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Macroscopic fundamental diagram is the concept of the highest importance in traffic 

flow theory used for development of network-wide control strategies. Previous studies 

showed that so called Arterial Fundamental Diagrams (AFDs) properly depict 

relationships between major macroscopic traffic variables on urban arterials. Most of 

these studies used detector’s occupancy as a surrogate measure to represent traffic 

density. Nevertheless, detector’s occupancy is not very often present in the field data. 

More frequently, field data from arterial streets provide performance metrics measured at 

the stop lines of traffic signals, which represent a hybrid of flow and occupancy. When 

such performance measures are used in lieu of density, the outcomes of the relationships 

between macroscopic fundamental variables can be confusing. This study investigates 

appropriateness of using degree of saturation, as a representative surrogate measure of
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traffic density, obtained from an adaptive traffic control system that utilizes stop-line 

detectors, for development of AFDs. 



vii 

ON DEVELOPMENT OF ARTERIAL FUNDAMENTAL DIAGRAMS BASED ON 

SURROGATE DENSITY MEASURES FROM ADAPTIVE TRAFFIC CONTROL 

SYSTEMS UTILIZING STOP LINE

LIST OF TABLES .......................................................................................................... x 

LIST OF FIGURES ........................................................................................................xi 

1. INTRODUCTION ................................................................................................... 1 

1.1. Background and motivation ...............................................................................1 

1.2. Problem statement .............................................................................................2 

1.3. Research objectives and hypothesis ...................................................................3 

1.4. Thesis outline ....................................................................................................4 

1.5. Research contribution ........................................................................................5 

2. LITERATURE REVIEW......................................................................................... 6 

2.1. Fundamental diagrams for uninterrupted traffic flow .........................................6 

2.2. Fundamental diagrams for interrupted traffic flow .............................................7 

3. OBSERVATIONS OF THE FIELD-DATA-BASED ARTERIAL 

FUNDAMENTAL DIAGRAMS UNDER DYNAMIC CONTROL............................... 11 

3.1. Study area........................................................................................................ 11 

3.2. Processing of the strategic monitor field data generated by SCATS ................. 13 



viii 

3.3. SCATS Adaptive Traffic Control System ........................................................ 14 

3.4. Arterial fundamental diagrams developed using the field data.......................... 16 

3.4.1. Arterial fundamental diagrams related to different intersection 

phases/movements ................................................................................................. 17 

3.4.2. Influence of green time and traffic demand on degree of saturation .......... 22 

3.4.3. Hypothesis established based on observations of the field data ................. 24 

4. RECONSTRUCTION OF THE FIELD-DATA-BASED ARTERIAL 

FUNDAMENTAL DIAGRAM ..................................................................................... 25 

4.1. Derivation of the analytical formulation of degree of saturation based on     

high-resolution signal and detection data ................................................................... 25 

4.2. Development of the simulation model used for creation of arterial     

fundamental diagrams ................................................................................................ 29 

4.2.1. Simulation model framework ................................................................... 30 

4.2.2. Simulation model algorithm ..................................................................... 31 

4.2.3. Driving behavior models .......................................................................... 33 

4.2.4. Simulation model outputs ......................................................................... 41 

4.3. Classification of the traffic scenarios ............................................................... 43 

5. RESULTS AND DISCUSSION ............................................................................. 47 

5.1. Arterial fundamental diagrams developed using the simulation outputs ........... 47 

5.2. Comparison between arterial and macroscopic fundamental diagrams ............. 48 



ix 

5.3. Summary of the study results ........................................................................... 55 

6. CONCLUSIONS AND FUTURE RESEARCH ..................................................... 57 

REFERENCES .............................................................................................................. 61 

 



x 

LIST OF TABLES 

Table 1 Range of input parameters used to model AOR arrival type for given            

traffic scenario ............................................................................................................... 43 

Table 2 Range of input parameters used to model AOG arrival type for given           

traffic scenario ............................................................................................................... 44 



xi 

LIST OF FIGURES 

Figure 1 Intersections governed by SCATS system in Park City, Utah ........................... 12 

Figure 2 Block diagram for processing the SM data ....................................................... 13 

Figure 3 Measured Flow vs. DS from a SCATS-controlled intersection approach .......... 17 

Figure 4 AFDs for Main Street through phases of SCATS data ...................................... 18 

Figure 5 AFDs for Main Street left phases of SCATS data ............................................. 19 

Figure 6 AFDs for Side Street through phases of SCATS data ....................................... 20 

Figure 7 AFDs for Side Street left phases of SCATS data .............................................. 21 

Figure 8 Green time as a factor in traffic flow vs. DS relationship ................................. 23 

Figure 9 Reduction in dispersion of DS values with increase in the traffic flow ............. 23 

Figure 10 Relationship between headway, space time and detector occupancy time ....... 26 

Figure 11 Impact of the actual headway on the detector measurements .......................... 28 

Figure 12 Framework of the Spreadsheet Simulation Model .......................................... 30 

Figure 13 Pseudo code of the simulation algorithm ........................................................ 32 

Figure 14 Comparison of the modeled and field-observed-based acceleration  

times – Relative difference ............................................................................................ 37 

Figure 15 Comparison of the modeled and field-observed-based acceleration  

times – Regression analysis ........................................................................................... 38 

Figure 16 Comparison of the modeled and field-observed-based discharge  

headways – Relative difference...................................................................................... 38 

 



xii 

Figure 17 Comparison of the modeled and field-observed-based discharge 

headways – Regression analysis .................................................................................... 39 

Figure 18 Vehicles trajectories in queue discharge model .............................................. 39 

Figure 19 Vehicles trajectories in car-following model .................................................. 41 

Figure 20 Relationship between SCATS reported-based flow and actual number  

of served vehicles for different traffic scenarios ............................................................. 45 

Figure 21 Relationship between SCATS reported-based flow and actual number  

of served vehicles for different arrival types .................................................................. 45 

Figure 22 Modeled Flow vs. DS .................................................................................... 47 

Figure 23 Modeled Flow vs. Occupancy using detector measurements .......................... 50 

Figure 24 Modeled Flow vs. Density using detector measurements ................................ 50 

Figure 25 Relationship between occupancy and density ................................................. 51 

Figure 26 Relationship between DS and occupancy (density) ........................................ 52 

Figure 27 Modeled Flow vs. DS using actual volume served during green ..................... 53 

Figure 28 Modeled Flow vs. Occupancy using actual volume served during green......... 54 

Figure 29 Research findings .......................................................................................... 56 



1 

1. INTRODUCTION 

1.1. Background and motivation 

Macroscopic fundamental diagram (MFD) is the concept of the highest importance in 

traffic flow theory, used to develop network-wide control strategies, based on the 

estimated traffic conditions along a transportation network. MFDs depict relationships 

between fundamental macroscopic traffic variables (traffic flow, speed and density) 

under the steady state traffic conditions (Geroliminis and Daganzo, 2008; Daganzo et al., 

2011; Saberi and Mahmassani, 2012; Mahmassani et al., 2013). Considering that these 

diagrams are developed for uninterrupted traffic flow facilities (e.g. freeways), where 

density varies in the absence of any traffic control imposed on the traffic stream, one 

could argue that the same relationships may not hold on interrupted traffic flow facilit ies 

(e.g. arterial streets), where traffic demand is not the only variable that impacts 

macroscopic traffic variables, but traffic conditions are also impacted by traffic control. 

Our attention is here especially directed towards signalized facilities, where 

alterations of traffic’s right of way occur in a cyclical manner. Moreover, we want to 

focus on dynamic traffic signal operations (e.g. Adaptive Traffic Control Systems 

(ATCSs)), where variability of traffic control, often itself a function of the traffic 

conditions, introduces another level of complexity in the dynamics of the traffic streams 

in urban networks.
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1.2. Problem statement 

Most of the previous studies that investigated development of arterial fundamental 

diagrams (AFDs) in urban areas, used detector’s occupancy as a surrogate measure to 

represent traffic density, which is not very often retrievable from the field data. More 

frequently, field data from arterial streets, especially under dynamic control, provide 

performance metrics measured at the stop line detectors (the most common type of 

detection used by ATCSs), representing a hybrid of flow and occupancy. When such 

performance measures are used in lieu of density, the outcomes of the relationships 

between macroscopic traffic variables can be confusing.  

One of such studies (Pascale et al., 2015) examined the relation between flow and 

degree of saturation (DS), measures reported by the Sydney Coordinated Adaptive 

Traffic System (SCATS), and showed that it reveals much more scatter, explained as the 

case when green time is underutilized because of the queue spilling back from a 

downstream segment, causing high DS values for low traffic volumes. This conclusion 

would be reasonable in case when the advanced detectors are used for signal control 

operations, and the queue length exceeds the distance between the advanced detector and 

the stop line. Nevertheless, considering that SCATS system establishes its control 

strategies according to the data collected from the stop bar detectors, and that the first few 

vehicles, waiting in front of the stop lines, always have enough space within the 

intersection zone to enter the signal, thus utilize the allocated green time, we could 

speculate that such inference (interpretation of the traffic states under the fundamental 

diagram) is not well substantiated. Therefore, our focus is here to provide more findings 

on such speculation. 
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1.3. Research objectives and hypothesis 

The general objective of this research is to better understand the traffic conditions under 

dynamic signal control operations, as misinterpretation of the conditions in traffic flows 

may result in implementation of unsuitable procedures for controlling and monitoring 

streams of vehicles in urban networks, given the purpose of MFDs (AFDs). Thus, our 

goal is here to acquire enough evidence to rightfully claim the true reasons for the 

observed phenomenon, that for the same traffic flow DS can report a wide range of 

values, and to provide a more thorough explanation for the highly scattered Flow vs. DS 

diagram, by further investigating appropriateness of using DS, as a surrogate measure for 

traffic density, for development of AFDs.   

