
 

Using machine learning in order to estimate the traffic mix in a building 
from the stops data 

Lutfi Al-Sharif1,2, Richard Peters2, Matthew Appleby2, Tahani Ghaben1 

1Al Hussein Technical University, Amman, Jordan 
2Peters Research Ltd., United Kingdom 

Keywords: The Round Trip; elevator; lift; incoming traffic; outgoing traffic; interfloor traffic; 
occupant floor; entrance floor, machine learning. 

Abstract. Previous work has established that the average number of up stops and down stops in a 

building during a round trip, as well as the ratio between them, could be used to estimate the mix of 

traffic prevailing in the building and its intensity.  

Further work has used basic correlation methods to derive the mix of traffic in the building, finding 

the ratios of incoming traffic, outgoing traffic, and inter-floor traffic. These studies have assumed that 

inter-entrance traffic is zero. 

This paper builds on the methodologies developed in the earlier work by introducing machine 

learning techniques to model the relationship between stop types and their locations within a building. 

The methodology requires knowledge of the types of floors in the building (occupant floors or 

entrance/exit floors).  

The data required for machine learning will be generated in larger amounts in a reasonable time and 

with modest processing power, whereby the data is representative of a specific building. 

1 INTRODUCTION 

This paper is a continuation of a series of pieces of research that attempt to infer the type of traffic in 

a building based on the number and type of stops that the lift makes. The following is a historical 

summary:  

• As a simple example, the ratio of the up stops to the down stops can be used to detect the 

presence of an up-peak condition [1].   

• A follow-up piece of work used artificial neural networks to assess the type of prevailing 

traffic in the building, such as up peak, down peak, two-way traffic or off peak [2]. 

• The concept of attempting to infer traffic data based on the number of stops was first suggested 

in 1992 [3] in what was then called the I-S-P method. 

• Further work on this concept was carried out in 2022 [4], whereby the tables relating the 

expected number of stops in the up direction and the down direction were generated based on 

large amounts of data generated using the Monte Carlo Simulation (MCS) method. 

• Basic single-dimensional regression was applied in special limited traffic cases (e.g., where 

incoming traffic and outgoing traffic are equal) to try to determine simple ways that can be 

used to find the mix of traffic based on the number of stops [5]. 

This paper relies heavily on the definition of a floor in a building as either an entrance/exit floor (to 

be referred to later as an entrance floor) or an occupant floor [6]. It further extends the work in [5] by 

systematically using two-dimensional regression to find specific equations that allow the user to find 

the incoming traffic and the outgoing traffic percentages from the four types of stops in a round trip. 

Section 2 generates the data for the number of stops in a round trip based on the mix of traffic. This 

results in a triangular data table, ready to be used in the machine learning process. Section 3 plots 
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four surfaces that allow the reader to visualise the relationship that is contained in the triangular table, 

against the x and y axes (incoming traffic percentage and outgoing traffic percentage, respectively).  

Section 4 carries out the two-dimensional regression and presents the two resultant equations. Section 

5 draws conclusions and discusses the next important step that will allow this methodology to become 

universal and allow it to be used for any size and arrangement of building. 

2 GENERATING THE TRIANGULAR STOPS DATA 

In order to implement the machine learning process, it is first necessary to generate sufficient data.  

The data will link the different scenarios of the traffic mix with the average number of stops in any 

round trip.   

The ideal method for generating such data is to employ the Monte Carlo simulation (MCS) method. 

In the previous piece of research [5], the approach of generating data points at different mixes of 

traffic was selective, rather than systematic.  To understand the data and be able to come up with a 

suitable approach, two sets of scenarios were generated: 

• The first set of scenarios attempts to keep the ratio between the incoming traffic and the 

outgoing traffic constant, while varying the percentage of the inter-floor traffic. 

• The second set of scenarios keeps the percentage of the inter-floor traffic constant at 40%, 

while varying the ratio of the incoming traffic to the outgoing traffic. 

In all cases, the inter-entrance traffic is kept at 0%. 

