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@ ABSTRACT
@ A macroscopic fundamental diagram (MFD) is an important basis for road network research.
It describes the functional relationship between the average flow and average density of the

This work is licensed road network. We proposed an MFD estimation method based on the traffic flow condition.

é’;‘iﬁ:nigsri‘tttlrvizuﬁon 40 Firstly, according to statistical theories, the road network data are divided into three traffic

International License flow conditions (free flow, chaotic and congested) bounded by a 95% confidence interval of
the maximum traffic capacity of each intersection in the road network. Then, in each condi-
tion, we combined principal component analysis and the Jolliffe B4 method to reduce dimen-

Faculty of Transport . . .- . . .

and Traffic Sciences, sion for extracting crltlcgl intersections. Finally, the full-scale dataset Qf the road r}etwork

University of Zagreb was reconstructed to estimate the road network MFD. Through numerical simulation and
empirical research, it is found that the root mean square error and absolute percentage error
between estimated MFD and true MFD considering the traffic flow condition are smaller than
those without considering the traffic flow condition. The MFD estimation and the division of
the traffic states of the road network were completed at the same time. The proposed method
effectively saves the time cost of road network research and is highly accurate.

KEYWORDS
macroscopic fundamental diagram; traffic state; confidence interval; principal component
analysis; Jolliffe B4 method.

1. INTRODUCTION

With the development of technology and the improvement of people’s living standards, vehicle ownership
is also increasing, and the problem of urban traffic congestion is becoming a focus of attention, and how to
alleviate it has become an important research direction. Seo et al. [1-3] tried to solve the traffic congestion
problem on a road by estimating the traffic flow condition and fundamental diagram from probe vehicle data.
As for the congestion of complex urban road networks, it is not enough to solve the local road congestion,
but it is necessary to use a macroscopic fundamental diagram (MFD) to characterise the network capacity and
determine the traffic flow conditions.

Godfrey [4], Ardekani, Herman [5] and Mahmassani et al. [6] were the first to propose the MFD based on
a road network consisting of multiple sections to describe the relationship between average flow and average
density. Starting from the overall structure of the road network, Geroliminis and Daganzo [7] proved the exis-
tence of MFD through empirical research in Yokohama, Japan. Courbon [8] and Saberi [9] used loop detector
data to estimate the MFD. Tilg et al. [10] also proposed the method of cuts and stochastic approximation to de-
rive MFD, but they only approximated and fitted the detector data of the main road as the MFD of the network.
There are also researchers who estimated MFD from probe vehicle data, such as Nagle et al. [11] who investi-
gated the accuracy of estimating the average flow and average density in a network with a priori known probe
vehicle penetration. Knoop et al. [12] used a large dataset of aggregated probe vehicles provided by Google to
present a well-defined and clear (with low dispersion) MFD for the Amsterdam network, but the probe vehicle
data could only provide partial values for MFD estimation, and these studies were based on a uniform distri-
bution of vehicles in the network. In addition, Lin et al. [13] proposed an MFD estimation method that fuses
probe vehicle data and loop detector data, Paipuri et al. [14] divided the network into homogeneous areas by
geographical location and then used the trajectory data recorded by cell phones to estimate the parameters of
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MFD, these studies based on other data sources not only require prior knowledge of the penetration rate but
are also limited by the large amount of available trajectory data. Saffari et al. [15] reconstructed the average
flow and average density by extracting the critical links from the road network, and although the requirement
of data was reduced, this approach was only validated in simulation.

There are also differences in the use of different research methods to determine the traffic states. Kerner et
al. [16, 17] based on the measured data of free flow and congested two-phase traffic flow, the traffic states are
distinguished as free flow, synchronised flow and wide moving jam. For example, Xu et al. [18] introduced
network operation efficiency, and Liu et al. [19] proposed the standard deviation of the number of vehicles
in all road sections to identify the traffic states of the road network as free flow, optimal accumulation and
congested. Lin [20] combines unsupervised clustering analysis methods and supervised machine learning algo-
rithms to distinguish the traffic states of the road network into four types, namely smooth, stationary, congested
and supersaturation, but these studies are premised on complex calculations.

In this paper, an estimation method based on the traffic flow condition is proposed to estimate the MFD
of the whole road network with as few intersections as possible. Specifically, based on the data collected by
detectors installed at every intersection on the road network, the traffic flow conditions are divided into free
flow, chaotic and congested by the 95% confidence interval of the capacity density. Principal component
analysis (PCA) and Jolliffe B4 method [21] are used in each condition to extract the critical intersections, and
then reconstruct the full-scale data of the whole road network based on PCA mechanism, and the road network
MFD with three states is estimated. Through the confidence interval in statistical theory, the three processes
of estimating the MFD, the maximum traffic capacity and determining the traffic state are linked, and the traf-
fic states are further refined. The method reduces the computational complexity and improves the estimation
accuracy.

