cosine distance,
DeepSORT reduces the number of automatic identification switches in the SORT algorithm
by calculating the similarity between tracked and detected objects. The squared Maha-
lanobis distance (McLachlan 1999) between Kalman predictions and actual detection is
used to filter low likelihoodmatches. This study combines the Triplet Loss (Hermans, Beyer,
and Leibe 2017) and centre loss function (He et al. 2018) with DeepSORT to improve the
tracking accuracy. The Triplet loss function is currently a widely used loss function and
commonly used in face recognition tasks which has made some progress in clustering fea-
tures. Triplet loss tries to learn a feature space for the set triples (Anchor, Positive, Negative).
The positive sample (Positive) is closer to the sample (Anchor), and the different types of
Anchors are farther away from the negative sample (Negative). The concept is in line with
the purpose of the image recognition task, which is to determine if two images belong
to the same type of label given the training and test atlases. The function of the Triplet
loss is:

LT = max(||f (A) − f (P)||2 − ||f (A) − f (N)||2 + a, 0) (1)

where A is the input, P is the positive input of the same class as A andN is the negative input
of a different class from A. a is the margin between the P and N.

Centre loss function Lcl (Pedregosa et al. 2011), includes thedistancebetween the classes
but also considers the reduction of intra-class differences. Applying the centre loss function
can improve the feature resolution. The function of the Centre Loss is:

Lcl = 1
2

Nb∑
i=1

||xi − cyi||22 (2)

where Nb is the batch size, cyi is the centre value of all depth features of the yi-th class
and xi is the features of the image. Combining these two loss functions improves deep
feature discrimination and enhances feature discrimination while maintaining good intra-
class compactness. We use the scalar γ to balance the centre loss functions, with a range of
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Table 1. Comparison of the tracking methods by different performance measures.

Method MOTA MOTP HOTA IDF1 SFDA

DeepSORT 60.3 81.6 53.1 64.6 64.9
Enhanced method 61.4 82.2 53.6 64.7 65.4

γ ∈ [0, 1.0]: when γ is set to 0, the Centre Loss has no influence, and the total loss function
is solely driven by the Triplet Loss. As γ increases, the influence of the Centre Loss becomes
more significant. Also, keeping γ within the range of 0–1, we ensure that the Centre Loss
contributes to the overall learning process without overwhelming the main task of distin-
guishing between different classes of objects. This adjustability allows for fine-tuning the
model’s training process to find an optimal balance that improves feature discrimination
and intra-class compactness. The final function is:

Lf = γ

2

Nb∑
i=1

||xi − cyi||22 +
M∑
i=1

max(||f (A) − f (P)||2 − ||f (A) − f (N)||2 + a, 0) (3)

To test the proposed enhanced tracking method, MOT16 dataset (Milan et al. 2016) is
used and its performancewas evaluated using severalmetrics, includingHOTA (Luiten et al.
2021), CLEAR (Bernardin and Stiefelhagen 2008), Identity, and VACE. As shown in Table 1,
the method in this paper shows improvement for the MOTA and MOTP, HOTA, IDF1, and
SFDA indicators; compared to the benchmark DeepSORT algorithm.

Figure 2 shows the process of detection and tracking adapted. The detection and
tracking system requires the input videos and the identifiers assigned to each object are
then specified. The algorithm can detect 13–15 frames per second with the GTX-2070
Graphics Processing Unit (GPU) using OpenCV. There may be a number of anomalies in
the raw trajectory data, including sudden changes in movement and the detection of
duplicates. To successfully eliminate these anomalies, smoothing and interpolation (Bezier-
Curve fitting method (Han et al. 2010) – see the next section) is applied to account for
appearing/disappearing objects and to extract realistic maneuvers. Figure 3 illustrates the
detection and tracking results drawn on the video canvas.