Taking into account that the simple plot of flow and DS, both acquired from the field-

deployed SCATS system, does not reveal causes for the highly scattered cloud in the 

obtained AFD, we define a hypothesis that the scatter is impacted by the following set of 

parameters: 

 Duration of green time. 

 Arrival type (defines the speed of vehicles approaching the intersection). 

 Saturation flow rate. 

 Actual headway between successive vehicles. 

In order to confirm the veracity of our hypothesis, we present a modification of the 

analytical formulation used to compute DS, in order to mathematically prove the 

influence of each assumed parameter. Moreover, we describe development of the 

simulation model, capable of reconstructing the field-data-based AFD using the modified 

formulation of DS. One should note that, given all the constraints imposed on simulating 
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SCATS adaptive system in compatible microsimulation platform, such as VISSIM, we 

identify and present an alternative way for creating the simulation model, using MS Excel 

tool, similarly to the spreadsheets developed by Daganzo (1997). The following features 

are listed as the limitations for the use of SCATS-VISSIM integration framework: 

 The smallest time interval for aggregating stop line detection data, under SCATS 

adaptive control operation, is 1 second – this aggregation unit is not small enough, 

to accurately estimate various parameters (e.g. occupancy, headway between 

successive vehicles, vehicles velocity, and the number of vehicles passing over 

the detector), on the microscopic level using the detector’s outputs. 

 Inability to dynamically alter the saturation flow rate, in order to model its impact 

on the DS – this parameter needs to be defined in VISSIM for each simulation 

separately, what may result in a large number of simulation repetitions, necessary 

to examine its influence on the DS. 

1.4. Thesis outline 

This thesis has six chapters and is generally divided into two conceptual parts. The first 

part is related to the observations of the field-data-based AFDs, under SCATS adaptive 

control operations, while the second part elaborates on the procedure used to reconstruct 

the field-like AFD. In Chapter 2 we provide a detailed overview of the relevant research. 

Chapter 3 gives a brief description of the site where the data were collected from, and the 

field-deployed SCATS ATCS. Moreover, Chapter 3 also examines the AFDs developed 

using the field data. In Chapter 4 we explain, in steps, the derivation of the modified 

analytical formulation for computing DS, as well as development of the simulation model 

used to recreate the AFD from the field. Chapter 5 presents the study results and 
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discusses research findings. Finally, in Chapter 6 we provide conclusions, as well as the 

recommendations for the future work. 

1.5. Research contribution 

The main research outcomes that this study has produced and which are explained in 

details throughout the thesis, can be systematized as follows: 

 Derivation of the analytical formulation of DS, based on high-resolution signal 

and detection data. 

 Development of the simulation model, capable of dynamically changing 

saturation flow rate, signal timing, and driving behavior parameters, in order to 

model their impact on the scatter of the AFD, under adaptive traffic control 

operations. 
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2. LITERATURE REVIEW 

2.1. Fundamental diagrams for uninterrupted traffic flow  

The basic fundamental relationships between macroscopic traffic variables are derived in 

the nominal work done by Greenshields (1935), where the fundamental diagram was 

observed through parabolic Flow vs. Density and linear Speed vs. Density relations. 

Lighthill and Whitham (1955) introduced a general theory of traffic flow, so called 

‘macroscopic LWR model’. They considered vehicular flow processes to reveal 

properties of fluid dynamics, thus implemented the method of kinematic waves for 

explaining them. In their study, the fundamental diagram was described as ‘at any point 

of the road the flow (vehicles per hour) is a function of the concentration (vehicles per 

mile)’.  

The further use of the fluid dynamic principles resulted in the logarithmic relationship 

between speed and density (Greenberg, 1958; Gazis et al, 1959), which did not seem to 

be suitable for sparse traffic, as stated by Edie (1961). Thus, by modifying the car-

following model, in order to impose an upper limit on the free-flow speed, Edie (1961) 

derived a discontinuous exponential relation between vehicles speed and density. Using 

the empirical data, collected on Tokyo Freeway, Koshi et al. (1983) presented a reverse 

lambda shape of the fundamental diagram, further suggesting a discontinuity of the Flow 

vs. Density relationship. In contrast, using an extensive freeway flow and
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occupancy data sets, aggregated on a 5-min period, Hall et al. (1986) provided different 

interpretation of gaps under the fundamental diagram, and inferred an inverted V shape, 

rather than a discontinuous function. Del Castillo and Benitez (1995), in the first part of 

their research, derived a functional form of the Speed vs. Density relation, based on 

mathematical and drivers’ behavior arguments, and later, in the second part, described the 

suitability of implementing the proposed formulation for describing the equilibrium flow 

relationships (Del Castillo and Benitez, 1995). In order to acquire the data that 

corresponded to the equilibrium conditions, they applied the procedure for isolating the 

stationary period of traffic flow. 

Later on, different speed-density models (both single-regime and multi-regime) were 

proposed, and are well summarized in the research conducted by Wang et al. (2010), with 

the focus on the five-parametric logistic model. Most of the described mathematical 

models assume the equilibrium conditions, common for uninterrupted traffic flow 

facilities (e.g. freeways).  

2.2. Fundamental diagrams for interrupted traffic flow  

Related studies that focus on interrupted traffic flow showed that development of MFDs 

for urban arterials, so called AFDs, makes sense and that such diagrams properly depict 

relationships between major macroscopic traffic variables on urban networks (Buisson 

and Ladier, 2009; Mazloumian et al., 2010; Geroliminis and Daganzo, 2008; Geroliminis 

and Sun, 2011; Wu et al., 2011). Based on the empirical data that confirmed the existence 

of urban-scale MFD (Geroliminis and Daganzo, 2008), Daganzo and Geroliminis (2008) 

have developed an analytical model for estimating the fundamental diagram for the case-

study network. In addition, Helbing (2009) also derived an analytical model for the MFD, 
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using the utilization-based approach, but his research was focused more on the 

fundamental relationships for the average travel time and average vehicle velocity.  

Similarly, the previous studies have shown that characteristics of such AFDs depend 

on the location of the data collection and measurement of the traffic stream 

characteristics. In other words, if one measures density (e.g. by using inductive loops or

similar types of detectors) further upstream from the stop line/control point, he/she can 

get a more representative outcome (e.g. better fit with expected theory-based diagram) 

than if such measurements are performed near the traffic signal (Buisson and Ladier, 

2009).  

Other researchers have revealed that, if proper filtering of the traffic data is applied 

(which isolates cases when queues accumulate over detector loops during the red signal 

state), location of the detector is becoming less important. Such studies have proven that 

it is possible to develop a stable form of the AFD, even if the traffic flow data are 

retrieved from detectors located near stop lines (e.g. next to the signals) (Wu et al., 2011). 

It should be stressed, however, that if queue accumulates over the detector due to 

spillover from a downstream segment, the data is not excluded (Wu et al., 2011). 

Impact of the signal control operations on the AFD is examined either through the use 

of a microsimulation model (Gartner and Wagner, 2004) or the empirical data (Wu et al., 

2011). Gartner and Wagner (2004) developed a three-dimensional fundamental diagram 

and showed that the arterial throughput is a function of offset, revealing the importance 

of the optimal signal coordination for the operation of urban networks. Nevertheless, the 

authors did not consider the dependence between systems capacity and the signal offset, 

which was addressed by Wu et al. (2011), who provided empirical evidence that offsets 
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do affect the intersection capacity when the number of vehicles in turning movements, 

approaching from the upstream minor approaches, does not fluctuate.   

Most of the previous studies rightfully used detector’s occupancy as a surrogate 

measure to represent traffic density, as occupancy has been proven to be a reliable 

estimator of traffic density in steady state traffic conditions (Hallenbeck et al., 2008; 

Buisson and Ladier, 2009; Geroliminis and Sun, 2011; Geroliminis and Skabardonis, 

2011; Wu et al., 2011). 

Nevertheless, detector’s occupancy is not very often easily retrievable from the 

detectors used near stop lines of the signalized intersections. To start from the beginning - 

very few arterial streets are covered with abundance of traffic detectors, in the first place. 

Even when arterials have detectors, those will be located near intersections and the data 

from such detectors are rarely transformed into performance metrics useful to categorize 

congestion. Instead, such detectors are mostly used to acknowledge presence and 

extension of vehicular demand for the purpose of controlling traffic signals. In those few 

cases when traffic data from stop-line detectors are used to help monitoring and 

controlling traffic, a derived density-like performance measure is often not a ‘pure’ 

detector’s occupancy but a hybrid measure of traffic flow and ‘density’ which will serve 

the purpose of traffic control algorithms.   

Moreover, a recent study conducted by Lie et al. (2016) introduced a probe-vehicle-

data-based method, used to estimate conditions in traffic streams on both freeway and 

arterial facilities. It was shown that the probe vehicle data provide accurate estimation of 

the macroscopic traffic variables for uninterrupted flows. In addition, the data also 
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showed a reliable estimation of the traffic states under the AFD, developed using the 

fraction of stopped vehicles in lieu of traffic density. 

While conventional traffic signal systems have started using comprehensive 

performance measures (e.g. based on high-resolution data), only during the last decade 

(Smaglik et al., 2007; Wu et al., 2010), ATCSs have used similar performance measures 

for the last few decades (e.g. SCATS, Split Cycle Offset Optimisation Technique 

(SCOOT)) (Mirchandani and Head, 2001; Midenet et al., 2006; Kosmatopoulos et al., 

2006; Stevanovic et al., 2009; Mladenovic, 2012; Mladenovic and Abbas, 2012). 

Therefore, it is not unusual that researchers have been tempted to use performance 

measures from such ATCSs to estimate dynamics of traffic conditions on arterial roads 

(Zhang et al., 2013; Gayah et al., 2014; Pascale et al., 2015).  

