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INTRODUCTION 

 

The fundamental diagram of a road segment depicts graphically the relationships among traffic flow characteristics, i.e., flow, speed, and density. The 

fundamental diagram plays an essential role in traffic flow theory and transportation engineering since sound mathematical models can offer a solid foundation for 

traffic flow analysis and efficient traffic control [1]. Among the three ‘pair-wise’ relationships (e.g., speed–density, flow-density, and speed-flow), the speed–

density relationship appears to be fundamental since it draws direct connection to everyday driving experience, i.e., how a driver’s speed choice is influenced by 

the presence of other vehicles in their vicinity [2]. Moreover, the movement of vehicles on high-speed roads is governed by the behavior of drivers in leaving 

sufficient space (or gap) in front of the vehicle. Changing the spacing between vehicles means changing the traffic density on the road. Traditionally, two different 

approaches can be used for modeling the speed-density relation; namely, parametric modeling (statistical based), and non-parametric modeling (data mining 

based). In parametric modeling, the model has a basic statistical structure that follows specific statistical assumptions and relationships between the input and 

output variables. On the other hand, non-parametric modeling does not assume a fixed model structure.  The model trains on the data to select the structure the best 

fits the variations within the data.   

Regarding the parametric modeling, the traffic flow speed-density relation models experienced more than 81 years of development since the first ever 

developed linear speed-density relation fitted by Greenshields [3]. Since then, various speed-density models have been developed with different parameters, 

structure, and calibrating data sources, all of which influence model interpretation. Some of the developed models preserve mathematical elegance by being 

presented by a single-equation and are known as single-regime models. Other models decompose the speed–density relationship into two pieces for better curve 

fitting and are known as two-regime models. In this case, mathematical elegance gradually gives its way to empirical accuracy. The literature is abundant with 

traffic models describing the speed-density relation of traffic characteristics in normal driving conditions where the lane discipline is strictly respected. The 

violation of lane discipline is very common in many developing countries. In these countries, drivers sometimes ignore the lane marking and move laterally across 

the road width to adjust their lateral position which creates a heterogeneous traffic environment. A review of the literature showed that limited studies were 

conducted to develop an understanding of the speed-density relation at developing countries, due to the heterogeneity in driving behaviors. Most reviewed studies 

that attempted to address this problem were conducted in India, where the presence of non-motorized vehicles yields a high degree of variation in physical and 

dynamical characteristics of vehicles on the road and especially the two-wheelers that have high maneuverability [4, 5, 6].   

The situation in Egypt is less complicated than in India or similar countries’ roads because the operation of non-motorized vehicles is not common on major 

roads. There have been many Egyptian studies attempting to model the speed-density relation for highways. For instance, El-Adawi [7] fitted a two-regime speed - 

density model for traffic data collected from the 6th of October Road, a major road in Cairo (Egypt). Data was collected using a video camera covering the full 
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width of a two-lane direction. In another study conducted on Cairo - Helwan Autostrade, a major road in Cairo (Egypt), a two-regime model was developed for 

modeling the speed-density relation [8]. The study utilized traffic data collected using a high-resolution camcorder. However, none of these studies inspected the 

developed models for the impact of no lane discipline nor compared the developed models with the well-known speed-density models provided by Highway 

Capacity Manual (HCM) [9] for homogeneous traffic conditions. This compromised the practical application of all developed Egyptian models in the design of 

various highway and traffic components.  

The ensemble methods are considered one of the most accurate non-parametric models, where the estimates from several weak non-parametric models are 

combined together to provide a more accurate non-parametric model. This technique can be integrated with many different models, such as decision trees and 

neural networks. Among the possible models, decision trees proved to give the best performance [10]. eXtreme Gradient Boosting (XGB) is a recently developed 

tree-based ensemble algorithm that was successful in solving different transportation problems and deemed to have high prediction accuracy compared to other 

tree-based ensemble algorithms such as Gradient Boosting and Random Forest [10]. The literature review indicates that the attempts for modeling traffic parameter 

for highways in developing countries, where the lane discipline is absent, are very limited in the scope of the models tested for fitting the speed-density relation. 