3.3. Training and smoothing

Once the selection and tracking components of the hybrid system are specified and
arranged, the ‘label imagemaster’ tool is adopted to train the YOLOv5 andDeepSORT tech-
niques (withmodified loss function) to extract the pedestrians’/cyclists’/mopeds’ trajectory
data accurately. These algorithms are executed on the GPU to expedite the process and
facilitate real-time applications (Suvizi et al. 2024).

To allow better evaluation, Bezier curve (Ketkar 2017) smoothing algorithm as shown in
Figure 4 is used to smooth the trajectories. The target may be mistakenly recognised at a
specific time step, which will cause serious errors when drawing the trajectories. Using the
Bezier curve not only eliminates these kinds of errors but also allows for extracting traffic
movement measures that are understandable and interpretable (An, Bae, and Talebpour
2023). Alternatives like Kalman filters or spline interpolation can also smooth trajecto-
ries. However, our preliminary tests showed that Bezier curves preserve natural turning
maneuvers in highlymulti-directional flows, without relying on explicitmotionmodels (e.g.
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Figure 2. Detection and tracking process.

Figure 3. Sample illustration of the detection and tracking method adopted where the boxes bound
the objects, and the lines retrace their trajectories.

constant velocity). When smoothing, the line between the first control point and the sec-
ond control, the line between the last control point and the penultimate control point is
the tangent line at the last control point. Written in a recursive manner, the function of the
Bezier curve is:

B(t) = (1 − t)p0 + tp1 (4)

where the p0andp1 are the first and second control points respectively, and t refers to the
time difference between the detection/targeting timesteps associated with these points.
The second-order function is:

B(t) = (1 − t)2p0 + 2t(1 − t)p1 + t2p2 (5)

The function of the n-order Bezier curve is:

P(t) =
n∑
i=0

PiBi,n(t) (6)
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Figure 4. First order and second order Bezier Curve.

where:

Bi,n(t) = Cint
i(1 − t)n−i = n!

i!(n−i)! t
i(1 − t)n−i (7)

Once smoothed, the trajectories are transformed through orthorectification; the objec-
tive of the orthorectification process is to transform the trajectories from the camera view
to theplan view. Thewedge transformationmethod is used to achieve this goal. The Image-
Tracker (Knoppers, Van Lint, andHoogendoorn2012) is adopted in order to set the standard
to determine the value of the relative parameters which include the scaling parameters.

3.4. Trajectory verification

For cross-validation of extracted trajectories, TU Delft has provided sample one-minute
manual detection and tracking results. Following the steps mentioned earlier and to com-
pute the speedanddensitymeasures andverify the feasibility of the results, themicroscopic
coordinate errors based on the trajectories of the bicyclists, pedestrians, and mopeds
should be calculated. Having a set of Automated Extracted Data (AED) points extracted
based on the stepsmentioned earlier, at every real-time step and for every target, themea-
sures of interest are expressed by cAEDx and cAEDy (where c can designate a coordinate or a
velocity projection along a given coordinate axis). Having a manually extracted data set
(data), each tracked target would have a matching verified measure designated by cdatax
and cdatay . Accordingly, a relative error is calculated based on the following function:

Frel[cAED] =
∣∣∣∣∣
√
cAEDx

2+cAEDy
2−

√
cdatax

2+cdatay
2

√
cdatax

2+cdatay
2

∣∣∣∣∣ (8)

To test for the error valuebetween the recordedand the automatically detected trajecto-
ries, the average (across time and individuals) relative velocity error is used. The TU Delft’s
manually recorded trajectories were considered as the ground-truth based data. Accord-
ingly, for the one-minute ground truth video, the errors for each period (10 seconds) may
be computed as follows:

Frel[V] =
∑m

i=1
∑n

j=1

√
VAED

2
xi,j

+VAED
2

yi,j
−

√
Vdata

2
xi,j

+Vdata
2

yi,j√
Vdata

2
xi,j

+Vdata
2

yi,j
n

m

(9)
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wherei represents an object in the period of study,j is the time stamp (frame number) asso-
ciated with one object in the period of study,m is the number of objects during the entire
period of study based on the video detection dataset, and n is the total number of frames
during which an object appears in the video detection dataset.