Among ATCSs, more numerous are those which utilize stop-line or near stop line 

detection (to estimate level of congestion at each signalized approach) than those which 

use far-upstream detectors (Stevanovic, 2010; Mladenovic and Abbas, 2012; Mladenovic 

et al, 2015). Such adaptive systems often use “degree of saturation”, “phase utilization”, 

“green utilization”, or similar performance measures to characterize congestion of a 

traffic movement at a signalized intersection approach. Researchers have investigated 

how such a performance measure can be used as a substitute for traffic density, and the 

basis for development of an AFD and interpretation of the states covered by its 

boundaries (Pascale et al., 2015). In this study, we further elaborate on this concept as we 

address appropriateness of using degree of saturation, as a representative of surrogate 

measure of traffic density from the SCATS ATCS that utilizes stop-line detectors, for the 

development of AFDs. 
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3. OBSERVATIONS OF THE FIELD-DATA-BASED ARTERIAL 

FUNDAMENTAL DIAGRAMS UNDER DYNAMIC CONTROL 

For the purpose of determining if the meaningful AFDs can be developed under dynamic 

control, using surrogate density measure obtained from the stop line detection, we 

collected a monthly set of daily traffic volumes (24-hour), for the Landmark Drive, a 

signalized intersection governed by SCATS system in Park City, Utah (Figure 1). In the 

following sections we introduce readers with the study network and the observed 

adaptive technology, and show what appears as an AFD, based on the Strategic Monitor 

(SM) data, provided by the field-deployed SCATS system. 

3.1. Study area 

From the macro-level perspective, the study area covers the Park City network (Figure 1), 

consisted of 14 intersections governed by SCATS system, along two suburban arterials: 

state routes (SR) 224 and SR 248. More information about the operational and traffic 

characteristics of the Park City area can be found in the study conducted by Kergaye et 

al. (2009). In general, the network is partitioned into three subnetworks, according to the 

prevalent traffic conditions (Kergaye et al., 2009): 

1. Kimball Junction – a single point urban interchange for SR 224 and I-80, 

connected with the Landmark Drive and Olympic Park signalized intersections 

(red rectangle in Figure 1).
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Figure 1 Intersections governed by SCATS system in Park City, Utah 

 

2. Bobsled Drive, Bear Hollow, Sun Peak Drive, Canyon Road, Payday Road, and 

Thaynes Canyon – six intersections in the middle of the network, as well as at the 

beginning of the downtown area, which provide an access to the residential and 

recreational zones (blue rectangle in Figure 1).  
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3. Park Avenue & SR 248, Park Avenue and Deer Valley, Deer Valley and Bonanza 

Drive, Bonanza Driveand SR 248, SR 248 and Comstock Drive – intersections 

that provide an access to the cultural and historical downtown attractions of the 

Park City area (purple rectangle in Figure 1).  

From the micro-level perspective, the Landmark Dr/SR 224 intersection represents 

the busiest intersection on the SR 224 corridor, which connects the state capitol and 

airport, with one of the busiest winter ski resorts in the US. Because of that, we 

considered it to be a representative intersection for the data collection purpose.  

3.2. Processing of the strategic monitor field data generated by SCATS 

To capture the traffic at its highest, we selected a month of February 2009, when traffic 

on the SR 224 corridor was at its peak. Data from the SCATS system are stored on 

annual basis, and were saved and kept from the time when they were measured in the 

field. For the purpose of developing AFDs, we were required to process the SM field 

data, as they were not suitable for the use in a raw format generated by SCATS (Figure 

2a). 

 

 

 
 

a) Raw SM data 

 

 

 

 

 

 

 
 

b) Filtered SM data 
Figure 2 Block diagram for processing the SM field data 

 

VBA 

CODING 
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Using Visual Basic for Applications (VBA) programing language, as illustrated by a 

block diagram in Figure 2, we filtered the data, and extracted the necessary information 

for each phase/movement at given intersection (Figure 2b), including: 

1. Signal timing parameters:  

 Cycle length  

 Green times 

2. Performance measures generated by SCATS: 

 Degree of saturation  

 Traffic flow 

3.3. SCATS Adaptive Traffic Control System 

The SCATS system is a real time ATCS that operates by adjusting its signal timing 

parameters to the prevailing traffic conditions, at the two control levels (Stevanovic, 

2010; Mladenovic et al., 2015):  

1. Strategic – determines the optimum phase sequence, cycle length, phase times and 

offsets, on a cycle-by-cycle basis, according to the data collected from the loop 

detectors.

2. Tactical – provides flexibility to the local controller to terminate a phase earlier if 

the traffic demand is low, or to omit a phase completely from the phase sequence 

if there is no call for that particular phase. It also needs to meet all the constraints 

posted by the strategic level. 

In general, the strategic level (also termed as the regional computer) controls the 

phase transition points in the local controller, tactical level at which the safety interval 

times, including minimum green, intergreen and pedestrian clearance time, need to be 
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satisfied (Stevanovic, 2010). The local controller is configured to time the minimum 

green and pedestrian clearance for a particular phase, and once the regional computer 

decides that the phase should be terminated, it times the necessary clearance interval 

(intergreen time) prior to phase termination (Stevanovic, 2010).   

The system collects three types of data from the stop bar detectors, and reports them 

at the end of each cycle: a unit-less measure of utilization (degree of saturation (DS)), 

reconstituted volume given as a linear relationship with DS, and number of served 

vehicles as measured by detector (𝑉𝑂). The decision making process in SCATS is based 

on DS, the control variable representing a measure of traffic demand. It is defined as the 

ratio of effectively used green time to the total available green time (Stevanovic, 2010): 

𝐷𝑆 = 100 ∗
𝑔 − (𝑇 − 𝑡 ∗ 𝑛)

𝑔
                                                                                                 (1) 

where 𝑔 is green time allocated to a certain phase, 𝑇 is total non-occupancy time (time 

during the green signal state when the detector is not occupied), 𝑡 is the standard space 

time between successive vehicles at the maximum flow rate (typically around 1 sec for 

the saturation flow of 1800 veh/h), and n is the actual number of served vehicles. By 

looking into Eq. (1), one can infer that, for the optimal utilization of the green time, when 

vehicles maintain the optimum space distance (𝑇 = 𝑡 ∗ 𝑛), DS is equal to 100 %. In 

under-saturated (free-flow) conditions, when drivers leave more space between them and 

the vehicle in front (𝑇 > 𝑡 ∗ 𝑛), total non-occupancy time (𝑇) increases and leads to the 

reduction in DS (𝐷𝑆 < 100%). Similarly, in oversaturated conditions, drivers reduce the 

space distance (𝑇 > 𝑡 ∗ 𝑛), increasing DS (𝐷𝑆 > 100%). The system’s adaptive logic is 

designed to maintain DS below the defined threshold (~ 90%), by allocating additional 

green time to approaches with relatively high DS (Pascale et al., 2015). 
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3.4. Arterial fundamental diagrams developed using the field data 

Utilizing the SCATS data, retrieved from the field, we develop the AFD, showing a 

relationship between traffic flow (per hour of green time) on Y axis and DS on the X axis 

(Figure 3). Here we are focusing on a few fundamental points: 

 The data scatter seems to follow a silhouette of the AFD in its theoretical shape, 

as one could imagine it (blue line). 

 The low traffic flows are associated with low DSs, as shown by the callout ‘A’. 

 As the traffic flow increases, the DS (here assumed to be a reliable estimator of 

density or at least detector’s occupancy) increases too; until capacity is reached 

(max flow, represented arguably somewhere around point ‘B’ in Figure 3). 

 Then, with further increase in DS, the traffic flow decreases, which seems to be 

the case when oversaturation starts. According to Figure 3, the total gridlock is 

denoted by the callout ‘C’ (when the traffic flow is minimal and the DS reaches 

its maximal values). One should note here that the author deliberately uses the 

constructs to interpret relationship in Figure 3, as it is governed by variables of 

flow and DS and not as it relates to the traffic demand. 

 Finally, in such ‘decently interpreted’ AFD, the only illogical thing is the triangle 

‘D’ (in Figure 3) which does not comply with our theory-based expectations for 

the volume-density relationship. Existence of this triangle, and the traffic states 

covered by its approximate boundaries, have been explained as the case when 

‘green light is underutilized because of the existence of downstream queues 

(spillover from a downstream intersection), which prevent vehicles to leave the 

signal’ (Pascale et al., 2015). Thus both DS is lower than maximum and the flow 
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is low, according to Pascale et al. (2015). Nevertheless, taking into consideration 

that the traffic conditions along the case study corridor do not show oversaturated 

states, and that the same shape of the AFD as in the previous study (Pascale et al., 

2015) is obtained, we further elaborate on this phenomenon. 

 

 
Figure 3 Measured Flow vs. DS from a SCATS-controlled intersection approach 

 

3.4.1. Arterial fundamental diagrams related to different intersection phases/movements 

When we further analyzed similar AFDs from other (SCATS-controlled) intersection 

phases/movements we discovered the following patterns (Figures 4-7): 

 Phases/traffic movements which are alike (e.g. both 2 and 6 are through phases on 

the major directions while 1 and 5 are the major-road left-turn phases) have 

similar Flow vs. DS patterns, while they are quite different from the other types of 

road/turn combinations. 
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a) Phase 2 

 

 
b) Phase 6 

Figure 4 AFDs for Main Street through phases of SCATS data 
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a) Phase 1 

 

 

 
b) Phase 5 

Figure 5 AFDs for Main Street left phases of SCATS data 
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a) Phase 4 

 

 
b) Phase 8 

Figure 6 AFDs for Side Street through phases of SCATS data 
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a) Phase 3 

 

 
b) Phase 7 

Figure 7 AFDs for Side Street left phases of SCATS data 
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 Compared to the traditional MFDs, and AFDs for arterial streets with no adaptive 

traffic control, these data are more scattered partially due to variability of traffic 

control parameters, as defined by SCATS system.  

