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Abstract. This paper employs a random forest regression model to predict elevator traffic flow in hospital 
inpatient buildings, providing a scientific basis for optimizing the scheduling and management of hospital 
elevator systems. Through a comprehensive analysis of the traffic flow characteristics of elevators in these 
buildings and the factors influencing pedestrian flow, we have developed a prediction model that incorporates 
various elements, including time distribution characteristics, population composition, and spatial distribution. 
The simulation results demonstrate that the random forest regression model effectively captures the periodic 
changes and fluctuations in elevator traffic flow, achieving high prediction accuracy. Predict elevator traffic 
flow using a simulated dataset (500 samples), when compared to support vector machines (SVM) and back 
propagation (BP) neural networks, the model exhibits lower mean squared error (MSE), root mean squared 
error (RMSE), and mean absolute error (MAE) values, along with higher R² values, confirming its superior 
performance in predicting elevator traffic flow in tertiary hospital inpatient buildings. 

Keywords: elevator traffic flow, prediction and simulation, random forest regression model, high rise hospital 
inpatient buildings

1   Introduction

Since Mr. Otis invented the safety elevator, elevators have increasingly played a crucial role in vertical transpor-
tation within high-rise and super high-rise buildings. The evolution of elevator technology has progressed from 
single elevators to the parallel operation of two elevators, and subsequently to the collective operation of multi-
ple elevators, leading to the development of theories related to elevator group control and traffic configuration. 

From the 1920s to the mid-1970s, elevator control mainly used statistical methods to study the performance 
patterns of elevator traffic; After the 1970s, with the development and application of computers and integrated 
circuits, models such as neural networks, fuzzy logic, and expert systems were adopted to study the non-
linearity, fuzziness, and uncertainty of elevator transportation systems. In order to improve the prediction 
accuracy of elevator passenger flow, Litian Yuan, Jie Zhang and others proposed an elevator passenger flow 
prediction model combining grey prediction and least squares support vector machine. Firstly, gray model and 
least squares support vector were used to predict the linear and linear variation laws of passenger flow, and then 
linear regression was used to determine the weights of the two prediction results. Finally, the elevator passenger 
flow prediction results were obtained based on the weights [1]; Yihui Zhang proposed an elevator passenger flow 
prediction model combining RBF neural network and ARMA. Firstly, ARIMA was used to predict the linear 
variation of elevator passenger flow. Then, RBF neural network was used to predict the nonlinear part. Finally, 
the results of the two were added and the combined model was used for elevator passenger flow prediction [2]; 
Wei Xie, Lipeng Zhao, Ming Zeng, Xu Luo and others established a maximum 5-minute passenger flow model 
based on the moving least squares method for surface fitting, which solves the problem of inaccurate elevator 
stop numbers in traditional algorithms [3].

With the assistance of machine learning algorithms, it is possible to accurately predict a building’s energy 
demand using multi-source data, including historical energy consumption records, real-time weather conditions, 
and the activities of occupants within the building. Consequently, energy distribution can be dynamically 
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adjusted to optimize energy utilization [4-5]. For instance, the Long Short-Term Memory (LSTM) network is 
employed to perform both short-term and long-term predictions of a building’s power consumption. Based on 
these predictions, the operation of equipment such as air conditioners and lighting systems can be effectively 
regulated. Reference [6] introduced a novel method for predicting building loads utilizing deep learning and 
Non-Intrusive Load Monitoring (NILM) technology, with the goal of enhancing energy management in smart 
buildings. References [7-8] conducted real-time monitoring and analysis of operational data from building 
equipment, including elevators, air conditioners, and water pumps. By employing machine learning algorithms 
to develop fault prediction models, potential equipment failures can be identified in advance, allowing for timely 
maintenance that reduces both equipment downtime and maintenance costs.

Elevator passenger flow prediction encompasses both short-term and long-term forecasting. This process 
relies on various observed time series data collected at specific intervals to establish a predictive model that 
estimates passenger flow at multiple future time points [9]. Factors such as weekday commuting patterns and 
holiday schedules contribute to the non-linear and periodic characteristics of elevator passenger flow. Traditional 
forecasting methods, including time series models, Kalman filtering models, exponential smoothing models 
(ES), auto-regressive models (AR), and moving average models (ARMA), are often inadequate for effectively 
analyzing and learning the non-linear dynamics of passenger flow [10]. Consequently, advanced algorithms 
developed in recent years, such as artificial neural networks, support vector machines, generative adversarial 
networks, and least squares support vector machines, have gained widespread application in this field [11].