This error calculation does not require the identification of the processed video frames
by frame number. It also does not necessitate the ability to map a specific frame number in
the manually processed database (specific to different segments of the original recorded
∗15-minute video) to the frame number of the longer, more complete recording.

3.5. Fundamental diagram estimation

To estimate network flow, density, and speed, the method adopted in this study uses
three-dimensional trajectory data (x, y, t) obtained from the automated video detection
and tracking method discussed above. The space mean speed and density should be com-
puted, as well as the associated errors, in order to estimate the fundamental diagram from
the trajectory – data extracted from the mixed-city environment. The pedestrians, cyclists,
and mopeds moving in the video have a variety of velocities. The following equation may
be used to determine the scalar value of each velocity term:

Vs =
√
Vx2 + Vy2 (10)

where Vx is the scalar projection of the velocity vector in the x direction, and Vy is the scalar
projectionof the velocity in the y direction. These speeds canbe thenaggregated into space
mean speed measures depending on the study area A under consideration and the time
duration of interest (Knoop, Hoogendoorn, and van Zuylen 2009).

To calculate density using the Voronoi approach, every object is allocated a cell in area
Ai. In the traditional approach, the area is fixed, such as the rectangle in the centre of the
Figure 5. In contrast, for the Voronoi-based density, the area is defined as the collective sum
of the Voronoi areas of the cells present within the designated analysis area. When a user
is isolated, their larger Voronoi region accurately reflects low local interaction and thus a
lower density. In contrast, in more crowded areas, the Voronoi cells become smaller, indi-
catinghigher local interaction. This dynamicweightinghelps reduce scatter in fundamental
diagrams (Steffen and Seyfried 2010; Wierbos 2021).

The steps to generate the Voronoi Diagram (Voronoi 1907) are: (1) locate the points that
are distinct and create aDelaunay triangle network by automatically constructing a triangle
network; (2) compute the number of the discrete points and triangles generated and keep
track of the three discrete points that make up each triangle; (3) find and record the counts
of all triangles next to each discrete point: to achieve this step, locating all triangles in the
built triangle network that have the same vertex is needed; (4) produce a Voronoi polygon,
sort the triangles adjacent to eachdiscrete point in a clockwise or counterclockwise fashion;
(5) calculate and record the centre of each triangle’s circumscribed circle; (6) connect the
centres of the circumscribed circles of these adjacent triangles according to the adjacent
triangles of each discrete point to create the Voronoi polygon; a vertical bisector can be
used to intersect the figure and produce a Voronoi polygon at the triangular mesh’s edge.
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Figure 5. Comparison of density calculation methods: (a) Voronoi-based personal space approach
(i.e. polygons associated with each object/point), and (b) standard fixed-area grid counting approach,
accounting for partial grid areas within the study zone (i.e. centre square areas in both figures).

Flow qi and density ki for object type i during the time interval [t, t + �t is given by:

qi =
∑
k

dk,i
li�t

(11)

ki =
∑
k

tk,i
li�t

(12)

wheredk,i and tk,i are thedistance travelled, and the time spentbyobject kwith type i. Also, li
is the characteristic length associated with object type i and can be defined as the average
linear dimension of the Voronoi cell for object i, li = √

Ai. The qi and ki are calculated by
averaging the values over the network. Using Mahmassani, Williams, and Herman (1984)
equation to estimate networkwide link-based measurements, with modification to apply
the Voronoi diagrammethod to account for space discretisation, the average network flow,
average network density, and average network speed can be computed as follows:

Q =
∑M

1 Aiqi∑M
1 Ai

(13)