The rest of the paper is organised as follows: Section 2 introduces the theoretical method without con-
sidering the traffic flow conditions of the road network. Section 3 estimates the MFD considering the traffic
flow conditions, and verifies the effectiveness of the method through numerical simulation. Section 4 verifies
the feasibility of the proposed method by practical application in two cases. Section 5 concludes the research
results and the future directions.

2. THE DIMENSIONALITY REDUCTION METHOD FOR MFD ESTIMATION

This section introduces the theory of the method presented in this paper and considers the influence of dif-
ferent traffic flow conditions on the extraction of critical intersections. The method includes both training and
testing processes. The core of the training process is to extract the most representative intersections from the
road network by PCA and Jolliffe B4, which are called critical intersections. The core of the testing process is

to reconstruct full-scale macroscopic traffic data.

2.1 Traffic flow conditions division

Under different traffic flow conditions, the critical intersections that are representative of the road network
may vary. In order to ensure the estimation accuracy of MFD as much as possible, the critical intersections are
extracted by conditions presented in this paper. Only two traffic flow conditions (uncongested and congested)
can be observed, while in theory there are three states: free flow, breakdown and congested [22]. In this paper,
we divide the traffic flow conditions by the concept of 1—a confidence interval of the data indicators and ex-
tract the datasets of three traffic flow conditions in the network separately for the subsequent analysis.

Assuming that an intersection p on the road network has a flow-density relationship as in Figure 1, it cor-
responds to a maximum capacity (4, kcp), q, and kcp denote the capacity flow and capacity density through
the intersection p, respectively, and p=1,2,...,P denotes a total of P intersections on the network. Consid-
ering that breakdown is a hard-to-observe state between free flow and congested, it usually corresponds to

(k, — Ak, .k, +Ak,) in Figure 1. (0,k,, —Ak,] represents the free flow state, [k, + Ak, k) represents the

congested state. In this paper, we take the 1—a confidence interval of the capacity density at each intersection
to determine the size of Akp, which is expressed as follows:
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where u,_,,, represents the 1—a /2 -quantile of the normal distribution, o, and n, represent the standard de-
viation of density and the number of data samples at the intersection p, respectively.

The capacity and traffic flow conditions are related to each intersection of the road network, and each
intersection may have three traffic states: free flow, breakdown and congested. Daganzo and Geroliminis [7]
proposed that a sufficient condition for the existence of MFD is that the traffic flow conditions are homogene-
ous in time, which means all intersections of the road network are in the same state in time. If all intersections
are in the free flow state, then it is considered as the free flow condition of the road network. Similarly, if all
intersections are in the congested state, then it is considered as the congested condition of the road network.
When there is more than one state, it is called the chaotic condition of the road network. Since the capacity of
each intersection may be different, in order to ensure that all intersections are in the same state in time, and to
facilitate the subsequent PCA, we calculate &, =min(k,, —Ak,), k, = max(k,, +Ak,), where p=1,2,...,P. In the
following, three conditions of the road network are divided, namely free flow, chaotic and congested.

Step 1. Extracting the free flow condition. Samples with a density less than &, at each intersection at the
same time were extracted and recorded as K , and their corresponding flows were recorded as Q.. Both of them
form the free flow condition.

Step 2. Extracting the congested condition. Samples with density above £, at each intersection at the same
time were extracted and recorded as K, and the corresponding flows were recorded as Q , which together form
the congested condition.

Step 3. All data except the above two conditions are classified as the chaotic condition, the flow and density
were denoted as O and K , respectively.

After the traffic flow conditions division, the following analysis is performed on each condition separately
to estimate the MFD of the road network. This division method considers not only the capacity of each inter-
section but also the temporal characteristics of the traffic data. It should be noted that not all intersections of
the road network will have a flow-density relationship as in Figure 1, but they will all have a maximum capacity.
The method presented in this part only serves to divide the state datasets and does not affect the results of the
research, so it is acceptable.

2.2 Flow-density function piecewise fitting in actual traffic

In actual traffic, there are different functions of flow and density at different intersections, and it is usually
fitted by all traffic flow conditions at each intersection. However, different traffic flow conditions may have
different functions, and it is less accurate to use the same function to fit all datasets at the intersections. In this
paper, the flow-density functions are piecewise fitted under each state, that is, each intersection in the training
set is fitted separately by the state to prepare for the reconstruction of the data in the subsequent testing process.

2.3 MFD of road network

Definition. Corresponding to each time interval ¢, the detector will have the measured values of flow and
density. The average flow Q(¢) and average density K(¢) can be calculated as follows:
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o) = Sl K(t)= S o

where ¢ (7) and k(?) respectively represent flow and density of intersection i within time interval ¢, with the
length /. and number of lanes n..