Such an approach was very limited and only concentrated on a specific number of cases. This paper 

adopts a more systematic approach by continuously varying the incoming traffic and the outgoing 

traffic in increments of 10% (or 0.1) from 0% to 100% (i.e., from 0 to 1.0). When the incoming traffic 

attains values of 60% or more, the value of the outgoing traffic must be restricted (to prevent the total 

traffic values exceeding 100%). Such a restriction means that a table that has column heading of 

outgoing traffic ranging from 0% to 100%, and row headings of incoming traffic from 0% to 100%, 

can only be a “triangular” table, as the lower part of the triangular would have values the sum of 

which exceeds 100%, and thus must be disallowed. A resolution smaller than the value of 10% is not 

necessary for this exercise, as the resultant surface (which will be seen in the next section) is very 

smooth. 

An overview of the resultant data table is shown in Figure 1 below. The figure aims to show the shape 

of the table (as the numbers in it are too small to read!). 
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Figure 1 The triangular data table that contains the stops data against the values of incoming 

traffic and outgoing traffic. 

Figure 2 shows an enlarged view of the table. As can be seen, a highlighted group of cells contains 

the values of four types of stops (up on entrance floors; up stops on occupant floors; down stops on 

entrance floors; down stops on occupant floors) under the values of 10% outgoing traffic, 10% 

incoming traffic, and 80% inter-floor traffic. The values of the stops are absolute here, but they will 

be normalised later in the process by dividing by the number of entrance floors and the number of 

occupant floors as appropriate. The values of the stops under this scenario of traffic (i.e., 10%; 10%; 

80%; 0%) are: At the entrance floors, 0.9378 up stops per round trip and 0.9373 down stops per round 

trip; at the occupant floors, 6.3059 up stops per round trip and 6.3025 down stops per round. 

 

Figure 2 An enlarged view of the data table, showing stops data in detail against the value of 

traffic components. 

 

Figure 3 shows part of the reorganised table of data that has been prepared for the machine learning 

process, with three input variables (two of which are independent) and the four output variables. 
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Figure 3 Part of the data in the table following reorganisation to prepare the data for machine 

learning (the matching data shown in Figure 2 is highlighted here in yellow). 

As was mentioned earlier, the raw data was generated using the Monte Carlo Simulation method. The 

MCS method can be used to faithfully generate a large amount of round-trip data [7, 8, 9, 10]. The 

MCS employs random sampling methods that ensure that the resultant data is a faithful representation 

of the parameters of the building. The MCS tool was used to generate round trip stops based on the 

following (similar to what is used in [6]): 

• The specific number of passengers per round trip (P=13 passengers in this case). 

• A predefined mix of traffic showing the relative strength of the incoming traffic, outgoing 

traffic, inter-floor traffic and inter-entrance floor. 

• The number of occupant floors and the number of entrance/exit floors (8 and 2, respectively, 

in this case) 

• The relative populations of the occupant floors. 

• The relative arrivals at the entrance/exit floors. 

The MCS methodology does not need to generate the kinematics of the lift system or produce the 

speed-time profiles. Moreover, it does not need to carry out any allocation of landing calls to the cars.  

This makes the method independent of the dispatching algorithm. But more importantly, this is an 

excellent example of the abstraction capability of the MCS method, where it only generates the data 

that is needed for the case in question, rather than spending time generating kinematic curves or 

allocation calls. This approach speeds up the generation of the raw data. 

3 VISUALISING THE FOUR SURFACES 

Prior to moving to try to find the best fit for the four surfaces, it is very insightful to better understand 

the nature of the relationships in a visual manner. 

There are three independent variables: the percentage of incoming traffic, the percentage of outgoing 

traffic, and the percentage of inter-floor traffic. However, only two of these three are independent, as 



Using machine learning in order to estimate the traffic mix in a building from the stops data 1-5 
 

 

the sum of all three values must add up to 100% (or to 1.0). Thus, in reality, there are only two 

independent variables (e.g., incoming traffic percentage and outgoing traffic percentage), as the third 

value will be dependent on the values of the other two. This is assuming that the inter-entrance traffic 

percentage is always zero. 