To address this shortcoming, this paper evaluates different parametric and non-parametric models for fitting a regression model that best represents the speed-

density relation for traffic conditions with no lane discipline. Then, the parameters of the best-fitted model are further inspected for identifying any noticeable 

impact of the no lane discipline.    

 

Technical Background: 

This section provides a technical background for the parametric and non-parametric models used in this study.   

 

Parametric Models: 

The mathematical forms for the commonly known parametric models present in the traffic-flow theory literature are given in Table 1. Where Vf is the free 

flow speed, Kj is jam density, V and K are the speed and density, respectively, and Vo and Ko are the speed and density at capacity (Qc), respectively. 

 

Table 1: Parametric Single Regime Speed Density Models 

Deterministic model Mathematical form Parameters Equation No. 

Greenshields' model         
 

  
  Vf, Kj (1) 

Greenberg model          
  
 
  Vo, Kj (2) 

Underwood model       
  

      Vf, Ko (3) 

Northwestern model       
 
 

 
 
 

  
  

 Vf, Ko (4) 

Drew model          
 

   
 

  
 

 

  
Vf, Kj 

(n = -1, 0, 1) 
(5) 

Pipes-Munjal model          
 

  
 

 

  
Vf, Kj 

(n > 1) 
(6) 

Van Aerde model   
 

   
  

    
    

 C1, C2, and C3  are 

 f (Vf,Vo, Kj,Qc) 
(7) 

 

Table 1 recaps single-regime models such as Greenshields [3], Greenberg’s [11], Underwood [12], Northwestern [13], Drew [14], Pipes-Munjal Generalized 

Model [15], and Van Aerde Model, which is a combination of Greenshields and Pipes car-following models [16, 17, 18].  Edie Model [19] in Eqs. 8 and 9 and 

Modified Greenberg Model [20] in Eqs. 10 and 11 are examples of the two-regime models.  

 

Edie Model: 

         
 

         (k ≤ 50)               (8) 

           
     

 
     (k > 50)              (9) 

 

Modified Greenberg Model: 

         (k ≤ 35)            (10) 

         
     

 
     (k > 35)            (11) 

 

Non-Parametric Models: 

This section describes the formulation for two innovative non-parametric regression models that are widely used for solving different transportation problem 

and provided very accurate results, namely, Decision Tree Algorithms and XGB.  The formulation for these models is summarized in the following subsections. 

 

Decision Tree Algorithms: 

These algorithms predict the response variable ( ) by building a set of decision rules from the input variables (K and Q).  These rules are presented as nodes, 

splitting the features’ space into sub-nodes. Each sub-node is further split until a specific criterion is met, such as a minimum number of observations. Each 

terminal node of these structures is called “leaf” and is assigned a constant score value (C), which is the average value of response variables in this node.  For a 

given data set with (n) observations and (m) input variables, the general formulation for this structure can be presented as shown in Eq. 12: 

 

                  
                                  (12) 

 

Where q(x) represents the decision rules within a tree that assign a sample of the data to the corresponding leaf index, (t) is the number of leaves in the tree, 

and       represents the score weights assigned to leaves of the tree. 

 

eXtreme Gradient Boosting Algorithms (XGB):  

The XGB consists of multiple trees that are combined together to improve the prediction accuracy.  As result, a general model (ŷ) can be written as a 

summation of all prediction scores from all trees for a sample (x) in the following equations in conjunction with Eq.12: 

 

 
 
             

 
                            (13) 

 

Where ( ) is the number of trees and (   is the space of all possible trees.  This equation is optimized for the following objective function: 

             ŷ  
 
           

 
                 (14) 
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Where the first term is the loss function measuring the difference between prediction   
 
  and target    .  The second term is the regularization term that 

controls the model complexity and prevents overfitting.  A model is overfitting the data, when it starts to model the noise within the data.  Trees in XGB are grown 

sequentially to optimize an arbitrary differentiable loss function using Gradient Descent method, which gradually minimizes the loss function of the whole system.  