Assumption. MFD is a function relationship of average flow and average density, expressed as
0() = f(K () 3)

where the shape of function f{*) is affected by demand mode, control strategy, network attributes and
driving behaviour, and its specific function form is determined by the road network.

The true MFD on the road network can be calculated if the flow and density of all intersections are
known. Considering the high installation and management costs of detectors and the large compu-
tational effort of the MFD, we often wish to estimate it based on data from only a few intersections.
However, if different intersections are selected in the network, the average flow and density may
also be different. Take a region in the Guanshan Lake District of Guiyang as an example (Figure 2),
the red marks the 12 intersections where detectors are installed in this small area, and the true MFD
is calculated as shown in the black scatter in Figure 3. If only 5 intersections are randomly selected,
the calculated MFD may be different from the true MFD. In Figure 3, except for the black, each colour
represents the MFD calculated by random extractions. After 10 extractions, it shows a high level of
scatter in the resulting MFDs. In order to obtain a unique and consistent MFD for the road network,
it is important to extract the critical intersections that best represent the macroscopic traffic character-
istics (flow and density, etc.) in the network.
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Figure 2 — The region road network of Guanshan Figure 3 — 10 random extractions of MFDs at 5 critical intersections
Lake District in China map and the true MFD at 12 intersections

2.4 Critical intersections extraction

The premise of this research is that there are critical intersections in the road network that can best represent
the macroscopic traffic characteristics of the whole network. Considering different traffic flow conditions, site
characteristics and other factors, there may be some differences in critical intersections, which will not affect
the final results.

PCA is one of the most common unsupervised learning algorithms and the most popular technique for di-
mensionality reduction or feature selection. PCA was first proposed by Pearson [23] and Hotelling [24], and
has since been widely used as a tool when dealing with large datasets. PCA is essentially a projection of the
original variables onto a new subspace, which reduces a large number of interrelated variables in a dataset
to a small set of uncorrelated variables while retaining as much information as possible. This is achieved by
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projecting the original variables onto a new subspace. The new variables in this subspace are called principal
components (PCs), which are linear combinations of the original variables, while the PCs are ordered by the
amount of information captured. Thus, the first PC captures the maximum variability in the original dataset
and uses a new variable to represent this. Subsequently, the other PCs consider decreasing the values of the
remaining variables in the original dataset. Suppose that a data matrix is X,,,,, the rows correspond to obser-
vations, the columns correspond to variables, and the p variable is a vector of M observations represented by

A
X, As mentioned, PCA defines a linear combination of variables as Zupxp, which are uncorrelated, where
p=l
u, is a vector of constants. The following steps summarise the PCA algorithm:
Step 1. Standardised data. There may be differences in the values at different intersections. To integrate
the data to a level, perform the following operations on each element xmp(p:1,2,. ..,P, m=1_2,...,M) in matrix
X

MxP |

x=" tr )

where x constitutes the standardised data matrix X, 1, denotes the mean value of a variable p and o, denotes the
standard deviation of a variable p.

Step 2. Calculate the covariance matrix.

§= %XTX (5)

Step 3. Decompose the covariance matrix § and obtain the eigenvalues and eigenvectors.

Step 4. The eigenvalues are ordered in descending, and the first D eigenvalues {ﬂd}D and their corre-

. . D d=1
sponding eigenvectors {ud} . are selected.

Step 5. The D-dimensional projection of the original data is given by Z=XU, where U=[u,,...,u,] is PxD
and Z is MxD.

Principal component analysis can reconstruct the dataset of the original dimension through the selected
feature vectors, so as to reconstruct the original variables, that is X=ZU" . If P=D, the reconstructed original
variable is accurate. If P>D, the original variables of reconstruction are approximate. The closer D is to P, the
more accurately the original variable is reconstructed. If each feature vector can be associated with a variable
(intersection) in the network, then the variable can be used to approximate the feature vector (principal com-
ponent) in the road network. This rule will be used to extract critical intersections later.

Jolliffe [21] proposed a total of eight methods A1, A2, B1, B2, B3, B4, C1 and C2 for eliminating redundant
variables. A1 and A2 involve multiple correlation coefficients when removing variables, B1, B2, B3 and B4
use PCA to remove variables, C1 and C2 use cluster analysis to remove variables. Each method has its advan-
tages and disadvantages, depending on the purpose of the studies. Here, in order to find the overall character-
istics of the dataset, the B4 method was chosen, which involves associating a variable with the first N PCs and
retaining this variable, as described in detail in the following steps.

Step 1. Initialise the set of critical intersections C = ¢, and choose the number N of PCs. The number of PCs
and critical intersections is always the same in this paper. Set n=1.

Step 2. In each PC, the weight of each variable is related to the value of the eigenvector. The intersection
corresponding to the highest absolute value in the eigenvector U, , is selected.