 Several AFDs from Figures 4-7 show that there may be a different DS, which 

serves as a threshold DS (vertical line showing that certain DS values cannot be 

reached for certain traffic flows, unless the conditions are saturated). 

3.4.2. Influence of green time and traffic demand on degree of saturation 

If one would group the data according to the duration of green times, he/she would 

observe that, for the same traffic flow DS can report number of values, based on the 

amount of green that is allocated to its signal phase. Figure 8 confirms such a speculation/ 

hypothesis – for the same traffic flow and lower green split (red line – green between 0 

and 20 seconds) the DS will be higher, meaning that the green time will be utilized more 

efficiently. However, once the green split is increased and more green is given for the 

same traffic flow (green line – green between 31 and 40 seconds) the DS will decrease, 

which means that the green time is used less efficiently. 

Moreover, for the same traffic flow DS can take quite a range of values even if the 

green times are similar. We can observe from Figure 9 that as traffic flow increases, 

dispersions of DS values (for the same traffic flow) are smaller.  
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Figure 8 Green time as a factor in traffic flow vs. DS relationship 

 

 
Figure 9 Reduction in dispersion of DS values with increase in the traffic flow 
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3.4.3. Hypothesis established based on observations of the field data 

Considering that the data by itself did not reveal reasons for the existence of the 

presented triangle on the AFD, we defined a hypothesis that the following parameters 

impact the scatter of the Flow vs. DS relationship: 

 Duration of the green time (𝑔𝑖). 

 Vehicle arrival type (defines the speed of incoming flows: if vehicle approaches 

the intersection on red, it will reduce its speed from the initial speed to zero and 

form/join the queue; otherwise, if vehicle approaches on green, it will pass 

through the intersection with higher speed and no stops). 

 Variability of the saturation flow rate (SCATS has the capability to recalibrate the 

maximum flow rate on a daily basis). 

 Headway between successive vehicles approaching the intersection (it should be 

noted that this headway does not correspond to the saturation flow headway, but 

represents the actual headway measured at the stop line). 

The procedure used to investigate the veracity of this hypothesis is presented in the 

following chapter. 
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4. RECONSTRUCTION OF THE FIELD-DATA-BASED ARTERIAL 

FUNDAMENTAL DIAGRAM 

Taking into account that the simple plot of flow and DS, both acquired from the field-

deployed SCATS system, was not sufficient to infer how each of the assumed parameters 

could impact the highly scattered cloud on the obtained AFD, we determined the 

following tasks, explained in the subsequent sections:  

 Modification of the analytical formulation used to compute DS, using high-

resolution signal and detection data. 

 Reconstruction of the field-like AFD, using the simulation model capable of 

dynamically changing different parameters (e.g. saturation flow rate, signal timing 

and driving behavior parameters).  

4.1. Derivation of the analytical formulation of degree of saturation based on 

high-resolution signal and detection data 

In order to mathematically prove the influence of each assumed parameter on SCATS 

reported variables (flow and DS), thus confirm our initial hypothesis, we decomposed the 

analytical formulation of  DS (Eq. (1)), using detector’s occupancy, defined as the 

percentage of the observed period of time when the detector is occupied (Hall, 1996; 

Coifman, 2001) and obtained through high-resolution stop bar detection data, as 

illustrated by the following equations:
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𝑂𝑖 =
∑ 𝑡0𝑖𝑗

𝑑𝑖𝑗

𝑗=1

𝑇
=

∑ (𝑡𝑖𝑗𝑜𝑓𝑓
− 𝑡𝑖𝑗𝑜𝑛

)
𝑑𝑖𝑗

𝑗=1

𝑔𝑖
=

𝑔𝑖 − 𝑇𝑖

𝑔𝑖
                                                              (2) 

𝐷𝑆𝑖 =
𝑔𝑖 − 𝑇𝑖

𝑔𝑖
+

𝑡 ∗ 𝑛𝑖

𝑔𝑖
= 𝑂𝑖 +

𝑡 ∗ 𝑛𝑖

𝑔𝑖
= 𝑂𝑖 + 𝑡 ∗ 𝑞𝑖                                                          (3) 

where 𝑂𝑖 and 𝑞𝑖 are occupancy and flow measured by the detector for 𝑖th
 cycle, 𝑔𝑖 is 

duration of green time for 𝑖th 
cycle, 𝑡0𝑖𝑗  is the detector occupancy time (time when the 

detector is occupied by 𝑗th
 vehicle) for 𝑖th

 cycle, and 𝑡𝑖𝑗𝑜𝑛
(𝑡𝑖𝑗𝑜𝑓𝑓

) represents the time stamp 

when the detector is activated (deactivated) by 𝑗th
 vehicle, during 𝑖th

 cycle. It can be 

inferred from Eq. (2) that occupancy is a function of the total number of the detector 

actuations (𝑑𝑖𝑗), time that each vehicle occupies the detector (𝑡0𝑖𝑗) and the observed time 

period (𝑇).  It should be emphasized however, that rather than using a fixed aggregation 

period (30 sec, 3 min, 5 min, or fixed cycle time) for 𝑇, as it was used in previous studies 

(Coifman and Cassidy, 1997; Coifman, 2001; Geroliminis and Daganzo, 2008; Buisson 

and Ladier, 2009; Wu et al., 2011), we selected the duration of green time that fluctuates 

on a cycle basis. The reason for taking (variable) green interval is because the DS is 

computed only during the green signal state (during red time, DS and occupancy reach 

their maximum, if there is at least one vehicle waiting at the stop line detector).  

 

 
Figure 10 Relationship between headway, space time and detector occupancy time 

 

Incorporating the relationship between headway (h), space time (t) and the detector 

occupancy time (𝑡0), illustrated in Figure 10, as well as the formulation for computing 



 

27 

average speed of vehicles, obtained from the counts and occupancy data (Coifman, 2001; 

Gerolimis and Skabardonis, 2011), further decomposition of Eq. (3) led to the following 

set of equations:  

𝑡 = ℎ − 𝑡𝑜 = ℎ –
𝐿𝑑 +  𝐿𝑣

�̅�𝑠
= ℎ –

𝐿𝑒𝑓𝑓

�̅�𝑠
                                                                              (4) 

�̅�𝑠𝑖
=

𝑛𝑖 ∗ 𝐿𝑒𝑓𝑓

𝑔𝑖 ∗ 𝑂𝑖
=

𝑞𝑖 ∗ 𝐿𝑒𝑓𝑓

𝑂𝑖
 ⇒ 𝐿𝑒𝑓𝑓 =

�̅�𝑠𝑖
∗ 𝑂𝑖

𝑞𝑖
                                                              (5) 

𝐷𝑆𝑖 = 𝑂𝑖 + (ℎ −
𝐿𝑒𝑓𝑓

�̅�𝑠
∗ 𝑞𝑖) = 𝑂𝑖 + ℎ ∗

𝑛𝑖

𝑔𝑖
−

�̅�𝑠𝑖
∗ 𝑂𝑖

�̅�𝑠 ∗ 𝑞𝑖
∗ 𝑞𝑖                                              (6) 

where 𝐿𝑒𝑓𝑓 is the average effective vehicle length of the traffic stream (Coifman, 2001; 

Geroliminis and Skabardonis, 2011), consisted of average vehicle length (𝐿𝑑) and the 

detector length (𝐿𝑣),  �̅�𝑠𝑖
 and �̅�𝑠 are the space-mean speed for the cycle i and the 

saturation flow speed, respectively. When all the components were combined together, 

we obtained the final, modified equation for computing DS (Eq. (7)), in which one can 

notice the existence (impact) of each assumed parameter: duration of the green time (𝑔𝑖), 

arrival type (defined by the space-mean speed for each 𝑖th
 cycle (�̅�𝑠𝑖

)), and the saturation 

flow headway (h). 

𝐷𝑆𝑖 = ℎ ∗
𝑛𝑖

𝑔𝑖
+ 𝑂𝑖 ∗ (1 −

�̅�𝑠𝑖

�̅�𝑠
)                                                                                             (7) 

As mentioned previously, SCATS reports two types of volume at the end of each 𝑖th
 

cycle: 

1. Reconstituted volume, given as a linear relationship with DS that should reveal 

the true number of vehicle being served during green. 

2. The actual number of served vehicles (𝑉𝑂𝑖) as measured by the detector, during 

the green signal state.  
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This actual number of served vehicles, when aggregated on an hour basis according to 

the proportion of the green time during an hour for given cycle, was further used as 

traffic flow for development of AFD herein, as well as in the previous study (Pascale et 

al., 2015). Moreover, by observing the scatter of the obtained AFD, we defined the 

following equation that reveals the impact of the actual headway between successive 

vehicles (the last assumed parameter that impacts the Flow vs. DS scatter) on the 

accuracy of the detector measurements: 

𝑉𝑂𝑖 = 1 + ∑ 𝑀𝑖𝑛 (𝑖𝑛𝑡 [
ℎ𝑖𝑗−1,𝑗

𝑡𝑜𝑖(𝑗−1)

] , 1)

𝑛𝑖𝑗

𝑗=2

                                                                                  (8) 

The equation above implies that the system will always be able to detect the first 

vehicle approaching the stop bar detector. Nevertheless, if, after the onset of green time, 

the headway between the following vehicle (j), and the vehicle in front (j-1) is lower than 

the detector occupancy time of the vehicle in front (j), the system will not detect the 

following vehicle as a new call placed on the detector, but will consider it as an extension 

of the previously placed call. As a result, the system will not detect the actual volume, but 

will underestimate the actual number of vehicles passing over the detector (Figure 11). 