The analysis and prediction of elevator traffic flow characteristics have become the most fundamental issue in 
the entire elevator group control system. It is also an extremely important yet difficult problem in the performance 
analysis of the elevator group control system. Moreover, the solutions to the other two major problems in the 
group control system are closely related to it. Therefore, the research on the analysis and prediction of elevator 
traffic flow characteristics has become the top priority in today’s elevator traffic flow research. If we can start 
from the analysis of traffic flow characteristics, adopt various means, and study the changing characteristics 
of elevator traffic flow from different perspectives, and then develop corresponding reasonable and effective 
prediction methods for different flow characteristics to predict elevator traffic flow, it will surely greatly improve 
the performance of the elevator group control system. In this paper, through an in-depth analysis of the elevator 
traffic flow characteristics in the hospital inpatient building and the influencing factors of the pedestrian flow in 
the inpatient building, we have constructed a prediction model based on random forest regression. This model 
comprehensively considers various influencing factors such as time distribution characteristics, population 
composition, and spatial distribution characteristics. It can effectively capture the periodic changes and fluctuations 
of elevator traffic flow, and has relatively high prediction accuracy. It can effectively improve the transportation 
effect of elevators, enhance the elevator dispatching efficiency, and to the greatest extent, save time and reduce 
energy waste. 

In summary, our major contributions are: 
• Based on the on-site statistics of pedestrian flow in the inpatient building of a tertiary hospital in a certain 

area, we analyzed the characteristics of pedestrian flow changes in the auxiliary functional areas and nursing 
units in terms of time and space.  

• Based on the changing characteristics of pedestrian flow in various spaces and analyzing the influencing 
factors of pedestrian flow, we propose an elevator traffic flow prediction model based on forest regression.

• We provide a detailed description of the specific input variables in the elevator traffic flow model. Taking a 
hospital’s inpatient building as an example, we use Python programming language to write code to predict the 
pedestrian flow in the inpatient auxiliary functional area and nursing unit. We compare the predicted values with 
the measured values and analyze the accuracy of the prediction model. Through simulation experiments, our 
proposed method achieves better prediction accuracy than SVM and BP methods.

The remainder of this paper is structured as follows. In Sect. 2, we described the characteristics of elevator 
traffic flow in the inpatient building. The factors and changing patterns that affect elevator traffic flow are 
described in Sect. 3. In Sects. 4 and 5, In sections 4 and 5, we proposed a prediction model for elevator traffic 
flow and a forest regression prediction algorithm, respectively. In Sect. 6, we construct a dataset and compare 
performance metrics using different algorithms. Finally, we conclude the paper in Sect. 7.

2   Traffic Flow Characteristics of the Inpatient Building in Hospital 

In the operation system of modern hospitals, the elevator in the inpatient building is a crucial vertical 
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transportation facility. Its efficient operation not only affects the daily travel experience of patients and medical 
staff, but also has a profound impact on the overall service quality and operational efficiency of the hospital. 
Studying the traffic flow characteristics of elevators in inpatient buildings can provide scientific basis for 
optimizing the configuration and scheduling management of elevator systems, helping hospitals improve their 
service levels, and alleviate the problem of vertical traffic congestion. The main characteristics of traffic flow in 
hospital inpatient buildings are as follows:

2.1   Time Distribution Characteristics 

Morning and evening rush hour: From 7:00 to 9:00 in the morning, medical staff concentrate on work, patients 
go out for examination, and family members come to visit, resulting in a sharp increase in demand for elevators, 
causing serious congestion. From 5:00 to 7:00 in the evening, when medical staff finish work and family 
members leave the hospital, the downward flow of the elevator significantly increases. 

Off peak hours: 9:00 am to 5:00 pm. Except for specific inspection periods, the elevator flow is relatively 
stable, but there are still small fluctuations due to patient treatment and nursing needs. From late night to early 
morning, elevator usage significantly decreases, with only a few emergency patients and on duty medical staff 
using it. 

2.2  Flow Characteristics

Upward traffic flow and downward traffic flow differences: The inpatient building is mainly composed of pa-
tients and their families, and there is a larger upward traffic flow when patients are admitted and their families 
visit; When patients are discharged and their families leave, the downward traffic flow dominates. During the 
examination and treatment period, patients need to travel back and forth between the ward and the examination 
department, which can increase the two-way flow between specific floors. 