Step 3. If peC, go to Step 4. Otherwise, add p to the set C, go to Step 5.

Step 4. Find the intersection p corresponding to the second highest absolute value in u , go to Step 3. In
other words, the variable (intersection) is chosen to have the largest coefficient in the considered eigenvector,
which has not been associated with the previously considered eigenvector.

Step 5. Set n=n+1,1if n< N, go to Step 2. Otherwise, finish the procedure. The last element in C are the
extracted critical intersections.

After extracting the critical intersections, in order to reconstruct the full-scale dataset from several PCs,

it needs to use the observations from critical intersections to approximate the PCs. Assuming that N critical
intersections are selected, the regression models are developed.
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20 =B+ Bx; + Bux, +oF BiyXy
. (6)

Zy = By + B+ BuyXy +o+ By Xy

where x, x,,..., x,, represent the observations from N critical intersections, z , z,,..., z, are approximate esti-
mates of the PCs, they may be different from the actual PCs. However, these approximations are produced
using a limited number of variables after discarding redundant variables and retaining critical variables. The
regression model is given in the equation, representing the relationship between approximate PCs and critical
intersections, without collecting data from all intersections. Note that these regression models are developed
as part of the training process.

2.5 The road network dataset reconstruction

Through the above mentioned training process, detector data are collected from the extracted N critical
intersections, which are used to reconstruct the full-scale data of all intersections.

21 :ﬂl +:Bn)%| +ﬂ12£2 +'”+ﬂ1N)%N
' (7
2N = ﬂN +ﬁN1£I + ﬂszcz +ee +IBNN'£N

where Z,,2,,...,Z, represent the approximate PCs based on the test dataset, respectively. # denotes the param-
eters of the regression model during the training process, and x,,X,,...,X, denote the data collected from N
critical intersection in the test dataset. Reconstruction of the traffic information matrix based on the principle
of PCA through the approximate PCs equation is as follows.

Y=~ ZxU'xXS+1-u (8)

where ¥ is a MxP matrix of traffic information, Z = (Z)5%5»--»2y) 18 @ MXN matrix of updated PCs, and U”"
is a NxP matrix of eigenvectors. Because the data were standardised before the PCA, each variable was mul-
tiplied by its own standard deviation and the mean was added. Where X= ah'ag{a1 ,0,, -,GP} , I denotes the
M-dimensional unit column vector, u = (4, i,,..., ) 1S the mean vector, to restore the original magnitude of
each variable. Finally, the MFD is calculated based on the reconstructed traffic information matrix ¥.

The reconstructed data ¥ are generated based on finite variables after removing redundant variables and
retaining critical variables. Equation 7 shows that datasets of original dimensions can be reconstructed by col-
lecting data from critical intersections, rather than all intersections.

2.6 Discussions of the MFD estimation effects

In order to assess the accuracy of the estimated MFD and to quantify the closeness of the estimated results
to the true MFD the following is presented. This paper uses root mean square error (RMSE) to measure the
absolute magnitude of the deviation of the true value from the estimated value and mean absolute percentage
error (MAPE) to measure the relative size of the deviation of the true value from the estimated value.

In this paper, three different measures of RMSE are used to calculate the estimation errors of average flow,
average density and MFD. The first two measures are RMSE of the average flow and average density during
the measurement period 7, which are calculated as follows:

Y(0-0Y

t=l1

RMSE(Q) = ., RMSE(K)=

)

T

where Q[ and Q represent the estimated and true average flow in time interval #, respectively. K , and K| rep-
resent the estimated and true average density in time interval ¢, respectively.
The third measure was proposed by Nagle and Gayah [11] to calculate RMSE for MFD, which considers

the estimation accuracy of both the average flow and average density, that is, the accuracy of the MFD on the
road network, which is calculated as:
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A 2 A 2

i (Qt _QzJ +(Kt _Kt\]

t=1 Qc K J
RMSE(Q,K) = T (10)
where K represents the maximum value of density, it is approximated as the average of the three largest
density values. O indicates the network capacity or the maximum flow value.

In contrast to RMSE, MAPE is not susceptible to extreme values, and it uses percentages to measure the

magnitude of deviations. The following two measures are used to calculate the estimation error of average flow
and average density, respectively.

Qt _Qt

t

K -K,

T
-100% » MAPE(K) = %Z

t=1

MAPE(Q) = %Z

t=1

100% (11)

t

where Q , 0, I%t and K have the same meaning as in Equation 9.

Both of these measures are used only for model evaluation and not for model construction, while RMSE is
used to determine the variance by combining the scale of true values and MAPE is used to measure the vari-
ance by percentages, both of which cannot be used in isolation from specific application scenarios and datasets.