K =
∑M

1 Aiki∑M
1 Ai

(14)

where Q is average network flow, K is average network density, and qi, ki are individual
average flow and density, respectively, or each observation period. Ai is area of object i
based on Voronoi diagram andM is total number of objects. These network-level equations
are applied using two distinct approaches to assess their effectiveness. The first, standard
aggregation approach, which generates Voronoi diagram including all road users present
at a givenmoment to calculate metrics. The second, mode-isolated aggregation approach,
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Figure 6. Video detection and tracking results in mixed city environment at different time instances.

which also begins by constructing Voronoi cells for all traffic units. Then, for each mode
type (e.g. pedestrian, bicycle, mopeds), macroscopic quantities are computed using only
the Voronoi areas associated with that specific mode, excluding areas from other modes.
This enables mode-isolated analysis, resulting in separate density, velocity, and flow mea-
sures for each agent type. Thesemeasures support the derivation of fundamental diagrams
that reveal the unique contribution and behaviour of each mode in the traffic stream,
and bridge microscopic behaviour with macroscopic performance metrics, accounting for
heterogeneity in both mode and behaviour.

4. Results and analysis

4.1. Trajectories

Figure 6 demonstrates the outcomes of the detection and tracking modules. Despite the
challenges of relatively low video resolution, occlusion and overlap of targets, dynamic
changes in target size and shapebasedonmovement, and the similarity of target attributes,
the fundamental modules exhibit accurate identification and trajectory reconstruction.

Figure 7 presents the trajectories of the total video duration after projecting the video
field of vision into the plan view: the green lines denote cyclists’ trajectories, the red lines
denote pedestrians’ trajectories, and theblue lines denotemoped trajectories.Most cyclists
move from left to right and vice versa – along a self-organised un-marked bike path. There
is not a clear pattern for the pedestrians’ and moped’s trajectories. However, pedestrians
are mostly concentrated at the lower end of the study area where there is a waiting area
next to several bus stops (i.e. for alighting and boarding). These pedestrians seem to exit
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Figure 7. Trajectories plotted in a mixed city environment in a view based on a ∼ 15-minute complete
video recording.

Figure 8. Extracted trajectories from a 1-minute video: (a) automatically extracted (smoothed), (b)
manually extracted.

the train station (upper end of the study area) and move downward either to take a bus or
be picked by other vehicles or walk toward the left or right directions.

Figure 8 shows the trajectories extracted manually and automatically from the sample
video (1-minute video) after the transformation andorthorectification application. The (0,0)
point is set to the top left side of the study area. Bezier curve fitting algorithm is used to
reduce the coordinate error. The unit of each axis is metre; the red lines represent the tra-
jectories of the pedestrians; the blue lines represent the trajectories of themopeds; and the
green lines represent the trajectories of the cyclists.
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Table 2. Relative velocity error (cyclist and pedestrians).

Average Velocity of each period 0–10s 10–20s 20–30s 30–40s 40–50s 50–60s 0–60s

Manual (Cyclist) 2.80m/s 2.73m/s 3.03m/s 2.64m/s 3.05m/s 4.15m/s 2.97m/s
Video Detection (Cyclist) 2.96m/s 2.93m/s 3.11m/s 2.49m/s 3.18m/s 4.01m/s 3.14m/s
Mean relative error 0.05 0.07 0.02 0.08 0.06 0.03 0.05
Manual (Pedestrian) 1.20m/s – 0.94m/s 0.68m/s 0.70m/s 0.85m/s 0.90m/s
Video Detection (Pedestrian) 1.17m/s – 0.89m/s 0.68m/s 0.74m/s 0.81m/s 0.93 m/s
Mean relative error 0.03 – 0.05 0.00 0.05 0.05 0.03

Figure 9. Per–object relative speed errors.