 

    
       Time stamp 1                 Time stamp 2                  Time stamp 3                  Time stamp 4 

 
 

                                                                                        Number of detector actuations  (𝑉𝑂)  = 1 

                                                                                        Actual number of served vehicles (𝑛) = 2 
Figure 11 Impact of the actual headway on the detector measurements 

Detector ON   - 

Detector OFF - 
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4.2. Development of the simulation model used for creation of arterial 

fundamental diagrams 

If one would chose to simulate SCATS system in compatible microsimulation platform, 

such as VISSIM, to perform simulation experiments, the smallest time interval on which 

the data, collected from the stop bar detectors under SCATS adaptive control operations, 

can be aggregated to, is 1 second. This aggregation unit is not small enough, to accurately 

estimate occupancy, headway between successive vehicles, vehicles velocity, and the 

number of vehicles passing over the detector, on the microscopic level using the detector 

outputs. Apart from that, VISSIM does not offer the possibility to dynamically change 

the saturation flow rate, in order to model its impact on DS, as presented by Eq. (7). 

Instead, the saturation flow in VISSIM needs to be defined for each simulation 

separately, what may result in a large number of simulation repetitions, necessary to 

examine the influence of the variability of each assumed parameter on the Flow vs. DS 

relation, and to replicate the obtained scatter. Moreover, the signal control needs to be 

defined in a way that would allow one to simulate variability of green time. Considering 

all those constraints, we identified an alternative way for creating the simulation model 

that should recreate the field-data-based AFD, using MS Excel tool, similarly to the 

spreadsheets developed by Daganzo (1997). 
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4.2.1. Simulation model framework 

 
Figure 12 Framework of the Spreadsheet Simulation Model 

 

The framework for creating the simulation model in an excel spreadsheet is illustrated in 

Figure 12. It can be seen that the main part represents the algorithm, or the actual 

simulation model, in which the following parameters need to be defined: 

 Saturation flow rate (headway) and speed – in contrast of VISSIM, the presented 

simulation model provides the possibility to define different saturation flow 

parameters, for different cycles (simulation repetitions). 

 Arrival type that should be modeled – arrival on red (AOR) represents the case 

when all vehicles arrive on red and form/join the queue; arrival on green (AOG) 

represents the case when queue, consisted of a certain number of vehicles 

depending on the traffic conditions scenario, is being formed during red and 

incoming vehicles approach and pass through the intersection on green (it should 
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be noted that queue needs to be formed during red in order for a particular 

movement/approach to receive green time; otherwise, if there are no calls placed 

on the detector during red, the SCATS will not give green time to that phase given 

its adaptive control logic). 

 Traffic conditions scenario – number of vehicles (volume) approaching the 

intersection and/or waiting in queue, determined for the ‘light’, ‘moderate’, ‘near 

the capacity’ or ‘over the capacity’ conditions, using the field data retrieved form 

the SM files. 

 Signal timing parameters including cycle length and green times – these 

parameters are estimated from the retrieved field data and are defined for each 

traffic conditions scenario. 

 Driving behavior parameters – depending on the arrival type, different driving 

behavior models are used, thus different behavior parameters are defined: reaction 

time (time needed for a driver to accelerate), distance between rear axles of 

vehicles waiting in queue. and queue discharge speed in case of AOR; the same 

parameters are also defined in case of AOG, but since the proportion of the total 

flow being served arrives of green, the speed and headway between vehicles in 

the incoming flows need to be defined as well.  

4.2.2. Simulation model algorithm 

Simulation is started by running the algorithm written in VBA programing language, 

shown in a form of pseudo code in Figure 13. 
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Step 0: Initializing 

       𝑁,  𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑦𝑐𝑙𝑒𝑠 

       𝑆𝑓, saturation flow rate (headway) 

       �̅�𝑠, saturation speed 

       𝑛𝑞, number of vehicles in queue for given arrival type and scenario 

       𝑛𝑎, number of approaching vehicles for given arrival type and scenario 

       𝑐𝑙,  cycle length for given cycle 

       𝑔,   green time for given cycle 

       𝐶,   set of cycle lengths observed in the field and defined for given scenario 

       𝐺,   set of green times observed in the field and defined for given scenario 

Step 1: Deteming arrival type that should be simulated 

        𝐢𝐟 arrival = AOR 𝐭𝐡𝐞𝐧 𝜎 = 0 

        𝐞𝐥𝐬𝐞 𝐢𝐟 arrival = AOG 𝐭𝐡𝐞𝐧 𝜎 = 1 

Step 2: Determing the traffic conditions scenario, number of vehicles and signal timing   
             parameters for given arrival type  

        𝐢𝐟 arrival = AOR 𝐭𝐡𝐞𝐧 

              𝐢𝐟 type = light (L) 𝐭𝐡𝐞𝐧 𝑛𝑖 = 𝑛𝐿𝑞𝜎;   𝑐𝑙𝑖 ∈ 𝐶𝐿 ;   𝑔𝑖 ∈ 𝐺𝐿 

              𝐞𝐥𝐬𝐞 𝐢𝐟 type = moderate (M) 𝐭𝐡𝐞𝐧 𝑛𝑖 = 𝑛𝑀𝑞𝜎;   𝑐𝑙𝑖 ∈ 𝐶𝑀;   𝑔𝑖 ∈ 𝐺𝑀 

              𝐞𝐥𝐬𝐞 𝐢𝐟 type = near capacity (NC) 𝐭𝐡𝐞𝐧 𝑛𝑖 = 𝑛𝑁𝑞𝜎;   𝑐𝑙𝑖 ∈ 𝐶𝑁𝐶 ;   𝑔𝑖 ∈ 𝐺𝑁𝐶  

              𝐞𝐥𝐬𝐞 𝐢𝐟 type = over capacity (OC)  𝐭𝐡𝐞𝐧 𝑛𝑖 = 𝑛𝑂𝐶𝑞𝜎;   𝑐𝑙𝑖 ∈ 𝐶𝑂𝐶 ;   𝑔𝑖 ∈ 𝐺𝑂𝐶 

        𝐞𝐥𝐬𝐞 𝐢𝐟 arrival = AOG 𝐭𝐡𝐞𝐧 

              𝐢𝐟 type = light (L) 𝐭𝐡𝐞𝐧 𝑛𝑖 = 𝑛𝐿𝑞𝜎 + 𝑛𝐿𝑎;   𝑐𝑙𝑖 ∈ 𝐶𝐿 ;   𝑔𝑖 ∈ 𝐺𝐿 

              𝐞𝐥𝐬𝐞 𝐢𝐟 type = moderate (M) 𝐭𝐡𝐞𝐧 𝑛𝑖 = 𝑛𝑀𝑞𝜎 + 𝑛𝑀𝑎;   𝑐𝑙𝑖 ∈ 𝐶𝑀;   𝑔𝑖 ∈ 𝐺𝑀 

              𝐞𝐥𝐬𝐞 𝐢𝐟 type = near capacity (NC) 𝐭𝐡𝐞𝐧 𝑛𝑖 = 𝑛𝑁𝐶𝑞𝜎 + 𝑛𝑁𝐶𝑎; 𝑐𝑙𝑖 ∈ 𝐶𝑁𝐶 ; 𝑔𝑖 ∈ 𝐺𝑁𝐶  

Step 3: Acquiring travel time (𝑡𝑖𝑗) and traveled distance (𝑥𝑖𝑗) for 𝑗th
 vehicle from driving    

             beahavior model, and estimating space-mean speed for given cycle (�̅�𝑠𝑖)  

               �̅�𝑠𝑖 = (
1

𝑛𝑖
∗ ∑

𝑡𝑖𝑗

𝑥𝑖𝑗

𝑛𝑖𝑗

𝑗

)

−1

 

Step 4: Acquiring headway for 𝑗th
 vehicle (ℎ𝑖𝑗−1,𝑗) from driving behavior model, and  

             estimating SCATS reported flow (𝑉𝑂𝑖) and occupancy (𝑂𝑖) for given cycle 

              𝑉𝑂𝑖 = 1 + ∑ 𝑀𝑖𝑛 (𝑖𝑛𝑡 [
ℎ𝑖𝑗−1,𝑗

𝑡𝑜𝑖(𝑗−1)

] , 1)
𝑛𝑖𝑗

𝑗=2
  

              𝑂𝑖 =
∑ 𝑡0𝑖𝑗

𝑛𝑖𝑗

𝑗=1

𝑔𝑖
 

Step 5: Computing degree of saturation (DS) and hourly-based flow for given cycle 

             𝐷𝑆𝑖 = ℎ ∗
𝑛𝑖

𝑔𝑖
+ 𝑂𝑖 ∗ (1 −

�̅�𝑠𝑖

�̅�𝑠
) 

             𝑞𝑖 =
𝑉𝑂𝑖 ∗ 3600

𝑔𝑖
 

Figure 13 Pseudo code of the simulation algorithm 
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As illustrated by Figure 13, the algorithm starts by defining the saturation flow 

parameters (headway and speed), number of cycles and the arrival type that need to be 

modeled. Once the arrival type is determined, the algorithm continues its operations by 

determining the state of traffic conditions and generating number of vehicles approaching 

the intersection and/or waiting in queue (depending on the arrival type), for given 

scenario. Later on, the signal timing parameters (cycle length and green times) are 

defined, and the appropriate driving behavior model that vehicles should follow is 

applied. As mentioned previously, signal timings are estimated from the raw field data, 

and are defined for each traffic scenario and the arrival type. Once the algorithm defines 

all the input parameters, it generates the necessary outputs into the corresponding cells of 

the simulation spreadsheet. The outputs are computed for each vehicle served during 

given cycle, by observing its trajectory from the moment it appears in the network (AOG) 

or when green time starts while vehicle is waiting in queue (AOR), till the time it arrives 

at the stop bar detector and departures from the stop line (using 0.1 second resolution). 