Inter-layer traffic flow: As the main entrance and exit of the hospital, the first floor has a large flow of traffic 
between each floor. The popular floors of the inpatient department, such as the operating room, intensive care 
unit, and popular department floors, also have relatively high elevator traffic compared to other floors.

2.3   Use Entity Characteristics

Patients and their families: may have limited mobility and need to carry medical equipment, daily necessities, 
etc. The elevator speed may be slow, which may increase the elevator stopping time. Patients with different 
medical conditions have different elevator needs, such as emergency patients having higher requirements for 
elevator timeliness.

Medical staff: Their working hours are relatively fixed, their travel is regular, and they often need to carry 
medical equipment. Sometimes they also need to push stretcher carts, which have special requirements for 
elevator space and operational efficiency.

2.4   Congestion Characteristics

Peak hour congestion: During peak hours, the contradiction between elevator supply and demand is prominent, 
and congestion is prone to occur.

Ward floor congestion: Due to the concentration of patients and their family members on the ward floor, the 
elevators are used more frequently, which easily leads to congestion.

Elevator hall congestion: In the waiting area of the elevator hall, there is a high density of people, which can 
easily cause congestion. ​​

Emergency event: In case of emergency or soft pair examination and treatment, the elevator needs to prioritize 
the passage of emergency patients and medical staff, which may break the normal flow pattern and lead to a 
sudden increase in flow during specific periods and floors. ​

Fig. 1 shows the traffic flow statistics of a tertiary hospital’s inpatient building during a certain period of time. 
The traffic flow of the inpatient building consists of three parts: upward traffic flow, inter-layer traffic flow, and 
downward traffic flow. In the upward traffic flow, passengers take elevators from the lobby to various target 
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floors of the inpatient building; In the downward traffic flow, passengers take elevators from each floor to reach 
the lobby; In the inter floor traffic flow, passengers take the elevator from their own floor to other floors except 
for the lobby. The actual traffic pattern for a day is a combination of these three traffic flows.

Fig. 1. The traffic flow statistics of a tertiary hospital’s inpatient building

This paper analyzes two traffic modes: upward peak traffic and inter-floor peak traffic in high-rise hospital 
buildings. It also presents elevator scheduling schemes tailored to each traffic mode, aimed at improving elevator 
operational efficiency and alleviating vertical traffic congestion in hospitals.

3   Analysis of Influencing Factors and Changing Patterns of Pedestrian Flow in 
Inpatient Buildings

The personnel in the inpatient building include inpatients, caregivers, visitors, doctors, nurses, cleaners, security 
personnel, etc. Different types of personnel have different activity flow lines and stay times at various nodes in 
the inpatient building [12, 13].

According to survey statistics, the number of hospitalized patients accounts for approximately 28%-47% of 
the total number of hospitalizations. Inpatients are classified into severe and mild cases based on the severity of 
their condition. Severe illness refers to patients who are unable to take care of themselves and require 24-hour 
companionship. They spend most of the day receiving treatment and are unable to go out for activities. Mild 
cases refer to patients who can take care of themselves and usually receive treatment in the ward in the morning, 
and can move freely in the afternoon. According to the age of the patients, they are divided into elderly, middle-
aged, teenagers, and infants. People of different age groups may have different types of illnesses, family and 
social identities, and possible accompanying visitation personnel, as shown in Table 1. The visitation time and 
number of visitors from different social identities vary. For example, colleagues and classmates usually come 
to visit in the evening or on weekends, and there are more visitors at once; However, close relatives such as 
grandparents and parents may visit at any time, and the number is relatively small.

Table 1. Different inpatients of visiting and accompanying persons

Type of patient Possible disease Family identity Social identity Possible visitors Possible
caregivers

Old people Diabetes, cardiovascular 
disease, etc

Elder Retired and elderly 
personnel

Children, relatives and 
friends

Life partner, children, 
or full-time caregivers

Middle-aged person Various diseases Workforce Office staff Parents, children, rela-
tives and friends Spouse
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3.1   Factors Affecting the Flow of People in Inpatient Buildings

There are four main imaging factors affecting the flow of people in inpatient buildings.
(1) Patient Related Factors
� Disease type and length of hospital stay: Different disease types determine the length of hospital stay 

for patients. For example, patients undergoing major surgeries require a long period of recovery after surgery 
and may frequently use elevators for examination and treatment; Patients with the common cold have a shorter 
hospital stay and use elevators relatively less frequently. At the same time, certain seasonal high incidence 
diseases, such as winter flu and summer intestinal diseases, can lead to an increase in hospitalizations during 
specific periods, thereby affecting elevator passenger flow.