XGB is widely recognized among machine learning community due to its accuracy, efficiency, and ease of implementation. A thorough analytical outline for 

solving the system in Eqs. (12), (13), and (14) for training the XGB algorithm can be found in [21]. 

 

Methodology: 

The scope of work in this research was executed in several steps, starting with developing a data collection framework that is affordable and easily applicable 

by developing countries for collecting accurate data over wide geographic areas. Details of the data collection procedure are given in the next section.  The 

accuracy of the collected data was validated using videotapes. 

In general, data utilized in this study was collected using pneumatic tube-Automatic Counters (AC) devices, installed across the studied road segment. The 

collected data included speeds of individual vehicles and time of hitting the counter tubes at the beginning and end of the studied section. Vehicle classification 

and other data were also collected. The density was estimated by analyzing the time at which vehicles cross the beginning and end of the road section. Similar data 

were also extracted from videotapes and used for validation of data obtained from automatic counters. Validated data were aggregated for various aggregation 

periods (∆t) and the optimum period was selected. The purpose of aggregating data was to compute reasonable flow rates while maintaining the pattern of traffic 

variation or fluctuations. Aggregated data were then utilized in regression analysis to determine the model that best fits the speed-density actual data. The best-

fitted model was compared with local models previously developed in Egypt under no lane discipline conditions. The best-fitted model was also compared with 

pertinent speed-density models suggested by the HCM for homogeneous trafficconditions [9]. 

 

Data Collection Framework And Validation: 

Site Selection: 

Traffic data were collected at km 44 on Cairo - Suez Road, a major multilane highway road in Egypt. Four pneumatic tubes AC were used for this purpose.  

The road section selected for this study is a straight segment with no entrance or exit ramps. Although the road section has road marking, vehicles do not respect it 

and some vehicles move on the lane separator while others travel on the road edge occupying part of the right shoulder. 

 

Setup of Devices on Site: 

The devices were installed at two locations spaced 105 m. Figure 1(a) shows a schematic of the arrangement of one AC device. The AC consists of two tubes 

(A and B) fixed on the road at 1.0 m spacing and both tubes are connected to the Road Side Unit (RSU). When a vehicle axle passes over the tube, it generates an 

air pulse, and the RSU records the time of the detected pulse. Figure 1(b) shows the layout of the four AC devices fixed across the two lanes of the road section. 

Measured speeds at the two locations were combined to give average speeds along the road section. Data were collected for eight hours, from 9:00 am through 

5:00 pm during a normal weekday. The weather was sunny, and no traffic accidents or special incidents occurred during the survey. While fixing the counters at 

the site, the road was closed, and traffic was stopped, i.e., the road section was empty at the start of the count. All counters were synchronized before the start of 

the survey to read the same time in all counters.  

 

Description of Collected Data: 

The AC unit records data and gives a report containing various measurements such as vehicle identification code, time, speed, headway, vehicle 

classification, etc. Table 2 presents a sample of some data recorded by one counter. In this table, Vehicle no. 808 is classified as SV (passenger car) with two axles 

and speed of 73.2 km/h. The following vehicle (no. 809) is classified as a truck (ART5) of five axles and the following vehicle (No. 810) is a passenger car moving 

behind the truck, the headway in front of this vehicle is 2.8 sec. 