The decision whether a vehicle is served or not, is based on the comparison of the 

estimated time of arrival at the stop line and the current signal state (green or red 

indication).   

4.2.3. Driving behavior models 

Driving behavior model is defined for both arrival types (AOR and AOG). If vehicles 

approach the intersection during red, the queue discharge model is applied, developed 

based on the conclusions from the study conducted by Bonneson (1992). According to 

Bonneson (1992), the queue discharge headway should be based on vehicle and driver 

characteristics including driver reaction time, driver acceleration and the discharge speed. 
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The driver acceleration is modeled using the linear relation between acceleration and 

speed (Buhr, 1969), as presented by the following equation: 

𝑎𝑖 = 𝑎𝑚𝑎𝑥 ∗ (1 −
𝑣𝑖

𝑣𝑚𝑎𝑥
)                                                                                                        (9) 

where 𝑎𝑖 and 𝑣𝑖 are vehicle acceleration and speed at the time stamp 𝑖, respectively, 

whereas 𝑎𝑚𝑎𝑥 and 𝑣𝑚𝑎𝑥 are the maximum acceleration and the queue discharge speed, 

respectively. A strong linear acceleration-speed relationship was also confirmed in the 

later study conducted by Evans and Rothery (1981). 

The acceleration model presented in Eq. (9) is further used to obtain time-dependent 

speed and acceleration distance (Bonneson, 1992), as illustrated by the following set of 

equations: 

𝑉𝑡 = 𝑣𝑚𝑎𝑥 ∗ (1 − 𝑒
−

𝑎𝑚𝑎𝑥
𝑣𝑚𝑎𝑥

∗𝑡
) + 𝑣0 ∗ 𝑒

−
𝑎𝑚𝑎𝑥
𝑣𝑚𝑎𝑥

∗𝑡
                                                                 (10) 

𝑥𝑎 = 𝑣𝑚𝑎𝑥 ∗ 𝑡𝑎 −
𝑣𝑚𝑎𝑥

2

𝑎𝑚𝑎𝑥
∗ (1 − 𝑒

−
𝑎𝑚𝑎𝑥
𝑣𝑚𝑎𝑥

∗𝑡𝑎) + 𝑣0 ∗ (1 − 𝑒
−

𝑎𝑚𝑎𝑥
𝑣𝑚𝑎𝑥

∗𝑡𝑎 )                        (11) 

where 𝑡𝑎 is time of acceleration, and 𝑣0 and 𝑥𝑎 are the initial speed (at time 𝑡 = 0) and 

acceleration distance, respectively. The exponential form for the vehicle speed was also 

considered in the study conducted by Akcelik et al. (1999), for computing the queue 

discharge speed as a function of the time since the start of the green signal state.  

Parameters shown in Eq. (10) and Eq. (11) are used to model the time of arrival at the 

stop bar that is, according to Bonneson (1992), composed of response time (𝑡𝑟) that 

depends on the vehicle position in queue (𝑛) as shown in Eq. (12), as well as the time 

needed to accelerate (𝑡𝑎), also dependent on the vehicle position in queue: 

𝑡𝑟 = 𝜏 + 𝑛 ∗ 𝑇                                                                                                                        (12) 
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where 𝜏 and 𝑇 are the additional response time of the first driver and the starting response 

time for each individual driver (depending on the position in queue (𝑛)). It is assumed 

that distance occupied by each vehicle in queue is the same and equal to 𝑑 (Bonneson, 

1992). This means that the first vehicle will be positioned 𝑑 units away from the stop 

line, whereas the second vehicle will be positioned 2 ∗ 𝑑 units away from the stop line, 

measured from the rear axle. Generalizing this principle, we can write that 𝑛th
 vehicle 

will be positioned 𝑛 ∗ 𝑑 units away from the stop line (Bonneson, 1992). Finally, given 

Eq. (11) and the knowledge regarding the initial speed (taken as zero, since vehicles are 

waiting in queue), the acceleration time (𝑡𝑎(𝑛)) can be estimated using the acceleration 

distance ((𝑥𝑛)) (Bonneson, 1992): 

𝑥𝑛 = 𝑛 ∗ 𝑑 = 𝑣𝑚𝑎𝑥 ∗ 𝑡𝑎(𝑛) −
𝑣𝑚𝑎𝑥

2

𝑎𝑚𝑎𝑥
∗ (1 − 𝑒

−
𝑎𝑚𝑎𝑥
𝑣𝑚𝑎𝑥

∗𝑡𝑎(𝑛) )                                            (13) 

Considering the difficulty of acquiring the acceleration time from Eq. (13), Bonneson 

(1992) incorporated time-dependent speed (Eq. (10)) into Eq. (13), and derived the 

following formulation of the acceleration time given the vehicle position in queue (𝑛): 

𝑡𝑎(𝑛) =
𝑛 ∗ 𝑑

𝑣𝑚𝑎𝑥
+

𝑣𝑠𝑙(𝑛)

𝑎𝑚𝑎𝑥
                                                                                                           (14) 

where the replaced exponential part represents the stop line speed (𝑣𝑠𝑙). Moreover, given 

that the time needed to accelerate is dependent on the vehicle position in queue (𝑛), 

Bonneson (1992) modeled the stop line speed using 𝑛 rather than acceleration time (𝑡𝑎): 

𝑣𝑠𝑙(𝑛) = 𝑣𝑚𝑎𝑥 ∗ (1 − 𝑒−𝑛∗𝑘)                                                                                               (15) 

where 𝑘 is a constant, obtained from the empirical data. Using acceleration time and 

response time, it is possible to estimate the discharge headway between (𝑛 − 1)th
 and 𝑛th
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vehicles (ℎ𝑛), as the difference between times of their arrival at the stop line (Bonneson, 

1992): 

ℎ𝑛 = 𝜏 ∗ 𝜎 + (𝑛 ∗ 𝑇 +  𝑡𝑎(𝑛)) − ((𝑛 − 1) ∗ 𝑇 + 𝑡𝑎(𝑛−1))                                           (16) 

where 𝜎 is a binary variable that takes the value of 1 if 𝑛 = 1; otherwise, it takes the 

value of 0. If one would substitute Eq. (14) into Eq. (16), he/she would acquire the final 

formulation of the headway model proposed by Bonneson (1992), on which the queue 

discharge model presented herein is based: 

ℎ𝑛 = 𝜏 ∗ 𝜎 + 𝑇 +
𝑑

𝑣𝑚𝑎𝑥
+ 𝑎 ∗

𝑣𝑠𝑙(𝑛) − 𝑣𝑠𝑙(𝑛−1)

𝑎𝑚𝑎𝑥
+ 𝑏 ∗ 𝑓 + 𝑐                                        (17) 

where 𝑎, b and 𝑐 are empirical calibration parameters, and 𝑓 represents number of 

vehicles in one lane that approach the intersection during a cycle. Once we developed the 

queue discharge model, we calibrated and validated it by comparing modeled 

acceleration times and discharge headways with the field-observed-based acceleration 

times and discharge headways computed using Bonneson (1992) model, which is 

calibrated for the intersection with similar characteristics as the intersection subjected in 

this study. The calibration and validation were performed by adjusting the following set 

of parameters, with the sample size of 𝑛 = 20 vehicles:  

 Driver response time 

 Distance between vehicles in queue 

 Maximum queue discharge speed 

 Maximum acceleration 

The calibrated and validated model is further used as a base case scenario. Results of 

the calibration and validation efforts are shown in Figures 14-17. In addition, trajectories 
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of vehicles in queue, for the base case scenario, are presented in Figure 18. One should 

note that for the sake of simplicity and visualization purposes, only the trajectories of the 

first 10 vehicles are presented; other vehicles follow similar pattern. 

 

 
Figure 14 Comparison of the modeled and field-observed-based acceleration times – Relative 

difference 
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Figure 15 Comparison of the modeled and field-observed-based acceleration times – Regression 

analysis 

 

 
Figure 16 Comparison of the modeled and field-observed-based discharge headways – Relative 

difference 
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Figure 17 Comparison of the modeled and field-observed-based discharge headways – Regression 

analysis 

 

 
Figure 18 Vehicles trajectories in queue discharge model 
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If vehicles approach the intersection on green, driving behavior model is defined 

slightly different, and is consisted of the two components. The first component is actually 

a queue discharge model presented above, which needs to simulate queue being formed 

during the red signal state. One should recall that, for this arrival type, queue needs to be 

formed during red in order for a particular movement/approach to receive green (if no 

calls are placed on the detector during the red, then the SCATS will not give the green to 

that phase (Stevanovic, 2010; Mladenovic et al., 2015)). The second component is the, so 

called car following model, which should simulate driver behavior of vehicles 

approaching the intersection and passing through on green. Depending on the traffic 

conditions scenario, speed and headway of approaching vehicles are defined and used to 

compute the acceleration/deceleration undertaken by the following vehicle in order to 

maintain the headway in respect to the vehicle in front, according to the following 

equation (Daganzo, 1997): 

𝑎𝑡+∆𝑡(𝑛) =   𝛽 ∗
(𝑣𝑡(𝑛−1) − 𝑣𝑡(𝑛))

∆𝑡
                                                                                      (18) 

where ∆𝑡 is time increment, 𝑎𝑡+∆𝑡(𝑛) is acceleration/deceleration of the 𝑛th 
vehicle at time 

𝑡 + ∆𝑡, 𝑣𝑡(𝑛−1) and 𝑣𝑡(𝑛) are speeds of (𝑛 − 1)th 
vehicle and 𝑛th 

vehicle, respectively, and 

𝛽 is the sensitivity coefficient of car-following theory. In this study, we used different, 

random values for the sensitivity coefficient, to reflect differences in driver population. 