� Patient rehabilitation stage: Patients in the early stages of rehabilitation may need to frequently take 
elevators accompanied by medical staff to the rehabilitation treatment room and examination department; As the 
rehabilitation process progresses, their frequency of going out gradually decreases. For example, patients with 
fractures need to undergo regular X-ray examinations using elevators in the early postoperative period, while in 
the later stages of rehabilitation, fewer examinations are required.

(2) Factors Affecting Medical Staff
� Scheduling system: The work arrangement of medical staff is usually divided into different shifts, and there 

may be a large number of medical staff taking the elevator together during shift handover. For example, during 
the handover of morning and evening shifts, hundreds of medical staff need to arrive at their respective work 
floors in a short period of time, greatly increasing the frequency of elevator usage.
�Ward rounds and treatment work: Medical staff need to conduct daily rounds and provide treatment services 

to patients, which makes them frequently travel between different floors. Especially during peak ward rounds, the 
flow of elevator passengers significantly increases and is mostly concentrated between the floors of the wards.

(3) Visitor Factors
� Visiting hours: The hospital’s designated visiting hours have a significant impact on the flow of elevator 

passengers. During the allowed visitation period, a large number of visitors flooded into the inpatient building, 
leading to a surge in demand for elevator usage. For example, most hospitals set the afternoon and evening as 
visitation hours, during which the elevator is crowded and waiting times are extended.

� Number of visitors: The severity of the patient’s condition will affect the number of visitors. Severely ill 
patients often attract more relatives and friends to visit, increasing the passenger flow of elevators. In addition, 
the accompanying habits of patients’ family members also vary, and some family members may spend a long 
time with the bed, further increasing the burden of elevator usage.

(4) Hospital Management Factors
� Department distribution: Different departments are located on different floors. If the relevant departments 

are far apart, it may cause patients, medical staff, and visitors to frequently shuttle between floors. For example, 
separating the operating room from the intensive care unit (ICU) will increase the frequency of elevator usage for 
postoperative patient transportation and medical staff travel.

� Special event: Large scale free clinics, health lectures and other activities carried out by hospitals will 
attract a large number of people to enter the inpatient building, causing a sharp increase in elevator traffic during 
a specific period of time and putting significant pressure on elevator operation.

3.2   The Changing Patterns of Influencing Factors

According to the analysis of statistical results regarding the number of personnel in various hospital inpatient 
buildings, the flow of nursing staff exhibits both temporal and spatial distribution characteristics. 

(1) Time Dimension
The temporal characteristics are categorized into three segments: daily variation, weekly variation, and 

monthly variation.
From a daily cycle perspective, the flow of people in the inpatient building exhibits a distinct “double peak” 

pattern. The first peak occurs between 7:30 and 9:30 a.m. on weekdays. During this time, newly admitted 
patients proceed to their wards after completing necessary procedures, while medical staff focus on their duties, 
including ward rounds and treatment activities. Concurrently, some patients leave their wards for examinations. 
This combination of factors results in a rapid increase in elevator traffic. The second peak occurs from 3:00 p.m. 
to 5:00 p.m., primarily due to the commencement of visitation hours, which sees a significant influx of visitors 
into the inpatient building. Additionally, medical staff engage in afternoon treatment activities, and patients return 
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to their wards, further elevating the demand for elevator usage. At night, the flow of people is relatively low, and 
the frequency of elevator use decreases significantly, primarily due to the duty patrols of medical staff and the 
urgent needs of a limited number of patients.

From a weekly perspective, foot traffic from Monday to Friday is significantly higher than on weekends. 
During weekdays, various medical activities in the hospital are conducted regularly, with frequent patient 
admissions, treatments, examinations, and a relatively large number of visitors. On weekends, however, the 
schedule for elective surgeries and examinations is reduced, leading to a decrease in the number of newly 
admitted patients. Additionally, some medical staff take turns off, further contributing to the decline in foot 
traffic. Nevertheless, the number of visitors on weekends should not be underestimated, particularly on Sunday 
afternoons, which typically represent the peak period for visits.

From the perspective of monthly and annual cycles, hospitals experience certain seasonal and cyclical 
fluctuations in their business volume. During specific periods, such as the peak influenza season and outbreaks 
of infectious diseases, the number of hospitalized patients significantly increases, leading to a sustained high 
volume of traffic in the inpatient facilities. Additionally, at the end of the year and the beginning of the new year, 
many patients tend to concentrate on completing admission and discharge procedures for reimbursement and 
other reasons, which can also result in notable fluctuations in patient flow during this time.