3. NUMERICAL SIMULATION RESEARCH

Suppose that the flow and density at each intersection on the network satisfy the original fundamental dia-
gram relationship proposed by Greenshiled [25], according to which the traffic data at all intersections in the
entire network are simulated, that is, the flow and density at the intersection satisfy the following relationship,

u. .
6=kl =)+ e, i=12,..P (12)

Jt

where ¢, and &, represent the flow and density of intersection i, respectively. u, denotes the free flow speed at
intersection i, kﬁ denotes the jam density at intersection 7, and P denotes the total number of intersections in-
cluded in the network. ¢, is a flow-dependent random disturbance to describe the possible noise in the system
or observation, and ¢, may take different values at different intersections. Previous research has shown that
flow follows a normal distribution, and considering the actual traffic characteristics, set & ~ N(0,10), the re-
maining traffic parameters are set as u; €[70,90], &k, =50 and n=20. According to the general experience, the
morning and evening rushes usually occur at 07:00-10:00 and 16:00-20:00 in a day, so the day is divided into
5 time periods (before the morning rush, the morning rush, after the morning rush and before the evening rush,
the evening rush, after the evening rush) to simulate the data, all intersections are recorded at 5 min intervals.
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Figure 4 — The true MFD and MFDs from random extraction of numerical simulation
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The flow and density of all intersections in the network (denoted as Road1-Road20) for one day were gen-
erated by setting five different seeds to generate five days of data. The first four days were used as the training
set, denoted as day 1, day 2, day 3 and day 4, and the last day was used as the test set, denoted as day. In Figure
4, where black represents the true MFD, and each colour represents an extraction, the MFD is different for ex-
tracting different intersections. Subsequently, the proposed method will be used to analyse the simulated data
to estimate the consistent MFD of the road network.
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According to the 95% confidence interval of the capacity density of each intersection, the data of each
intersection in the training set are divided into traffic flow conditions. There are 1,152 pairs of data at each
intersection, among which data of flow and density recorded every 5 min are collectively referred to as a pair
of data. The final dividing result is that 689 pairs of data at each intersection are in the free flow, 286 pairs are
in the congested, and 177 pairs are in the chaotic. On the basis of the traffic theory, this method of traffic flow
condition division is reasonable in view of the results shown in Figure 5. For each state, a functional relationship
is fitted to the flow-density for each intersection, and the coefficients are recorded for reconstructing the data
in the subsequent testing process.

169 -« - Free flow 0.5 - « - Free flow
14 Chaotic Chaotic
Congested 0.4 Congested
_ 124
=4 r——— 5034°
m 10 \ % \
wn * wn v
Z 8- T—. | S 02 T
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Number of critical insertion
b) RMSE (Q) for 2—6 critical intersections

Number of critical insertion
a) RMSE (Q) for 2—6 critical intersections

Figure 7 — RMSE for different number of critical intersections

In the three state datasets, the density of each intersection is used as a variable for PCA. The number of
PCs determines the number of critical intersections, which cannot be too large or too small and must meet the
conditions in actual analysis. Figure 6 shows the cumulative variance contribution of the first 12 PCs in each
state, and their values are all above 95%. The cumulative variance contribution of the 2—6 PCs increases more
rapidly than the other PCs, and from the 7 PCs onward, the cumulative variance contribution of each principal
component does not change much, so the 2-6 PCs can be extracted for the following analysis. After extracting
the PCs, the Jolliffe B4 method is applied to extract the critical intersections in each condition separately, and
the number of PCs corresponds to critical intersections. Then, the regression model of PCs and critical inter-
sections is constructed and used to update the principal component matrix.

In the test set, a total of 288 pairs of data in every intersection were divided into different traffic flow condi-
tions by the same method in the training process, where 170 pairs of data from each intersection were divided
into the free flow, 73 pairs of data were divided into the congested, and 45 pairs of data were divided into the
chaotic. The critical intersections data in each state were extracted from the test dataset and brought into the
training process to reconstruct the density data of the whole road network. According to the flow-density re-
lationships of each intersection in the training process, the flow of all intersections are also reconstructed. We
calculated the average flow and average density in the three conditions, and the RMSE between the true and
estimated values of the 2—6 critical intersections were calculated respectively. The RMSE of the average flow
and average density are shown in Figure 7, with the increase of the critical intersections number, RMSE(Q) and
RMSE(K) in the three conditions generally show a downward trend. All RMSE values in the three conditions
are relatively small, and it is found that the selection of 5 critical intersections to estimate the MFD is the most
appropriate.