 

  

a) Layout of the AC tubes and RSU for one lane    b) Layout of the four AC devices 

Fig. 1: Setup of Four Automatic Counters at Site 

 

Table 2: Sample of Reported Data From Automatic Counters 

Serial No. Time at crossing 
Speed 

(km/h) 

WBa 

(m) 
Headway (sec) No. of Axles Classb Vehicle axle configuration 

807 9:59:48 73.4 2.5 2.1 2 SV o o 
  

808 9:59:51 73.2 3.1 2.9 2 SV o o 
  

809 9:59:58 56.1 13.9 6.8 5 ART5 o o ooo 
 

810 10:00:01 55.3 2.7 2.8 2 SV o o 
  a WB = wheelbase, bSV = passenger or saloon vehicle, ART5 = Articulated truck of 5 axles 

 

Validation and Consistency of Collected Data: 

In order to evaluate the accuracy of the proposed data collection framework, the traffic movement was also recorded for two hours using a video camera, and 
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the collected videos were manually inspected and compared with corresponding counts obtained from automatic counters. The first check was made on vehicle 

classification. The AC data gave 7.9% heavy vehicles while video data gave 8.1%. The difference between two estimates is negligible and could have been 

resulted from incidents of a large truck being classified by the AC devices as multiple light vehicles. However, a statistical t-test was performed to examine this 

difference and check whether both data sets have equal percentages of heavy vehicles. The results indicated that this difference is not significant at 5% significance 

level, confirming the accuracy of vehicle classification obtained by AC devices. The second check was made on measured speed over the road section, and the 

comparison is shown in Figure 2. Details of these statistical tests and other validation tasks can be found elsewhere [22].  

The figure shows that the two measured speeds are almost identical except at low speeds where the speed measured by AC devices was slightly higher than 

that obtained from the video. A similar t-test was made on the hypothesis that both data sets have equal means, and the test confirmed that the difference between 

the two means is not significant at the 5% level. The figure shows that the two measured speeds are almost identical except at low speeds where the speed 

measured by AC devices was slightly higher than that obtained from the video. A similar t-test was made on the hypothesis that both data sets have equal means, 

and the test confirmed that the difference between the two means is not significant at the 5% level. 

 
Fig. 2: Comparison of Speeds Obtained from AC Devices and Video Camera 

 

Aggregation Of Collected Data: 

The collected data were subdivided into subsets of equal periods (Δt). Measurements within each period were aggregated to give average speed, flow, and 

density. Obtaining the average density for a given time period (Δt) was a complex process because it required further analysis of the time at which vehicles enter or 

leave the road section during that time period. A Visual Fortran Program was designed to automate reading the entry and departure times of all vehicles and 

calculating the number of vehicles (Ni) occupying the road section at any point of time (Ti). This number is then used to calculate the traffic density on the road 

section at that time. A weighted average density over time is then calculated for the whole aggregation period (Δt). The flowchart in Figure 3 depicts the general 

logic used to compute the number of vehicles (N i) located in the road section at a given time (Ti).  As previously mentioned, the traffic was stopped while fixing 

the automatic counters on the road. Accordingly, and as shown in Figure 3, the number of vehicles (Ni) is set zero at the beginning of the survey (i.e., Tnow = 0). 

 

Determining the Aggregation Period: 

The selection of the size of aggregation period (Δt) is essential because there is a tradeoff between the total number of intervals and the number of vehicles to 

be aggregated in each interval. A short interval yields a large number of periods with fewer vehicles to be used for calculating average values for each period. On 

the other hand, a long interval results in less number of data points and a larger number of vehicles in each interval. The use of short period has the advantage of 

maintaining close pattern of traffic condition over time. In other words, the assumption that the speed profile does not change over time is more likely to hold only 

over shorter aggregation time [23]. The size of aggregation period was investigated through regression analysis performed on data using several sizes of 

aggregation periods (Δt) ranging between 0.5 and 15 minutes.  For each interval, the number of samples from both lanes and the average number of vehicles per 

sample were computed as shown in Table 3. For the 30-sec aggregation period (Δt = 0.5 min), for example, there were 1920 data subsets or samples, each has an 

average of 8 vehicles. A regression analysis was performed on aggregated data of each interval to identify the model that best fits these data. For all intervals, the 

exponential model, having the general form in Eq. 15, was found to be the most appropriate model (To be discussed later). 