4.2. Errors and calibration results

According to TU Delft’s manually extracted data, there are 7 pedestrians reported during
the one-minute video, and 7 recorded by automated approach, indicating 100% accuracy
in pedestrian detection. A total of 45 cyclists were reported by TU Delft, while 41 cyclists
were recordedby automated approach,meaning 91%of the recordswere accurate. In total,
TU Delft reports 4 mopeds and the automated approach records 4 mopeds, which repre-
sents an accuracy of 100 percent. Despite the complex environment, the adopted method
detects almost all the objects (for example, cyclists, mopeds, and pedestrians) with an aver-
age of 93% accuracy – an encouraging result suggesting the method can be applied in a
complex multi-directional shared environment.

Based on the directional values of the x and y vectors of the velocities, the relative
speed error is calculated in Table 2. The mean relative error for cyclists ranged from 2%
to 8% and for pedestrians from 0% to 5%. Mopeds were too few for reliable error metrics.
Overall, the mean relative error was under 8%, demonstrating that despite the challenges
of fast-moving objects, the method remains robust, establishing a strong foundation for
macroscopic model validation.

Figure 9 shows the distribution of the speed error for each object. The results contain all
thedatawhichare compared frameby frame. The speederror during themanually analyzed
time-period is around 0.05whichmeans that themanually recorded data and the detection
data are highly matched.

In Table 3, the average coordinate error is displayed based on the project locations and
timeframes. Approximately 12 segments of 5 seconds are used in the validation process in
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Table 3. Relative coordinate error analysis (com-
bining the x and y directional location).

Time period Mean relative error (%)

Error from 0 s–5 s 0.01
Error from 5 s–10 s 0.03
Error from 10 s–15 s 0.01
Error from 15 s–20 s 0.03
Error from 20 s–25 s 0.04
Error from 25 s–30 s 0.05
Error from 30 s–35 s 0.05
Error from 35 s–40 s 0.08
Error from 40 s–45 s 0.01
Error from 45 s–50 s 0.01
Error from 50 s–55 s 0.02
Error from 55 s–60 s 0.03
Error from 0 s–60 s 0.03

Figure 10. Per–object relative coordinate errors.

the one-minute video. The average relative coordinate error ranges from 1% to 8%. In this
video, 3% is the average relative speed error.

Figure 10 shows the distribution of the coordinate error for each object. The error for
each object is less than 0.04 which represents a high detection accuracy.

Therefore, the proposed systemcan convert videodata efficiently into useful trajectories
for pedestrians, cyclists, and mopeds in real time. Figures 11 and 12 illustrate the trend of
speed and density over time, with colour indicating the speed and density values projected
on a plan view.

4.3. Macroscopic flowmeasures

The benchmarked efficiently extracted trajectories for an extended period of time (around
15 minutes) are needed to quantify the macroscopic traffic performance measures used
in analyzing the shape of different space-based network fundamental diagrams produced
next. The outcomes presented in this section stem from two methodological approaches:



16 D. PAN ET AL.

Figure 11. 2D spatial (x-y coordinates inm) speed distribution (colour indicates speeds inm/s).

(1) standard aggregation approach: construct a Voronoi diagram using all traffic units
present in the area at a time step. Metrics are computed for the full population. The
resulting values are then labelled basedon themodal composition observed in each
instance: if only a single mode (e.g. pedestrians, bicycles, or mopeds) is present, the
point is labelled according to thatmode; ifmore than onemode is present, the point
is labelled as Mixed.
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Figure 12. 2D spatial (x-y coordinates in m) density distribution (colour indicates densities in
objects/m2).

(2) mode-isolated aggregation approach: Voronoi diagram is constructed using all
traffic units. Then, for each object type (e.g. pedestrian, bicycle, moped), metrics
are computed using only the Voronoi areas associated with that specific mode,
excluding others, allowing mode-isolated macroscopic analysis.