(2) Space Dimension
In terms of spatial distribution, the flow of individuals across various floors of the inpatient building is uneven. 

The floors connected to outpatient services and medical technology departments, as well as those housing critical 
areas such as intensive care units, operating rooms, and obstetrics and gynecology, experience relatively high 
foot traffic. These areas have a significant demand for elevator usage due to the concentrated entry and exit of 
patients, frequent movement of medical staff, and the presence of visitors. 

4   Elevator Traffic Flow Prediction Model

The random forest regression algorithm is an ensemble learning method based on decision trees that enhances the 
accuracy and robustness of the model by combining the predictions of multiple decision trees. Its core principle, 
encapsulated in the saying “Three stinky cobblers, one Zhuge Liang”, two key characteristics: ensemble learning 
and randomness [14, 15]. Random forest is categorized under the “bagging” method in ensemble learning, which 
involves training a large number of distinct decision trees to make independent predictions. The final output 
is obtained by averaging all predicted results (in the case of regression), akin to “a group of people voting to 
determine the result”. collective intelligence to minimize the errors associated with a single model [16]. During 
the training process of each tree, two types of randomness are introduced: sample randomness and feature 
randomness. This ensures that each tree possesses unique characteristics, preventing all trees from making the 
same errors and resulting in a more stable overall prediction.

4.1   Data Representation

Assuming we have a training data-set:

D = {(x(1), y(1)), (x(2), y(2)), ..., (x(N), y(N))} (1)

Among them, x(i) is the feature vector of the i-th sample, y(i) corresponds to the elevator traffic flow.

4.2   Random Forest Construction

Random forest consists of B decision trees, each of Tb(x;b) is constructed through bootstrap sampling and 
feature subset selection on data-set D.
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4.3   Decision Tree Construction

Each tree Tb can be represented as a series of decision rules that divide the feature space into multiple regions 
and provide predicted values on each region. It can be expressed mathematically as:

M
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Among them, b is a parameter of tree b, Rb,m is the m-th region defined by the decision rule, cb,m is the 
predicted value for this region, ∏ is an indicator function. 

4.4   Random Forest Prediction

The prediction of a random forest is the average of the predictions of all trees. Prediction of Random Forest for a 
New Input Sample x:
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4.5   Training Process

During the training process, for each tree Tb, we will perform the following steps:
(1) Perform self sampling from dataset D to obtain a subset Db;
(2) For each node, randomly select a subset of features;
(3) Find the optimal splitting point and divide the nodes accordingly;
Repeat the above process until the termination condition of the tree is reached.

4.6   Prediction Process

In the prediction process, for a new input sample x, we perform the following steps:
(1) For each tree in the forest , find the leaf node where x falls based on its characteristics;
(2) Output the predicted value of the leaf node;
(3) Calculate the average of the predicted values of all trees to obtain the prediction  for the random forest.
An abstract representation of the random forest regression model, practical implementation will involve more 

details such as tree construction, selection of splitting rules, calculation of predicted values, etc [17].

5   Random Forest Regression Elevator Traffic Flow Prediction Algorithm

The elevator traffic flow prediction based on the random forest regression model is shown in Algorithm 1, which 
mainly consists of the following steps:

(1) Problem definition. Our goal is to predict the traffic flow of elevators during a specific time period, which 
usually involves input features such as time (hour, day of the week, etc.), weather conditions, special events, 
building types, traffic flow patterns, etc [18, 19]. The specific features used as input to the random forest model 
mainly include:
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Algorithm 1. Random forest regression elevator traffic flow prediction algorithm

Input: D,B,M,N
# D = Training data X_train (features X,Y)
# B = The number of decision trees
# M = The number of features considered during each segmentation
# N = The number of samples in the training data-set
Output：random_forest
random_forest = []
# For each tree b, from 1 to B
for b in range(1, B + 1):
    # Self sampling from training dataset
    Db = bootstrap_sample(D)
    Tb = create_tree()
        # Select the best segmentation point and recursively construct a tree
    build_tree(Tb, Db, M)
        # Add the constructed tree to the random forest
    random_forest.append(Tb)
# Define the function for building a tree
function build_tree(tree, data, M):
# If the stopping condition is met (e.g. node purity is high enough or sample size 