The obtained trajectories of vehicles approaching the intersection, for the car-following 

model, are illustrated in Figure 19. Once again, we should note that only the first ten 

vehicles are presented for the sake of simplicity, and other vehicles (sample size is      

𝑛 = 20 vevehicles) show similar pattern. 
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Figure 19 Vehicles trajectories in car-following model 
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during given cycle or not. Combining this with the fact that the number of 

vehicles approaching the intersection (AOG) or waiting in queue (AOR) is 

predetermined according to the traffic conditions scenario, the algorithm provides 

the true number of vehicles that pass through the intersection, independently on 

the number of call placed on the detector (𝑉𝑂). 

 Occupancy – defined as the proportion of green time when the detector is 

occupied by a vehicle. One can notice that the green time is being used as the 

length of time during which occupancy is measured.  

 Vehicles velocity – the speed of 𝑗th
 vehicle, waiting in queue during red time or 

approaching the intersection on green, during 𝑖th
 cycle (𝑣𝑖𝑗) is computed based on 

the known distance that the vehicle is traveling during the simulation (𝑥𝑖𝑗), and 

the time needed to travel that distance (𝑡𝑖𝑗), as presented by Eq. (19) (Cassidy and 

Coifman, 1997). In case of AOR, 𝑥𝑖𝑗 represents the acceleration distance of the 

𝑛th
 vehicle (Eq. (13)). 

𝑣𝑖𝑗 =
𝑥𝑖𝑗

𝑡𝑖𝑗
                                                                                                                                  (19) 

Taking into consideration that the speed of each vehicle (𝑗) being served during the 

green portion of 𝑖th
 cycle is known (𝑣𝑖𝑗), the space-mean speed for 𝑖th

 cycle (�̅�𝑠𝑖
) is 

estimated using the following formulation (Cassidy and Coifman, 1997): 

�̅�𝑠𝑖
= (

1

𝑛𝑖
∗ ∑

1

𝑣𝑖𝑗

𝑛𝑖𝑗

𝑗

)

−1

                                                                                                        (20) 

where 𝑛𝑖 is the actual number of vehicles being served during 𝑖th
 cycle. The space-

mean speed, combined with other simulation outputs (occupancy and actual number of 
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served vehicles) and input parameters (saturation flow headway and duration of green 

time for given cycle), is then further used to compute DS, using Eq. (7). Finally, 

integrating duration of green time (𝑔𝑖) and the number of vehicles measured by the 

detector (𝑉𝑂𝑖) for 𝑖th
 cycle, traffic flow (𝑓𝑖) (vehicles per hour of green), is determined 

according to Eq. (21) 

𝑓𝑖 =
𝑉𝑂𝑖 ∗ 3600

𝑔𝑖
                                                                                                                    (21) 

4.3. Classification of the traffic scenarios 

As mentioned in previous sections, the input parameters are defined for each traffic 

conditions scenario. The following tables (Tables 1-2) provide the range of each input 

parameter being used for given scenario, for both arrival types (AOG and AOR). It can 

be seen that AOG arrival type is not modeled for the ‘over the capacity conditions’ given 

that all vehicles approach the intersection during red time, and form/join the queue. 

 

Table 1 Range of input parameters used to model AOR arrival type for given traffic scenario 

Parameter 
Light  

(L_RED) 
Moderate 
(M_RED)  

Near the capacity 
(NC_RED)  

Over the capacity 
(OC_RED)  

Number of vehicles in 

queue  
1 – 5 6 – 9 10 – 14 15 – 18 

Response time (sec) 0.55 – 1.33 0.55 – 1.33 1.00 – 1.33 0 50 – 0.80 

Distance between 

vehicles in queue (ft) 
21 – 25 21 – 25 21 – 25 21 

Discharge speed 

(ft/sec) 
30 – 44 30 – 44 35 – 40 27 – 35 

Green time (sec) 15 – 35 20 – 35 25 – 35 30 – 35 
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Table 2 Range of input parameters used to model AOG arrival type for given traffic scenario 

Parameter 
Light 

(L_GREEN)  

Moderate 

(M_GREEN)  

Near the capacity 

(NC_GREEN)  

Number of vehicles in 

queue 
1 – 3 4 – 6 6 – 10 

Response time (sec) 1.33 1.00 – 1.33 0.80 – 1.00 

Distance between 

vehicles in queue (ft) 
25 25 23 – 25 

Discharge speed (ft/sec) 40 35 – 40 35 

Number of approaching 

vehicles per cycle 
1 – 3 5 – 9 7 – 8 

Speed of incoming flow 40 – 44 35 – 44 35 – 40 

Headway between 

vehicles in incoming flow 
3.0 – 4.5 2.0 – 3.5 1.7 – 2.0 

Green time (sec) 15 – 35 25 – 35 30 – 35 

 

One can notice that we used relatively low value for the minimum response time. 

This is because we wanted to illustrate how response time, combined with distance 

between vehicles, impacts the actual headway measured at the stop line, thus the 

accuracy of the detector measurements (number of calls placed on the detector (𝑉𝑂) 

versus the actual number of served vehicles (𝑛)). This is especially related to the ‘over 

the capacity’ scenario (Figure 20) and the AOR arrival type (Figure 21), when a few 

served vehicles are considered as one long call placed on the detector (Figure 11). On the 

other hand, in case of AOG, the actual headway between successive vehicles is higher, 

thus each vehicle is detected as a separate detector call, leading to the equality between 

𝑉𝑂 and 𝑛 (Figure 21). 
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Figure 20 Relationship between SCATS reported-based flow and actual number of served vehicles 

for different traffic scenarios 

 

 

 
Figure 21 Relationship between SCATS reported-based flow and actual number of served vehicles 

for different arrival types 
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If one would recall the shape of the AFD developed using the field data, he/she would 

infer that the relationship between 𝑉𝑂 and 𝑛 reveals similar scatter. This confirms one of 

the initial hypothesis, that the actual headway between vehicles does have an impact on 

the Flow vs. DS relation. In addition, it also provides evidence for the assumption made 

on how SCATS reports flow served during the green signal state (Eq. (8)). 
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5. RESULTS AND DISCUSSION 

5.1. Arterial fundamental diagrams developed using the simulation outputs 

Once all the necessary variables were computed, including traffic flow and DS, we were 

able to develop the AFD, similarly when the field data were used. In total, approximately 

950 cycles were modeled. The AFD obtained using the spreadsheet simulation outputs is 

shown in Figure 22. One can notice that the modeled diagram reveals similar shape as the 

diagram developed using the field data.  

 

 
Figure 22 Modeled Flow vs. DS
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Moreover, it can be seen under which circumstances, the distinctive triangular part 

(edged with the black lines in Figure 22) is being formed: when the traffic conditions are 

light and/or moderate; vehicles form/join the queue during the red signal state; the 

number of calls placed on the detector is lower than the actual number of served vehicles 

(due to a low response time and distance between vehicles in queue, causing lower 

discharge headways); the green time is not used efficiently.   

5.2. Comparison between arterial and macroscopic fundamental diagrams 

Taking into account that the obtained AFD differs from the traditional MFD, one might 

wonder, what the scatter of the fundamental diagram, depicting the relationship between 

flow and density (or occupancy), would be like for the same traffic conditions. In order to 

address such question, we determined occupancy (a reliable estimator of traffic density in 

the steady state traffic conditions), by using a fixed period of time during which it is 

observed (Coifman and Cassidy, 1997; Coifman, 2001; Geroliminis and Daganzo, 2008; 

Buisson and Ladier, 2009), rather than using fluctuate green time, as presented by Eq. 

(2). The reason for doing so is because we wanted to examine occupancy as individual 

measure of arterial performance, and not as a part of the equation used to compute DS 

(Eq. (2)). The fixed aggregation period was difficult to be determined, since cycles were 

not simulated as continuous events, but as group of events independent from each other. 

In other words, if one would opt for a time interval (e.g. 5 min) greater than the length of 

at least one cycle (also variable in case of SCATS (Stevanovic, 2010)), he/she would not 

be able to acquire continuous data from the stop bar detection, for the entire period, as 

cycles are considered independently. As a result, incorrect estimation of occupancy 

would be obtained. Similarly, if each independent cycle was observed with the time 
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period (e.g. 30 sec) lower than duration of green time for at least one cycle, one could 

speculate what happens with the data, reported from the stop bar detector, after that time 

period (e.g. 30 sec). In order to minimize any potential noise in the data that could impact 

our analysis, we selected the maximum recorded amount of green time (from 𝑁 simulated 

cycles) as the length of period (𝑇) for computing occupancy (𝜌), using Eq. (23). 