The average flow and average density estimated from the 5 critical intersections of each conditions are dis-
played in Figure 8, which shows that the estimated MFD overlaps almost exactly with the true MFD. The next
step is to measure the difference between the estimated MFD and the true MFD through MAPE(Q), MAPE(K)
and RMSE(K,Q). Computed that MAPE(Q)=1.68%, MAPE(K)=1.72%, RMSE(K,0)=0.0087, all three indica-
tors are relatively small, which means that the reconstructing effect of density and flow of the network is well,
and the estimation effect of MFD is also well. In conclusion, the algorithm proposed in this paper has high
accuracy. In addition, the traffic states of the MFD are also divided, when the average density in the region of
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K=<20.38, the traffic is in the free flow state; when the average density in the region of 20.38<K<29.00 the traf-
fic is in the chaotic state; when the average density in the region of K>29.00, the traffic is in the congested state.
When the average density is 24.85 veh/km, the maximum average flow of the road network reaches 1,002.59
veh/h, meaning that the maximum capacity of the whole network is 20,051.80 veh/h.

It is noted that the scale of the training dataset should not be too small, otherwise the critical intersections
that best represent the characteristics of the network cannot be extracted, which could have a significant impact
on the final MFD estimation. For example, if the training set in this section contains only 3 days of data, the
estimated MFD of the chaotic state will have some deviation from the true MFD. In addition, this method can
also be used to study and analyse the MFD of a particular state separately, which not only reduces the com-
plexity of the analysis process, but also has a high accuracy.

4. EMPIRICAL RESEARCH

To evaluate the MFD estimation methods considering traffic flow conditions, the empirical research is
based on actual traffic data. In this section, we estimate the MFD under the consideration of traffic flow con-
dition and without traffic flow condition, comparing the excellence of the proposed method, and verifying the
accuracy of traffic states discrimination by fitting the relevant traffic model.

This section of the research uses the flow and speed recorded by the detectors installed at 71 intersections
in Guanshan Lake District from the traffic management department of Guiyang, China. The locations of the
detectors at each intersection are like the general intersection shown in Figure 9, which is an intersection with
16 lanes and 4 directions. In order to avoid repeat recordings, the data collection process only records the data
coming into the intersection from the 4 directions (south, east, north and west) and not the data leaving. Al-
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Figure 9 — Detector locations for a general intersection
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though not all of the 71 intersections in Guanshan Lake District have 16 lanes and 4 directions, they all have
similar detector locations and collect data from all lanes of entering the intersection in each direction.

4.1 Data preprocessing

Considering the scattered locations of the measured intersections and the requirement of knowing as many
intersections as possible in the objective network in advance, only a small region of Guanshan Lake District
(Figure 2) is studied for the MFD estimation. Almost all the intersections in this region are equipped with de-
tectors, and the locations of the detectors are evenly distributed. Therefore, the dataset studied in this section
contains flow and speed for 13 intersections in the region from 13 to 17 April 2020, at 5 min intervals. One
of the intersections has more missing values, so it is not considered in the analysis, and only the remaining 12
intersections are analysed.

The missing values were first removed from the dataset at 12 intersections, and then the abnormal phe-
nomena were tested (e.g. a missing flow or speed data at the same intersection at the same time), and finally
the density is found by g=kv. Based on the actual traffic conditions, the length of the moving vehicles, the
safe driving distance of the vehicles, and the characteristics of the flow and density of the 12 intersections in
the region from 13 to 17 April, the data points with a density greater than 300 veh/km on 13 to 14 April are
considered as abnormal values. The data of 12 intersections in the region from 13 to 16 April were used as the
training set, and the data of 17 April were used as the test set, and only the training set contains abnormal data.
So the flow and speed data corresponding to the abnormal density locations in the training set were replaced
by the average of the flow and speed data at the same time on the other 3 days. The density is recomputed for
the replaced data, and the above explained process is the data preprocessing process.

4.2 Critical intersections extracting

Two boundary values k,=23.72 veh/km, k,=300.80 veh/km were calculated according to the 95% confi-
dence interval corresponding to the capacity density of each intersection, and there contains only two states:
free flow and chaotic (Figure 10). Since the number of lanes and directions are not necessarily the same for all
intersections in the network, the capacity of each intersection is recorded differently, which makes the two
boundaries, k and k,, differ significantly in value. In addition, the more lanes and directions there are at an
intersection, the higher the capacity of the intersection, and the higher the traffic flow condition boundary
value k, based on the capacity. The data with density values less than &, at the same time on each intersection
are classified as the free flow condition, and the remaining dataset is the chaotic condition. 176 pairs of data
belong to the free flow condition and 828 pairs of data belong to the chaotic condition.