less than the threshold) return
    if stopping_condition(data):
        set_leaf_node(tree, data)
        return
        # Randomly select M features
    features = random_select_features(data.features, M)
        # Find the best segmentation point
    best_split = find_best_split(data, features)
        # Split dataset
    left_data, right_data = split_data(data, best_split)
       build_tree(tree.left, left_data, M)
       build_tree(tree.right, right_data, M)
# Define prediction function
function predict(random_forest, X):
    predictions = []
    for tree in random_forest:
        prediction = tree_predict(tree, X)
        predictions.append(prediction)
        # Calculate the average of all tree predictions
    mean_prediction = mean(predictions)
    return mean_prediction
# Define the prediction function for a single tree
function tree_predict(tree, X):
    # Starting from the root node of the tree, recursively traverse the tree until 

reaching the leaf nodes
    while not is_leaf_node(tree):
        if X[tree.feature] <= tree.split_point:
            tree = tree.left
        else:
            tree = tree.right
        # Return the value of the leaf node (predicted result)
    return tree.value

• Hour: represents the number of hours in a day, with a value range of 0 to 23. In the scenario of predicting 
pedestrian flow in elevators, different hours may correspond to different pedestrian flow patterns. For example, 
the frequency of elevator usage may be higher during the morning rush hour (such as 7-9 am) and evening rush 
hour (such as 17-19 pm), while the frequency of elevator usage may be lower during late night hours (such as 
0-4 pm). Design consideration: By using hours as a feature, it is possible to capture the impact of different time 
periods of the day on elevator pedestrian flow.    
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• Is_weekday: This is a binary feature with a value of 0 or 1. Among them, 0 represents non working days 
(such as weekends), and 1 represents working days. There is usually a significant difference in personnel activity 
patterns between workdays and non workdays. On workdays, people mainly engage in work-related activities, 
while on weekends, they tend to engage in more leisure activities. Design consideration: Introducing this feature 
can distinguish the impact of working days and non working days on elevator pedestrian flow. 

• Is_visiting_hour: It is also a binary feature, where 0 represents non visitation time and 1 represents visitation 
time. In hospitals and other places, there will be more personnel flow during visitation hours, which will directly 
affect the use of elevators. Design consideration: This feature is used to capture the impact of the special factor of 
visitation time on elevator pedestrian flow.    

• Numb_of_inpatients: represents the number of hospitalized patients, ranging from 100 to 500. The number 
of hospitalized patients will affect the flow of personnel within the hospital, and the activities of patients and 
their families will use elevators. Therefore, the more hospitalized patients there are, the greater the demand for 
elevator use may be. Design consideration: Using the number of hospitalized patients as a feature can reflect the 
impact of patient related activities within the hospital on elevator pedestrian flow.    

• Is_peak_interfloor: binary feature, 0 represents non inter layer peak period, 1 represents inter layer peak 
period. The peak period between floors may be related to medical activities of medical staff or patients between 
different floors, resulting in frequent movement of personnel between floors, and the use of elevators will be 
more frequent at this time. Design consideration: This feature is used to capture the impact of the peak period 
between floors on elevator pedestrian flow.

(2) Data collection. Collect historical elevator usage data, including passenger flow records of elevators and 
related factors such as time and environment.

(3) Data preprocessing. Including data cleaning, feature engineering, and data segmentation.
(4) Construction of Random Forest Model. Including: self sampling, tree construction, forest integration.
(5) Model training. Train a random forest model using the training set through the above process. Each tree 

learns how to predict elevator traffic flow based on input features during the training process.
(6) Model validation. Evaluate the performance of the model using a test set and calculate performance metrics 

such as mean square error (MSE), root mean square error (RMSE), or coefficient of determination (R²).
(7) Model prediction. For new input data, each tree will provide a predicted value. The final prediction of a 

random forest is the average of the predicted values of all trees.
This piece of pseudo code implements a random forest regression model. Random forest is an ensemble 

learning method that consists of multiple decision trees. Each decision tree is trained on a dataset obtained 
through bootstrap sampling, and a subset of features is randomly selected when splitting each node. The final 
prediction is the average of the predictions from all decision trees. By utilizing bootstrap sampling and random 
feature selection, the random forest can reduce over-fitting, enhance the model’s generalization ability, and 
increase both stability and accuracy [20-22]. The specific implementation process is as follows:

5.1   The Number of Tree

In this code, the number of trees is controlled by the hyper parameter n_estimators. In the hyper parameter tuning 
section, different values were set for n_estimators using the param_dest dictionary, specifically [50, 100, 200, 
300]. RandomizedSearchCV will randomly select 10 sets of n_iter from these candidate values to try and find the 
optimal n_estimators value.