 

𝑇 = max(𝐺);         where 𝐺 = {𝑔1, 𝑔2, … , 𝑔𝑁}                                                                (22) 

𝜌𝑖 =
∑ 𝑡0𝑖𝑗

𝑛𝑖
𝑗=1

𝑇
=

∑ 𝑡0𝑖𝑗
𝑛𝑖
𝑗=1

max{𝑔1, 𝑔2, … , 𝑔𝑁}
                                                                               (23) 

where 𝑡0𝑖 is the detector occupancy time for 𝑗th
 vehicle, during 𝑖th

 cycle. We should 

emphasize that the detector occupancy time is considered only during the green signal 

state, as suggested by literature (Hallenbeck, 2008). Later on, we estimated traffic density 

(vehicles per mile) according to its relationship with occupancy and space-mean effective 

vehicle length (�̅�𝑒𝑓𝑓) (Cassidy and Coifman, 1997; Geroliminis and Daganzo, 2008): 

𝑘𝑖 = 𝜌𝑖 ∗ �̅�𝑒𝑓𝑓𝑖
= 𝜌𝑖 ∗

∑
1

𝑣𝑖𝑗

𝑛𝑖
𝑗=1

∑
𝑙𝑒𝑓𝑓𝑖𝑗

𝑣𝑖𝑗

𝑛𝑖
𝑗=1

                                                                                     (24) 

𝑞𝑖 =
𝑉𝑂𝑖 ∗ 3600

𝑇
=

𝑉𝑂𝑖 ∗ 3600

max{𝑔1, 𝑔2, … , 𝑔𝑁}
                                                                          (25) 

where 𝑙𝑒𝑓𝑓𝑖𝑗
 and 𝑣𝑖𝑗 are effective length and speed of 𝑗th

 vehicle, during 𝑖th
 cycle. Given 

that the macroscopic variables should be measured over the same time-space region 

(Cassidy and Coifman, 1997), we estimated traffic flow (𝑞) using the same time period 𝑇 

(Eq. (25)), as it was used in case of occupancy (Eq. (23)), rather than variable green time 

in case of DS (Eq. (21)). Obtained fundamental relationships are shown in Figures 23-24. 
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Figure 23 Modeled Flow vs. Occupancy using detector measurements 

 

 
Figure 24 Modeled Flow vs. Density using detector measurements 
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It can be observed that occupancy and density reveal similar scatters when plotted 

with traffic flow, and are well correlated, with the strong coefficient of determination 

(Figure 25). The strong correlation between these macroscopic traffic variables has 

already been confirmed in previous studies (Cassidy and Coifman, 1997; Kim and Hal, 

2004).   

 

 
Figure 25 Relationship between occupancy and density 
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Figure 26 Relationship between DS and occupancy (density) 
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was compared to the actual number of served vehicles (𝑛) (Figure 20). Bearing that in 

mind, we decided to relate DS and occupancy to the true number of served vehicles, 

instead of the detector counts (Figures 27-28). This procedure removed the triangle and 

implied the theory-expected curve, especially in case when occupancy was observed 

(Figure 28). 

 More importantly, considering that MFDs are used for development of network-

wide traffic control strategies based on the estimated traffic conditions, the use of the DS 

as a surrogate density measure would not indicate the true state of conditions in traffic 

flows, as certain DS values can be obtained under various traffic scenarios (shown with 

the callout ‘E’ in Figure 27). In contrast, the use of occupancy facilitates the assessment 

of traffic conditions, which are well distinguished (Figure 28). 

 

 
Figure 27 Modeled Flow vs. DS using actual volume served during green 
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Figure 28 Modeled Flow vs. Occupancy using actual volume served during green 
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traffic volumes. Because of that, we presented the expected curve (black dashed line in 

Figure 28), with the extension for the ‘oversaturated conditions’ that are not modeled in 

the simulation, as they were not observed in the field SCATS data. We should also 

emphasize that the expected curve is not the best fitted curve, determined through the 

statistical analysis, but is suggested by the obtained scatter of AFDs and conclusions from 

the previous studies (Geroliminis and Daganzo, 2008; Buisson and Ladier, 2009; Wu et 

al., 2011). Nevertheless, in order to clearly identify the shape of the right part of the 

diagram, more efforts in researching the oversaturated conditions are required, and are 

left for the future research.  

5.3. Summary of the study results 

Combining all the research findings together, we defined three main parts of the Flow vs. 

DS diagram (Figure 29), in a way different than the one presented in the study conducted 

by Pascale et al. (2015). Namely, the first part (green dots) suggests that, in the steady 

state traffic conditions when the dispersion of vehicles velocity is low, and vehicles 

maintain the headway between them and the vehicle in the front, the DS is only a 

function of traffic flow (with an increase in flow DS also increases), revealing the 

fundamental properties of the MFD, and leading to the equality between the actual 

number of served vehicles and the detector counts (Figures 20-21). In such case, the 

scatter of the AFD is not impacted by the location of the data collection and 

measurements of the stream characteristics.  

 Moreover, the second part (blue dots), illustrating the only ‘illogical’ thing compared 

to the theory-expected MFD, implies that the DS is influenced by various parameters 

including duration of green time, arrival type, saturation flow rate, and actual headway 
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between successive vehicles, proven to impact the obtained scatter of the AFD (Eq. (7) 

and Eq. (8)). Apart from that, the existence of a visible DS value (serving as a threshold 

and showing that certain DS values cannot be reached for certain traffic flows, unless the 

conditions are ‘saturated’) can be attributed to the SCATS adaptive control logic, 

designed to maintain the DS below the defined threshold.  

 Lastly, the last part (red dots) reveals that the ‘saturated’ conditions, which can be 

inferred on the first look into the diagram, do not actually represent the case when the 

traffic demand exceeds the intersection capacity, but the case when the traffic volume, 

measured by the detector, is being underestimated (Figures 20-21), due to a low response 

time and distance between vehicles in queue, causing lower discharge headways. 

 

 
  Figure 29 Research findings 
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6. CONCLUSIONS AND FUTURE RESEARCH 

The fundamental diagrams represent a powerful tool for development of network-wide 

control strategies, by estimating traffic conditions along a transportation network. In most 

cases, these diagrams depict the relationship between traffic flow and density (or 

occupancy, proven to be a reliable estimator of density), which are not always retrievable 

from the field data. This study investigated appropriateness of using degree of saturation, 

as a representative surrogate measure of traffic density, obtained from SCATS adaptive 

system that utilizes stop line detectors, for development of AFDs.  

It has been shown in the previous study (Pascale et al., 2015), that the AFD under 

dynamic control reveals much more scatter, explained as the case when green time is 

underutilized because of the queue spilling back from a downstream segment, causing 

high DS values for low traffic volumes. When we took into considering that SCATS 

system establishes its control strategies according to the data collected from the stop bar 

detectors, and that the first few vehicles, waiting in front of the stop lines, always have 

enough space within the intersection zone to enter the signal, thus utilize the allocated 

green time, we speculated that such inference (interpretation of the traffic states under the 

fundamental diagram) was not well substantiated.  

 In order to provide more evidence on our speculation, we collected the field data from 

a signalized intersection governed by SCATS system. The preliminary developed AFDs 

did reveal more scatter, even though the oversaturated conditions were not exhibited at 
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the subjected intersection, as they were observed on the AFD in the study conducted by 

Pascale et al. (2015).  

 Taking into account that the data by itself did not provide us with enough information 

to rightfully claim the true reasons for the exhibited scatter, we identified the need for 

deriving the analytical formulation used to compute DS, using high-resolution signal and 

detection data, based on which we would developed the simulation model, capable of 

recreating the field-like AFD. Governed by the constraints of using VISSIM, as a 

microsimulation tool to perform the simulation experiments, we developed our own 

simulation model in an excel spreadsheet, using VBA programing language. The 

proposed model allows one to dynamically change saturation flow rate, signal timing, and 

driving behavior parameters, in order to model their impact on the scatter of the AFD, 

under adaptive traffic control operations 

Derived formulation of DS and developed simulation model allowed us to 

mathematically prove the hypothesis, that various parameters including duration of green 

time, arrival type (defines the speed of incoming flows), saturation flow rate (SCATS 

capability to recalibrate the maximum flow rate on a daily basis), and actual headway 

between successive vehicles, do have an impact on the Flow vs. DS scatter. The diagram 

reconstructed using the presented simulation model revealed the similar shape as the 

AFD developed using the field data. Overall, we identified three main parts of the Flow 

vs. DS relationship: 

 The first part is related to the steady state traffic conditions when the dispersion of 

vehicles speed is low, and vehicles aim to maintain the headway between them 

and the vehicle in front. In such case, DS is only a function of the traffic flow, 
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revealing the fundamental properties of the MFD, as with an increase in traffic 

volume DS also increases. Moreover, the scatter of the AFD is not impacted by 

the location of the data collection and measurements of the stream characteristics.  

 The second part examined the only ‘illogical’ feature observed on the AFD (the 

distinctive triangle, implying that, for the same traffic flow DS reports a wide 

range of values), when compared to the theory-expected Flow vs. Density (or 

Flow vs. Occupancy) relation. In such case, DS is influenced by the assumed 

parameters. Apart from that, the existence of a visible DS value, serving as a 

threshold and showing that certain DS cannot be reached for certain traffic flows, 

unless the conditions are ‘saturated’, can be attributed to the SCATS adaptive 

control logic, designed to maintain the DS below the defined threshold.  

 The third part revealed that, the so called ‘saturated’ conditions, which can be 

inferred on the first look into the diagram, did not actually represent the case 

when the traffic demand exceeded the intersection capacity, but the case when the 

traffic volume, measured by the detector, is being underestimated, due to a low 

response time and distance between vehicles in queue, causing lower discharge 

headways. 

Future research should investigate development of the AFD under dynamic control, 

when oversaturated conditions are exhibited along a network, and examine the influence 

of the queue spillovers from a downstream segment. We speculate that the diagram will 

still remain the same shape, but more efforts are required before such conclusion can be 

made. In particular, one should explore if the undercounting of vehicles, typically for 

congested conditions, when drivers reduce the distance between them and the vehicle in 
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front in order to use the allocated green time more efficiently, could be solved by altering 

the length of the detector loop. This would have a great importance for SCATS adaptive 

control operation, which are based on the DS value measured at the stop line detector. A 

high DS for low traffic volume does not necessarily need to indicate saturated conditions, 

when SCATS aims to reduce it, by providing more green time at the cost of other 

intersection phases/movements, as shown in our study. As a result, the distribution of 

green times would be optimized, further leading to the minimization of the total 

intersection delay. Finally, the statistical analysis should be conducted, in order to define 

the relationship between the macroscopic traffic variables (traffic flow and density) and 

each parameter proven to impact the scatter of the AFD.
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