In addition, there are four dependent variables. These are the average number of stops in a round trip.  

These four variables are: 

• Stops in the up direction on entrance floors. 

• Stops in the down direction on the entrance floors. 

• Stops in the up direction on occupant floors. 

• Stops in the down direction on occupant floors. 

As there are two dependent variables, it is very convenient to plot each of the four variables as a 

“surface” against the two dependent variables. This results in four “surfaces” for each of the four 

dependent variables that have been plotted against the two dependent variables. In this case, it has 

been assumed that the two independent variables are the incoming traffic percentage and the outgoing 

traffic percentage. So, in the plots that have been shown below, the x-axis and the y-axis are the 

incoming traffic and the outgoing traffic percentages, respectively. 

As can be seen in the four figures (Figure 4, Figure 5, Figure 6, and Figure 7), they all show a 

“triangular” surface that has been “curved”. In two cases, the base of the triangle is at zero, either 

parallel to the x-axis or parallel to the y-axis, and the upper vertex of the triangle ends up at the other 

side. In the two other cases, the base of the triangle is at the top, either parallel to the x-axis or parallel 

to the y-axis, with the vertex near the zero. The limiting number of stops is the car size and the number 

of occupied floors. Here, the number of stops saturates at about 6.3-6.6 stops per round trip, which is 

about 78.8%-82.5% of the number of occupied floors. 
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Figure 4 The plot of the surface that shows the number of down stops on the occupant floors 

during a round trip, plotted against the incoming traffic percentage and the outgoing traffic 

percentage. 

 

Figure 5 The plot of the surface that shows the number of up stops on the occupant floors 

during a round trip, plotted against the incoming traffic percentage and the outgoing traffic 

percentage. 
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Up Stops on Occupant Floors in a Round Trip 
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Figure 6 The plot of the surface that shows the number of down stops on the entrance floors 

during a round trip, plotted against the incoming traffic percentage and the outgoing traffic 

percentage. 

 

Figure 7 The plot of the surface that shows the number of up stops on the entrance floors 

during a round trip, plotted against the incoming traffic percentage and the outgoing traffic 

percentage. 
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It is also worth noting that the z-axis in all four cases (i.e., the average number of stops in a round 

trip) has not been normalised and has been shown in absolute number of stops. Using further 

processing (as will be seen in the next section), the number of stops can be normalised by dividing 

the maximum possible number of stops in the entrance floors (in this case, 2) and by dividing by the 

maximum number of stops in the occupant floors (in this case, 8). This will produce a “cube” that is 

normalised and in which each of the three sides is equal to 1 (or 100%). 

4 TWO-DIMENSIONAL REGRESSION 

Using MATLAB, two-dimensional regression tools were used to find the best fit equation that allows 

the user to find the percentage of the incoming traffic (i/c%), the percentage of outgoing traffic 

(o/g%), and the percentage of the inter-floor traffic (i/f%) based on the four types of stops that take 

place on average during a round trip. The equations below were developed using two-dimensional 

regression tools. It is worth noting that these equations use the normalised values of the stops data, 

by dividing the average number of stops in a round trip by the maximum number of possible stops.  

The following is a list of the variables used in the equations below: 

• i/c: incoming traffic (number between 0 and 1). 

• o/g: outgoing traffic (number between 0 and 1). 

• i/f: inter-floor traffic (number between 0 and 1). 

• u/s (ent): The average number of up stops on the entrance floors in a round trip, normalised 

by dividing it by the number of entrance floors in the building. 

• u/s (occ): The average number of up stops on the occupant floors in a round trip, normalised 

by dividing it by the number of occupant floors in the building. 

• d/s (ent): The average number of down stops on the entrance floors in a round trip, normalised 

by dividing it by the number of entrance floors in the building. 

• d/s (occ): The average number of down stops on the occupant floors in a round trip, normalised 

by dividing it by the number of occupant floors in the building. 