800 — & Intersection of Guanshan West Road and Jinyang South Road

Guanshan East Road (Guizhou Provincial Procuratorate section)

Bihai South Road (Guiyang Third Middle School pedestrian crossing)

700 1 . Guanshan East Road (Guizhou Provincial Procuratorate pedestrian crossing)

Jinyang South Road (broadcasting network company pedestrian crossing)

Intersection of South Bihai Road and Tulip Road

Intersection of Jinyang South Road and Jianhu Road

Intersection of Bihai South Road and Xingzhu West Road

500 o « Qianling Mountain Road (Guiyang First High School No. 1 gate section)
Intersection of Jinyang South Road and Xingzhu West Road

4 Qianling Mountain Road (Guiyang First High School pedestrian crossing)

400 — ~ Bihai South Road (Experimental Primary School crosswalk)

600 —

Density [veh/km]

T T | T
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Figure 10 — Density time series in the training set
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Figure 11 — Cumulative variance contribution of PCs

PCA is performed on the density in the two traffic flow conditions, respectively. The cumulative variance
contribution of each PC is shown in Figure 11. When the number of PCs is above or equal to 4, the cumulative
variance contribution reaches more than 85%, and when the number of PCs is above 6, the cumulative vari-
ance contribution of PCs increases less, but if more than 6 PCs are taken, it will increase the complexity and
computation time of analysis, so 4-6 PCs were taken for the follow analysis. The critical intersections were ex-
tracted using the Jolliffe B4 method with different numbers of PCs in the two states. Similarly, the flow-density
function was fitted to each intersection and the coefficients were recorded for reconstructing the flow during
testing. At the same time, the regression model of PCs and critical intersections were constructed and used to
update the principal component matrix.

4.3 Results of the MFD estimation

The test dataset is divided into a free flow and a chaotic condition according to the method used in the train-
ing process. 56 pairs of data belong to the free flow and 142 pairs belong to the chaotic. The critical intersec-
tion data are extracted from the test dataset according to the training process. The critical intersection data are
brought into the regression model developed in the training process to update the principal component matrix,
and finally the reconstructed density is obtained by combining the eigenvectors of the PCA. The average flow
and average density were calculated for the reconstructed data, and the RMSE values of the average flow and
average density were calculated based on different numbers of critical intersections. The different scales of
the flow and density results in a large difference in RMSE between them. Comparing the RMSE values, it is
considered that extracting 5 critical intersections is optimal. Therefore, 5 critical intersections were extracted
under free flow and chaotic conditions respectively, and 5 critical intersections were extracted without con-
sidering the road network traffic flow condition. It is easy to see that critical intersections are not the same in
different conditions.

According to the extracted critical intersections, the average flow and average density were estimated and
the MFD was drawn under the two cases of considering the traffic flow conditions and without considering
the traffic flow conditions, as shown in Figure 12. The black scatter represents the true MFD, the blue scatter
represents the estimated MFD without considering the traffic flow conditions, and the red scatter represents
the estimated MFD considering the traffic flow conditions. Although the critical intersections extracted under
the two cases are different, there is little difference in the estimated MFD, but the estimated result of consid-
ering states is closer to the true MFD. The estimation effect of MFD in the two cases was discussed in terms
of numerical measures. By comparing the three measures in 7able 1, it was found that MFD considering state
estimation was far better than that without considering the state.

Considering the traffic flow conditions of road network, we calculated MAPE(Q)=7.68%, MAPE(K)=7.83%
and RMSE(K,0)=0.0554 separately. It illustrates that the estimated average flow deviates from the true value
by 7.68% and the estimated average density deviates from the true value by 7.83%, and the difference between
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Table 1 — The deviate degree between the estimated and true value under two cases

Indicators | Considering traffic states | Without considering traffic states

RMSE(K, O) 0.0554 0.0587
MAPE(Q) 7.68% 17.25%
MAPE(K) 7.83% 10.98%

the estimated MFD and the true MFD is 0.0554. It can be seen that the estimated MFD and the true MFD in the
free flow are almost overlapped, and very close in the chaotic. The difference between the estimated MFD and
the true MFD for the density greater than 100 veh/km is probably due to the fact that the congested state is not
considered in the analysis of the example, and the data collected in the example are not sufficient to complete
the analysis of the congestion. In conclusion, it shows that the estimation of MFD is good and the proposed

method is feasible and accurate in

practical applications.

MFD estimated under the case of road network traffic flow conditions also includes two states of free
flow and chaotic, as shown in Figure 13. When the average density in the region of K<9.80, the traffic is in the
free flow state; when the average density in the region of K>117.74, the traffic is in the chaotic state, but the
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Figure 13 — The estimated MFD considering the traffic flow conditions and the true MFD of the target road network
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Figure 14 — Comparison of fitting effects of different MF'D models

range covered by the two states is much different. Specifically, the traffic states of road network must take
into account the capacity of all intersections, and if there are intersections with large differences in capacity,
the region of the chaotic state will be larger and the region of the free flow state will be smaller. The capacity
of the intersections in this section researched varies greatly, which results in a smaller region of the free flow
state and a larger region of the chaotic state. For example, “Intersection of Guanshan West Road and Jinyang
South Road” has the largest capacity, and “Bihai South Road (Experimental Primary School crosswalk)” has
the smallest capacity, when the density is 70 veh/km, the former is still in the free flow state, but the latter is
already jammed, see the subfigure of Figure /3. In addition, the dataset does not contain the congested state data,
the maximum capacity cannot be directly determined from the estimated MFD. Therefore, in Section 4.4, the
method of fitting the best traffic flow model to the estimated MFD data will be used to calculate the maximum
capacity of the road network.