 

                          (15) 

 

Where model parameters (a, b) were estimated from collected data as shown in Table 3 together with the goodness of the regression fit (R2). The coefficient 

(a) is typically the free flow speed (Vf), which is significantly high for large periods (about 160 km/h for Δt of 15 min). Results also show that large intervals 

produced a significantly low estimate of lane capacity (about 1230 pcu/h for Δt of 15 min). The optimum density associated with long intervals was relatively low 

while the optimum speed was relatively high. In view of these results, small intervals up to 2.5 minutes were considered more appropriate for data aggregation and 

maintaining the speed profile of data collected from the site. Further sensitivity analysis was performed on these models to determine the key traffic characteristics, 

namely, density at capacity (Ko), speed at capacity (Vo), and estimated lane capacity. These are also shown in Table 3 and depicted in Figure 4. 
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Fig. 3: Methodology Used for Counting Vehicles in the Road Section 

 

Table 3: Impact of Aggregation Period on Flow Parameters 

Δt 

(min) 
No. of intervals 

No. of vehicles per 

interval 

Parameters of Exponential Model  Optimum density, 

pcu/km (Ko) 

Optimum speed, km/h 

(Vo) 

Lane capacity 

(Pcu) a b R2 

0.5 1920 8 111.4 -0.023 0.91 43 40.6 1746 

1 960 16 118.2 -0.026 0.83 39 42.7 1667 

2.5 384 39 121.5 -0.029 0.84 35 44.2 1547 

5 192 78 130.9 -0.035 0.87.  29 48.0 1393 

10 96 156 152.6 -0.048 0.85 21 55.4 1162 

15 64 234 159.3 -0.052 0.86 19 59.4 1129 

 
 

a) Free flow speed versus interval size b) Optimum density versus interval size 

  

 

c) Optimum speed versus interval size d) Lane capacity versus interval size 

Fig. 4: Flow Parameters Versus Aggregation Interval Size 
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Developing Speed-Density Relationship Model: 

Data aggregated for 30 secs were utilized for fitting the speed-density relation using 11 different models. Fitting the data for the parametric models is a 

straightforward task due to the availability of the mathematical form for these models. Conversely, the non-parametric models embrace a set of hyper-parameters 

that cannot be tuned during the training phase and needs to be tuned in advance.  Accordingly, two combined techniques: (1) Grid search and (2) Ten-fold cross-

validations were performed to tune the hyper-parameters of the non-parametric models while fitting these models, as described in the next section 

 

Tuning the Hyper-Parameters for Non-Parametric Models: 

The Decision Tree and XGB models were developed using the K and Q as input variables for detecting the pertinent V value according to the following 

model: 

 

                           (16) 

  

Decision Tree: 

The Tree model is tuned for the depth (D) values, where D is the maximum number of successive nodes/splits in the tree and is equivalent to the maximum 

possible depth of the tree. This parameter accounts for modeling interactions between the input variables.  

 

XGB: 

In addition to the D value, the XGB is tuned for two other hyper-parameters, namely, the number of trees (T) and the learning rate (L).  The value of (T) 

indicates the number of trees contained within the model and to be averaged. Since the (T) value is proportional to the processing speed, then selecting the smallest 

value needed to model all variations within data is more efficient in terms of computational speed. Finally, L is the learning rate (0 <L< 1), which shrinks the 

contribution of each successive tree by the value of (L).   

 

Grid search and Ten-Fold Cross-validation: 

In order to tune the hyper-parameters for the two algorithms, a combination of ten-fold and grid search techniques is applied.  The Grid search is an 

exhaustive search through all possible combinations of values for the hyper-parameters within a defined space to identify the optimal combination.  In this study, 

the space of the hyper-parameters was defined as D ϵ [1, 2…20], T ϵ [1, 2... 300], and L ϵ [0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05, 0.1, 0.5]. The grid search is 

guided by a ten-fold cross validation technique in which the data is divided into 10 subsets.  Then, the model training is performed using 9 subsets and validation is 

done using the remaining subset.  This is repeated 10 times by changing the validation subset.  For each trial, the R2 measure is obtained, and the average R2 value 

is then obtained for the ten trials to evaluate the model performance. Figure 5 visualizes the structure of the best fitted Decision Tree, where the maximum (D) 

value is seven. 