Figure 13 shows speeds, densities, and flows measurements using the standard aggre-
gation method at each time step. In other words, densities are calculated by counting



18 D. PAN ET AL.

the number of objects within a general area at each time instance. The plots distinguish
between different user types: ‘Pedestrian’ indicates that only pedestrians are present at
that time, ‘Cyclist’ means only cyclists are in the area, and ‘Mixed’ refers to instances where
a mix of users are present. The moped category is not in Figure 13 because there is no
time instance where only mopeds are present in the area. The area we used to average
for this number of objects is the area obtained by adding all Voronoi cell spaces for these
objects (Figure 5(a)). The maximum flow recorded is 140 pedestrian-cyclist-moped/min
(corresponding to a standardised value of 2.33 pedestrian-cyclist-moped/s-m); the maxi-
mum density is 1.87 pedestrian-cyclist-moped/m2 and the maximum free-flow speed is 250
m/min (corresponding to a valueof 4.17m/s.). The redpoints (pedestrian) indicate instances
when only pedestrians are present in the area, and the same interpretation applies to
cyclists. On the other hand, the black points (Mixed) denote situations where two or more
types of objects coexist within the area (shared presence). Mopeds and cyclists tend to
move at the highest speeds while pedestrians tend to stick around the origin (0-0 coordi-
nates). Furthermore, there is little difference between the three modes of transportation
in terms of jam density as high density is linked to overcrowding in waiting areas and
other areas.

Using the standard aggregation method, we can see that the capacity (the maximum
flow recorded in Figure 13(b): peak of the parabolic shape flow-speed function) and
free-flow speed (maximum speed – left-hand side – of Figure 13(a)) aggregate measures
are governed by the cycling mode (green points) while the jam-density (maximum density
– right-hand-side of Figure 13(a)) measure is governed by both the pedestrian (red point)
mode (to the greater extent) and the cycling (green points) mode (to the lesser extent).
This is despite the fact that we havemore pedestrians in themix when recording the video.
This finding is empirically supported with the entirety of the traffic fundamental regions
covered starting with the congested region (left side of Figures 13(a,b)), going to the non-
congestion break-down (moving from the ascending flow trend to the descending flow
trend in the centre of Figure 13(b)) and ending with the non-congested region (right side
of Figures 13(a,b)).

In the standard aggregation method, we construct a single Voronoi diagram over all
objects present at each time step, regardless of mode. Flow, density, and speed metrics
are computed using the Voronoi areas of all agents in the region, and the resulting mea-
surements are tagged based on themodal composition (e.g. pedestrians only, cyclists only,
or mixed).

In contrast, the mode-isolated aggregation method performs the macroscopic analysis
separately for eachmode after constructing a full Voronoi diagram that includes all agents.
For eachmode, only the Voronoi areas associated with agents of that mode are used in the
calculations, while the influence of other modes is excluded. For example, if three pedestri-
ans andone cyclist arepresent, thepedestrianmetrics are computedusingonly theVoronoi
cells of the pedestrians, ignoring the cyclist’s cell. This process yields clean, per-mode esti-
mates of flow, density, and speed at every time step – independent of the presence or
absence of other modes – resulting in denser andmore interpretable mode-isolated NFDs.

Results are shown in Figures 14–16 present results using the mode-isolated aggrega-
tion method, which are separated by user type – pedestrians, cyclists, mopeds, and the
mixed mode – allowing clearer visualisation of the distinct flow-density-speed trends for
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Figure 13. (a) Speed (m/min) – Density (objects/ m2) diagram; (b) Flow (objects/ min – m) – Speed
(m/min)diagram; (c) Flow (objects/min–m)–Density (objects/m2)diagram from the ∼ 15-minute video
using the standard aggregation method.
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Figure 14. Relationship of flow and density for pedestrians, cyclists, mopeds and mixed.

each mode. Figure 17 combines all modes into a single plot and highlights how the differ-
entmodes interact and collectively shape themacroscopic traffic dynamics in shared urban
space.