4.4 Calculation of the road network maximum traffic capacity

Researches have shown that the commonly used MFD function relation models include quadratic function
model, cubic function model, Greenshields model, Greenberg model [26] and Van Aerde model [27]. The
MFD data estimated in section 4.3 considering the traffic flow condition of the road network were used to fit
these models respectively. Figure 14 shows the curves of each model based on the fitting of estimated MFD
data. By comparison to the true MFD data (black scatter), it is found that the Greenberg model, cubic function
model and quadratic function model match the true MFD less than Greenshields model and Van Aerde model.

Two indicators R’ and mean square error (MSE) are used to evaluate the fitting effect of each model. R’
represents the percentage of the true average flow variability that the function model can explain, and its value
range is [0,1]. The closer it is to 1, the fitting effect is better. MSE reflects the difference between the estimated
and true average flow, and the smaller the value, the better the estimation effect. The calculation formula is

>6,-0) 36, -0)
R2=1—§§§ =1+ — MSE = SF _ 3 7 (13)
300

where, Q and Q, represent the estimated value and the true value of the average flow in the time interval 7,
and Q, represents the mean value of all true average flow in the T time intervals.
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Table 2 — Results of fitting different models

Model name Fitted function
Quadratic 0 =-0.0955K>+35.6086K +31.4172 0.9993 560.00
Cubic 0=0.0002K> —0.0145K> +37.7500K +20.7600 0.9994 528.00
Greenshields 0=(36.7878/349.6182)(349.6182 - K)K 0.9990 785.93
Greenberg 0=6.66971n(5573.3910/ K)K 0.9989 806.62
Van Aerde 0- (-0.1231K +1 —\/—(()).(())?;_(())1<2 +0.2312K +1) 0.9995 38179

The fitting results of each model are shown in 7able 2. The R* of the five models are all above 0.99, indicat-
ing that they can explain the relationship between average flow and average density well. Combined with the
MSE values of the five models, Van Aerde model is the smallest, indicating that its fitting effect is the best.

To sum up, the Van Aerde model is selected to represent the relationship between the average flow and the
average density. From the fitting curve of the Van Aerde model, when the average density is 117.74 veh/km and
the average flow is 2,838.06 veh/h, the curve has an inflection point, indicating that the road network reaches the
maximum capacity of 34,056.73 veh/h at this point. That is, when the density is greater than 117.74 veh/km, there
will be traffic congestion, which is consistent with the traffic flow condition classification results in section 4.3.

5. CONCLUSION AND DISCUSSION

Based on the heterogeneous characteristics of multi-source heterogeneity of actual traffic data, this article
proposes a research method of MFD model from a statistical perspective to measure traffic capacity and solve
traffic congestion, which provides a reference for traffic management departments to carry out traffic planning,
effectively alleviate urban congestion and further improve the efficiency of urban roads.

In this article, the traffic data of the road network are roughly divided into free flow, chaotic and congested
with the help of confidence intervals. Then, the critical intersections that can best represent the macro traffic
characteristics of the road network are trained from different traffic state datasets, and then the full-scale data-
set of the road network is reconstructed, and the MFD estimation and traffic state discrimination of the road
network are completed, which effectively saves the calculation time. Finally, since there is no congestion in the
road network MFD in actual traffic, the maximum traffic capacity cannot be obtained directly from the MFD,
so this article uses the method of fitting the MFD model to estimate the maximum traffic capacity. The em-
pirical results of the first road network area in GuanShan Lake District, Guiyang City, show that the accuracy
of estimating the MFD of the road network considering the traffic state of the road network is higher than that
without considering the traffic state of the road network, and the maximum traffic capacity estimated based on
the Van Aerde model with the best fitting effect is consistent with the traffic state discrimination results.

This statistical method linking the three processes of road network traffic state discrimination, MFD esti-
mation and maximum traffic capacity measurement effectively improves the estimation accuracy, reduces the
calculation complexity, and saves the analysis time, but still has the following limitations, and we plan to be
solve them in future work:

1) The traffic flow condition division method used in this paper takes into account the flow and speed, but the
division is mainly based on the density, which is acceptable for practical purposes, but future studies need
to consider other parameters for theoretical verification.

2) Considering the difficulty of data collection, the proposed method has been validated only on small region
road network, and more data are needed to verify the accuracy of MFD estimation on large region network.
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