 

 
 

Fig. 5: Illustration of the Best Decision Tree 

 

Fitting the Speed – Density Models: 

Table 4 summarizes the fitted parametric and non-parametric models. The outcomes of this analysis indicate that the exponential model was superior to all 

other models and provided the best fit of aggregated data with R2 of 90.8% followed by the XGB and Decision Tree models with R2 of 88.3%, and 82.2% 

respectively. The best exponential model shown in Table 4 is expressed in Eq. (17) and indicates a free flow speed of 111.4 km/h 

 

 

 

Speed at 
Each leaf 
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                                  (17) 

 

Multiplying the model in Eq. 17 by the density (K) gives an equation for computing the traffic flow as a function of the traffic density (K) as shown in Eq. 

18.  

 

                                   (18) 

 

Where Q is the traffic flow in pcu/h. Taking the first derivative of this equation with respect to (K) and equating it to zero gives the density corresponding to 

the maximum flow. This density is known as “optimum density (or Ko)” and is equal to 42.7 pcu/km/lane. Substituting with this optimum density in Eq. (17) gives 

a maximum value of Q (or lane capacity) of 1750 pcu/h. This capacity is almost the same as the maximum flow rate measured at site when the flow rates are 

averaged over 2.5 minutes sampling interval. Substituting with the optimum density (Ko) of 42.7 in Eq. (17) gives the optimum speed (Vo) of about 41 km/h.  

 

Table 4: Regression Analysis of Aggregated Speed - Density Data 

No. Deterministic model Mathematical form R2 

1 Greenshields' model          
 

     
  45.0% 

2 Greenberg model (Logarithmic)            
   

 
  72.6% 

3 Underwood model (Exponential)           
  

     
 

90.8% 

4 Northwestern model      
 
 

 
 
 

  
  

 69.2% 

5 Drew model (with n = 0)           
 

    
 

 

 

  45.0% 

6 Pipes-Munjal model (with n = 2)           
 

     
 
 

  22.9% 

7 Quadratic model                         68.7% 

8 Power model                 69.3% 

9 Van Aerde model   
 

 

     
         

 79.0% 

10 Decision Tree D = 7 82.2% 

11 XGB D=4, L=0.05 , T=34 88.3% 

 

Investigating The Impact Of No Lane Discipline: 

For a better understanding of the impacts of no lane disciple on the speed-density relation, the best model fitted in this study was compared with two local 

models previously developed in Egypt for similar traffic conditions (no lane discipline) [7,8].  Moreover, the developed model was also compared with the 

associate speed-density model provided by the HCM for homogeneous traffic conditions. 

 

Comparing Developed Model with Local Models in Egypt: 

The developed model that best fits the aggregated data was compared with two local models [11, 12], previously developed in Egypt under no lane discipline 

conditions. A general comparison is established among the three models in terms of the parameters of each model as well as the road sections considered in each 

study. This comparison is summarized in Table 5. As shown in this table, the speed at capacity (or optimum speed) is relatively low and ranges between 28 km/h 

(for free flow speed of 90 km/h) and 41 km/h (for free flow of 110 km/h). It was noticed that this speed varied proportionally with the “posted speed” limit rather 

than the “free flow speed”. The optimum density is also inversely proportional to the posted speed limit. However, it can be pointed out as a general trend that sites 

with higher speed limit and free flow speed experience relatively higher speed and lower density at maximum flow condition, whereas sites with lower speed limit 

and free flow speed experience relatively higher density and lower speeds when operating at capacity. This indicates that drivers traveling at sites with higher 

speed limit or free flow speed keep relatively higher traveling speed even at capacity. This results in relatively more spaces between vehicles, which yields 

relatively less density. In fact, a study conducted in Spain [23] reported that the lower the speed limit, the higher the occupancy (or density) to achieve a given 

flow. 