After utilising the data filtering techniques to remove anomalies as described in Section
3C, the maximum flow recorded is 2.38 pedestrian-cyclist-moped/s-m, the maximum den-
sity is 1.93 pedestrian-cyclist-moped/m2 and the (maximum) free-flow speed is 4.9m/s. The
estimated parameters are context-specific and shaped by the local mode composition. The
complete diagram covers a wider set of measurements based on the detailed trajectory
specifically extracted for this purpose. The shape of the produced mixed space diagram is
consistent with shapes reported in the literature and prove the existence of a space based
mixed-environment network fundamental diagram for micro-mobility modes of transport.
This diagram reported in Figure 17 remains one of the few empirically supported diagrams
found in the literature. Since this study analyzes mixed traffic with shared right of way in
a naturalistic multidirectional setting, the findings are unique as the authors are unaware
of existing studies that produces validated results as the ones in Figure 13 for the standard
aggregation approach, and Figure 17 for the mode-isolated aggregation approach.

Employing the Voronoi diagram for metric evaluation with an efficient trajectory data
extraction from videos increases the number of data points produced. These data points
are characterised by a reduced scattering and allow observing trends despite the fact that
the number of objects detected and tracked is limited.

When using the mode-isolated aggregation technique to compute the mixed NFD
within a given space, each instance canbe transformed into three data point thus the ability
to seemorebehavioural trends if examining Figure 17 if compared to Figure 13. It is obvious
that three types of behaviours are seen in Figures 14–17 depending on the type of mode
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Figure 15. Relationship of flow and speed for pedestrians, cyclists, mopeds and mixed.

Figure 16. Relationship of speed and density for pedestrians, cyclists, mopeds and mixed.
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Figure 17. (a) Speed (m/min) – Density (objects/ m2) diagram; (b) Flow (objects/ min – m) – Speed
(m/min)diagram; (c) Flow (objects/min–m) –Density (objects/m2)diagram from the ∼ 15-minute video
using mode-isolated aggregation approach.
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being observed. As the jam density is dominated by the pedestrians’ crowding phenom-
ena, the free-flow speed is governedby themopeds’ speedingbehaviour. The near–vertical
cluster of points at high density but low flow – visible in Figure 17(c) – stems from pedes-
trians standing still while waiting at the bus station, producing the ‘waiting–stem’ effect
that inflates densitywithout adding throughput (Hoogendoorn andDaamen 2005). Finally,
the highest capacity, jam density and free-flow speed (outer envelope of the fundamen-
tal diagram) are dictated by the movement of cyclists. In other words, despite having the
pedestrians being the most observed in the study area – making them mode-share dom-
inant, meaning they represent the largest proportion of traffic participants – the overall
shape of the mixed network fundamental diagram is primarily governed by cyclists and,
to a lesser extent, mopeds. These modes are therefore considered performance dominant,
defined as those contributingmost significantly to themaximum flow and free-flow speed
in the NFD. This dominance is reflected by their presence along the upper envelope of the
flow-speed and flow-density plots (see Figure 17), particularly in the regions representing
peak performance. Accordingly, it is the cyclists that dominate the operation of this area
outside of the studied Amsterdam Transit Station while the pedestrians set the jamming
conditions forcing the bikes and the mopeds to be governed by the movement of pedes-
trians in thewaiting areas. Thenewly producedNFDs (Figure 17) adhere to the fundamental
shapes of other NFDs reported in the literature with different sub-dynamics possibly seen
for each mode of transport: for example, the pedestrians display some stationary pedestri-
ans waiting for transit thus the pedestrian data points can be clustered in one region rather
than being spread across the entire flow-density spectrum. On the other hand, the cyclists
show a triangular (sharp) transition in flow from the congested to the non-congested
region. This transition is smooth forMopeds. Additional analysis canbeperformedbasedon
sub-regionsof the studyareaordifferent timedurationswithin the study recording/analysis
period.