Having done the regression, these are the following two equations that resulted. The first is the 

resultant regression equation to find the value of the incoming traffic: 

i/c = 85.1098 + (22.0421 * u/s ent (norm)) + (1.6454 * d/s ent (norm)) + (3.4023 * u/s occ 

(norm)) + (-109.0788 * d/s occ (norm))         (1) 

The second equation is the resultant regression equation to find the value of the outgoing traffic: 

o/g = 85.0430 + (1.8327 * u/s ent (norm)) + (21.8450 * d/s ent (norm)) + (-109.2628 * u/s occ 

(norm)) + (3.7193 * d/s occ (norm))         (2) 

The correlation coefficient from the two regression analysis results is very high and nearly close to 

one, showing an excellent correlation between the number of stops and the mix of traffic parameters: 

i/c equation:  R² Score: 0.9908616713660177 

o/g equation:  R² Score: 0.9908560432436128 

As the inter-entrance traffic has been assumed to be equal to 0, then the inter-floor traffic can be 

found by subtracting the incoming traffic and the outgoing traffic from 1, as shown below: 
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i/f = 1 – i/c – o/g            (3) 

For example, if we calculate that incoming traffic is equal to 10% and outgoing traffic is equal to 

30%, then the interfloor traffic would be equal to 1-0.1-0.3 = 0.6= 60%. 

It is worth noting that this methodology has assumed the inter-entrance traffic is always zero for 

simplicity. Future work will remove this constraint and allow the inter-entrance traffic to take on non-

zero values. However, in such a case, the number of independent variables will rise to three (e.g., 

incoming traffic, outgoing traffic, and inter-floor traffic that do not add to one, as the inter-entrance 

traffic will not be equal to zero in this case). As such, it will not be possible to visualise the resultant 

“hyper-surface”, because it will have four dimensions. Nevertheless, the fact that it cannot be 

visualised does not prevent finding the equation that links the mix of traffic to the value of the four 

types of stops. In such a case, three equations will be found for the incoming traffic, the outgoing 

traffic and the inter-floor traffic. The inter-entrance traffic will be found by simply subtracting the 

three resultant values of traffic from 1. 

5 CONCLUSIONS AND FURTHER WORK 

This paper has presented a systematic methodology to attempt to find a deterministic relationship 

between the mix of traffic in a building (i.e., incoming traffic, outgoing traffic, and inter-floor traffic), 

and the number of stops on entrance/exit floors in the up direction, the number of stops on 

entrance/exit floors in the down direction, the number of stops on occupant floors in the up direction, 

and the number of stops on occupant floors in the down direction. Before processing, the number of 

stops in each round trip was normalised by dividing the number of stops in a round trip by the 

maximum possible number of stops. The maximum possible number of stops is the number of 

occupants, floors and/or the number of entrance floors. 

Data was first generated using MCS for a specific building. For each of the 66 different combinations 

of mixes of traffic, one million scenarios were generated, resulting in 66 million scenarios. Each 

scenario represents one round trip.  In each case, the number of stops in the up direction and the down 

direction, on both the occupant floors and the entrance floors, was recorded. The average number of 

stops for each type of stop was found by taking the average of all one million scenarios. 

This resulted in a “triangular” data table. This table was then used to perform a machine learning 

exercise, to find the two equations that allow the user to find the values of incoming traffic and 

outgoing traffic from the four types of stops data. A very high value of correlation coefficients was 

obtained in both cases, giving a high level of confidence in the accuracy of the resultant equations. 

The normalisation of the stops data was critical in attempting to find a universal solution. The most 

important piece of research that must follow this research is to attempt to carry out the same exercise 

that has been done in this paper on other types of buildings. If the resultant equations for the incoming 

traffic and outgoing traffic are identical to those found in this paper, this leads to the important 

conclusion that these equations are universal. This would mean that these equations can be used for 

any building without the need to do prior analysis on it. This would be an important breakthrough in 

lift traffic engineering. 
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