 

Table 5: Comparison of Local Models Developed in Egypt 

Item Model 1(EL-Adawi, M., 1993) Model 2 (Thabet, O.A., 2010) 
Model 3 

(New model in Eq. 17) 

Posted speed limit (km/h) 70 80 90 

Free flow speed (km/h), Vf 90 85 110 

No of lanes per direction 2 4 2 

Method of data collection Video Video Automatic counters & video 

Optimum speed (km/h), Vo 28 31.4 41.0 

Opt. density (pcu/km/lane), Ko 64 56 42.7 

Lane capacity or maximum flow rate, Qmax (pcu/h) 1790 1760 1750 

 

Comparing Developed Model with the HCM speed-density model: 

Despite the difference in free flow speeds of the three models shown in Table 5, the lane capacity or maximum flow resulted from the three models was 

nearly the same and ranges between 1750-1790 pcu/h. This lane capacity reflects the traffic condition in no lane discipline environment, which is relatively less 

than the lane capacity reported for homogeneous traffic conditions with strict lane discipline on multilane highways [9, 24].. For example, the lane capacity 

suggested in the HCM 2010 for similar conditions of road geometry and free flow speeds ranged between 2050 and 2200 pcu/h. This capacity is about 1.16 - 1.26 

the capacity shown in Table 5 for non-homogenous traffic movement. In other words, lane capacity of heterogeneous traffic condition due to the absence of lane 

discipline is about 80 - 85% of the capacity in homogeneous conditions for free flow speed ranging between 110 and 90 km/h.  The reduction in lane capacity due 

to lack of lane discipline traffic condition was reported in some studies conducted in other developing countries [4]. 

 

Conclusions And Future Work: 

This paper evaluates various models for fitting the speed-density relation for traffic flows with no lane discipline. The absence of lane discipline is very 

common in developing countries, where most drivers do not respect the lane marking if present. All common parametric models (statistical based) in addition to 

two innovative non-parametric models (data mining based) namely, decision trees and XGB were evaluated.  The results indicated that the exponential model 

produced the best fit of aggregated data followed by the XGB with R2 value of 91% and 88% respectively.  Finally, the parameters of the best-fitted (exponential) 

model were further inspected and compared to other models for identifying the impact of the no lane discipline. 

The exponential speed-density model was utilized to express the flow rate as a function of the density, which resulted in a maximum flow rate of 1750 pcu/h. 
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This capacity was about the same value of maximum flow obtained from field data and is about 80% of the lane capacity reported in the HCM for homogeneous 

traffic condition. The lane capacity obtained from other models developed in Egypt for free flow speed of 90 km/h is about 85% of the HCM lane capacity 

considered for homogeneous and lane-based conditions. Based on this analogy, it is suggested that a factor of 0.8 – 0.85 can be used when applying the HCM 

procedure in estimating the saturation flow rate for non-homogenous traffic conditions, depending on the free flow speed on the road. 

Overall, this paper provides a theoretical and practical support for highway traffic-operations designers in Egypt and other similar developing countries.  For 

instance, verifying that the exponential model best fits the speed-density relation providesthe highway engineers, researchers, and practitioners with the needed 

knowledge for understanding how a shock wave propagates through traffic on highways with similar conditions. Additionally, the calibration factors suggested in 

this study allows more efficient implementation of the HCM speed-density models in developing countries, where lane discipline is absent, for highways design 

and for calculating more accurate and realistic values for the highwayslevel of service.  Further research is needed to evaluate the exponential model ondifferent 

highwayswith similar traffic characteristicsusing a wider set of traffic field data sources. This will help in assessing the model’s accuracy and stability for fitting 

the speed-density relation under different congestion conditions. 
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