param_dist = {
'n_estimators': [50, 100, 200, 300],
'max_depth': [5, 10, 15, 20, None],
'min_samples_split': [2, 5, 10],
'min_samples_leaf': [1, 2, 4]
}

5.2   Tuned the Parameters

(1) Max_depth: It specifies the maximum depth of the decision tree. If set to None, the decision tree will 
continue to grow until all leaf nodes are pure nodes or reach the minimum sample size limit. The candidate 
values for x_depth in the code are [5, 10, 15, 20, None].
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(2) Min_Samples_split: This parameter represents the minimum number of samples required to split internal 
nodes. When the sample size of a node is less than this value, it will no longer be split. The candidate values for 
min_stamples_split in the code are [2, 5, 10].

(3) Min_Samples_leaf: It refers to the minimum number of samples required for leaf nodes. If the sample size 
of a leaf node is less than this value, it may be pruned. The candidate values for min_stamples_leaf in the code 
are [1, 2, 4].

5.3   Cross Validation Strategy

The code uses a combination of random search and cross validation to find the optimal hyperparameters. The 
specific cross validation strategy used is the cv parameter in RandomizedSearchCV, which is set to cv=5, that is, 
5-fold cross validation.

The specific method of 5-fold cross validation is to divide the training dataset into 5 subsets of similar size, 
selecting 1 subset as the validation set and the remaining 4 subsets as the training set each time. This will repeat 
the training and validation process 5 times. Finally, the optimal hyper parameter combination is determined by 
evaluating the average performance of these 5 validation results.

The time complexity of the random forest algorithm mainly depends on the construction and prediction 
processes of the decision trees. In the worst-case scenario, the depth of a decision tree may reach O(N). At this 
time, the time complexity of constructing the random forest is [Here you didn’t provide the complete complexity 
expression, it should be something like O(BMN2) according to the previous analysis, you can fill it in as 
appropriate], and the time complexity of prediction is O(BN). However, in practical applications, the depth of 
the decision tree is usually much smaller than the number of samples, so the actual time complexity will be much 
lower than the worst-case scenario.

6   Simulation and Evaluation

The hardware environment of the experiment adopts a computer equipped with Intel Core I7 processor and 16GB 
memory to ensure the efficiency of data processing and model training. In terms of software [23-24], Python 
programming language is used, and powerful open source libraries such as Scikit learn, Pandas, Numpy are 
utilized for data processing, model building, and evaluation.

6.1   Experimental Dataset and Partitioning

The experimental dataset is derived from the historical operational data of the elevator control system in the 
hospital’s inpatient building. This dataset records essential information, including elevator operating times, floor 
stopping conditions, and the number of passengers entering and exiting. The collected elevator traffic flow data is 
normalized and divided into three subsets: a training set, a validation set, and a test set, with proportions of 70%, 
15%, and 15%, respectively. The training set is utilized to train a random forest regression model and to identify 
potential patterns within the data. The validation set is employed to fine-tune the model’s hyper-parameters, 
thereby preventing over-fitting. Finally, the test set is used to assess the model’s generalization ability and to 
ensure its predictive accuracy on previously unseen data. 

6.2   Parameter Settings

When constructing a random forest regression model, it is necessary to set the key hyper-parameters of the 
model. The number of decision trees (n_estimators) is set to 100 to balance the complexity and computational 
efficiency of the model; Set the maximum depth (x_depth) to 10 to prevent over-fitting caused by the decision 
tree being too deep; The minimum number of sample partitions (min_stamples_split) is set to 2, and the 
minimum number of sample leaf nodes (min_stamples_leaf) is set to 1. In addition, a combination of grid search 
and cross validation is used to optimize hyper-parameters and find the optimal parameter combination.
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6.3   Model Evaluation and Result Analysis

Selection of Evaluation Indicators.  To comprehensively evaluate the predictive performance of the random 
forest regression model, mean square error (MSE), root mean square error (RMSE), mean absolute error (MAE), 
and coefficient of determination (R²) were selected as evaluation indicators. MSE and RMSE are used to measure 
the average sum of squared errors between predicted and true values, MAE reflects the average absolute error 
between predicted and true values, and R ² is used to evaluate the model’s goodness of fit to the data. ​

Comparison and Analysis of Experimental Results.  We will compare the prediction results of the Random 
Forest Regression (RDF) model with other mainstream prediction models such as SVM, BP neural network, etc. 
for the two traffic modes of upward peak traffic mode and inter floor peak traffic mode in high-rise hospital build-
ings. The experimental results are shown in Fig. 2-Fig. 3 and Table 2-Table 3. Through the analysis of experi-
mental results, it was found that the random forest regression model performed well in all evaluation indicators, 
with lower MSE, RMSE, and MAE values, as well as higher R² values, proving the superiority of the model in 
predicting elevator traffic flow in inpatient buildings of tertiary hospitals. 