In addition to the above findings, some of the results are aggregated into ‘per minute’
measures to compare the results of this paper with the results reported by Rastogi and
Chandra (2013) (as shown in Figure 18); in their study, Rastogi et al collected data at nine-
teen locations in five cities in India.We focus only on the flow-density and the speed-density
diagrams. Most of the density points found in this paper are located between the 0 and the
2 pedestrian-cyclist-moped/m2 values, which is consistent with Rastogi et al.’s results. Ras-
togi et al. only focus on pedestrians, and Rastogi et al. speed is around 100m/minute, flow
range is between0 and55pedestrians/min-m. Our pedestrian results showmaximumspeed
is around 34m/minute and flow ranges between 14 and 40 pedestrians/min-m.

It should be noted that the research team tried to regenerate all regions of Figure 18;
however, the corresponding data sets were not explicitly provided. Moreover, a limita-
tion of this comparative task is associated with the fact that (Rastogi and Chandra (2013)
corresponds only to pedestrian detection. In future research, the authors will apply their
detection and data aggregation methodologies on datasets collected in naturalistic envi-
ronments and characterised by more complex pedestrians\bicycles\mopeds interactions.
These data sets remain rare, and the research team is working on securing additional 2-D
trajectories for such purposes (Ammourah et al. 2024).
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Figure 18. Flow-density-speed data points as reported by Rastogi and Chandra (2013).

5. Conclusion

This research introduces an enhanced approach for efficiently transforming video record-
ings of non-directional, non-bounded pedestrian, cyclist, and moped traffic in urban set-
tings into valuable mobility and safety metrics. This method utilises YOLO, improved
DeepSORT, and the Bezier technique. Cross-validation has been conducted to demonstrate
the algorithm’s performance, and the proposed method exhibits significant potential for
application in detecting and controlling both non-motorised and motorised traffic.

This research develops and tests a novel, mode-isolated Voronoi aggregation method
that empirically validates theexistenceofNetwork FundamentalDiagrams (NFDs) formixed
micromobility traffic in shared urban spaces. The study was designed around the imple-
mentation of two distinct approaches: a standard aggregation method and the novel
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mode-isolated approach. It was this novel method that proved critical for disaggregat-
ing the complex traffic stream, which in turn enabled the identification of performance
dominance versus mode-share dominance. By using the Voronoi cell to determine density
at an individual level, this mode-isolated approach allows for the high-resolution analysis
required to understand the nuanced dynamics of multidirectional traffic flows.

This Voronoi-baseddiscretisationof spaceenablesbothmixed-modeandmode-isolated
aggregation of macroscopic traffic metrics, revealing how different user types uniquely
influence the shapeof theNetwork Fundamental Diagram in shared,multidirectional urban
traffic.

When assessing the NFDmethodology, it becomes apparent that area-based NFDs exist
for mixed two-directional traffic flow where some modes can dominate the traffic per-
formance of the space (i.e. performance dominant) even if such modes do not constitute
the majority of the road users (i.e. mode-share dominant). All empirically validated mixed
naturalistic NFDs produced adhere to fundamental shapes reported in the literature.

Despite the aforementioned findings, the current analysis relies on a 15-minute dataset
collected at a single site. While this duration sufficed for initial validation, the variety of
observed states remains limited and the authors plan to collect large quantities of two-
dimensional trajectories in complex urban settings. These settings include intersections
(signalised and non-signalised) and mid-block crossing zones. Future work will extend our
area-based NFD framework to include motorised vehicles and undertake a full hystere-
sis analysis, with the goal of informing mobility and safety assessments. In future studies,
the following questions may be explored: (1) can the NFD shapes at different instances be
linked to themicroscopic time-to-collisionmeasures? (2) Can the Level of Service (LOS) of a
given intersection be calculated using the NFD technique per approach/movement? (3) At
what market penetration rate, a given mode become performance dominant?
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