  

                                          (a) BP-NN                                                                                    (b) SVM

(c) RDF

Fig. 2. Comparison of prediction results of different algorithms during the upward traffic peak period
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                                          (a) BP-NN                                                                                     (b) SVM

(c) RDF

Fig. 3. Comparison of Prediction results of different algorithms during the inter-layer peak period

Table 2. Comparison of performance indicators for predicting elevator traffic flow during peak hours

Method
Metrics MSE RMSE MAE R²

SVM 32.56 27.69 23.82 0.18
BP-NN 29.81 24.36 23.64 0.103

Random_forest 8.44 2.91 2.43 0.241

Table 3. Comparison of performance indicators for predicting peak elevator traffic flow between floors

Method
Metrics MSE RMSE MAE R²

SVM 59.6 30.74 26.81 0.053
BP-NN 49.6 28.5 24.2 0.038

Random_forest 36.2 24.71 21.19 0.078

7   Conclusion

Conducting research on the prediction and simulation of elevator traffic flow in high-rise inpatient buildings of 
hospitals is of paramount importance for enhancing the operational efficiency and service quality of hospital 
elevator systems. Extensive studies have revealed that multiple factors significantly impact elevator traffic 
flow. The number of hospitalizations directly correlates with the demand for vertical transportation, as admitted 
patients frequently require movement between different floors for medical treatments, examinations, and visits. 
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Outpatient visits also play a crucial role, as the influx of patients coming for consultations, tests, and follow-
ups can create peak traffic periods, especially during specific times of the day or days of the week. Moreover, 
the duration of these visits affects the traffic flow dynamics; longer stays may lead to a more dispersed demand 
throughout the day, while shorter, concentrated visits can result in sudden surges in traffic. 

By leveraging advanced data analytic and mathematical models to accurately predict elevator traffic patterns 
and meticulously analyzing these key influencing factors, hospitals can formulate highly targeted elevator 
scheduling strategies. For instance, during peak admission seasons, hospitals can allocate more elevators to serve 
the inpatient floors, reducing the congestion and wait times for patients and their families. Similarly, during busy 
outpatient hours, elevators can be programmed to prioritize movement between the ground floor and outpatient 
departments. This approach not only empowers hospitals to efficiently meet the passenger demand during peak 
hours, thereby significantly reducing wait times and substantially improving passenger satisfaction but also 
aligns seamlessly with the hospital’s efforts towards refined management practices. It allows for better resource 
allocation, optimized staff movement, and enhanced overall hospital operations. 

In terms of engineering deployment, APIs are developed using robust Flask or Django frameworks. These 
frameworks offer flexibility and scalability, making them ideal for integrating with the hospital’s complex IoT 
systems. Once integrated, the APIs enable the seamless and real-time acquisition of sensor data from various 
sources, including elevator control systems, floor access sensors, and patient movement tracking devices. This 
data is then processed to generate accurate predictions of elevator traffic flow. To further enhance the utility 
of these predictions, feedback mechanisms are incorporated, allowing the system to continuously refine its 
forecasting models based on actual traffic patterns. 

In addition, powerful data visualization tools such as Tableau and Power BI are employed to create an 
intuitive dashboard. This dashboard provides a visual comparison of predicted and actual elevator traffic flow 
across different time periods, such as hours of the day, days of the week, and months of the year. The visual 
representation makes it easy for management to quickly identify trends, anomalies, and areas of improvement. 
For example, if there is a significant deviation between the predicted and actual traffic during a particular time 
slot, management can investigate the root cause, whether it’s an unexpected event, a malfunctioning sensor, or 
an inefficient scheduling algorithm. This dashboard also offers real-time monitoring services for management, 
ensuring that they are constantly informed about the status of the elevator system. This deployment approach 
equips management personnel with the ability to promptly identify potential issues in the elevator scheduling 
system, providing a solid quantitative foundation and comprehensive technical support for the continuous 
optimization and enhancement of the elevator system in the hospital’s inpatient building. As a result, the hospital 
can ensure smoother operations, improved patient experience, and more efficient use of its vertical transportation 
resources.
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