
Academic Editor: Christos J. Bouras

Received: 3 June 2025

Revised: 16 July 2025

Accepted: 21 July 2025

Published: 23 July 2025

Citation: Li, W.; Huang, X.; Lv, D.;

Yu, Y.; Zhang, Y.; Zhu, Z.; Zhou, T.

Transmission Opportunity and

Throughput Prediction for WLAN

Access Points via Multi-Dimensional

Feature Modeling. Electronics 2025, 14,

2941. https://doi.org/10.3390/

electronics14152941

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Transmission Opportunity and Throughput Prediction for
WLAN Access Points via Multi-Dimensional Feature Modeling
Wei Li 1, Xin Huang 1 , Danju Lv 1,*, Yueyun Yu 1, Yan Zhang 2, Zhicheng Zhu 1 and Ting Zhou 1

1 College of Big Data and Intelligent Engineering, Southwest Forestry University, Kunming 650224, China;
liwei8152@swfu.edu.cn (W.L.); huangxin615@swfu.edu.cn (X.H.); yuyueyun103@swfu.edu.cn (Y.Y.);
zhuzhicheng@swfu.edu.cn (Z.Z.); zhouting@swfu.edu.cn (T.Z.)

2 College of Mathematics and Physics, Southwest Forestry University, Kunming 650224, China;
zhangyan@swfu.edu.cn

* Correspondence: lvdanjv@swfu.edu.cn

Abstract

With the rapid development of wireless communication, Wireless Local Area Networks
(WLANs) are widely deployed in high-density environments. Ensuring fast handovers and
optimal AP selection during device roaming is critical for maintaining network throughput
and user experience. However, frequent mobility, high access density, and dynamic channel
fluctuations complicate throughput prediction. To address this, we propose a method
combining the Snow-Melting Optimizer (SMO) with decision tree regression models to
optimize feature selection and model transmission opportunities (TXOP) and AP through-
put. Experimental results show that the Extreme Gradient Boosting (XGBoost) model
performs best, achieving high prediction accuracy for TXOP (MSE = 1.3746, R2 = 0.9842)
and AP throughput (MAE = 2.5071, R2 = 0.9896). This approach effectively captures the
nonlinear relationships between throughput and network factors in dense WLAN scenarios,
demonstrating its potential for real-world applications.

Keywords: WLAN; throughput prediction; TXOP modeling; Snow-Melting Optimizer
(SMO); XGBoost regression

1. Introduction
In recent years, with the widespread deployment of wireless local area networks

(WLANs) and other IoT-oriented wireless technologies such as LoRa and ZigBee in high-
density scenarios, accurately predicting network throughput and improving user access
experience have become research hotspots [1,2]. However, due to the frequent dynamic
changes in network environments and complex interference, building predictive models
with both generalization ability and real-time responsiveness remains a challenge [3–5].

Early studies mainly relied on traditional statistical modeling methods, such as
throughput estimation models based on Markov chains, Poisson distributions, or queuing
theory [2,6]. These methods were generally founded on idealized assumptions about
network topology, channel state, and user behavior, making it difficult to capture the se-
vere fluctuations and nonlinear characteristics of network states in real-world scenarios.
Subsequently, some works introduced empirical models based on RSSI or SNR to estimate
throughput. Although simple to implement, these models often suffer from poor adapt-
ability and weak generalization ability, performing inadequately especially in complex
applications such as roaming control or frequent handoffs [7,8].
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To address these shortcomings, more researchers have begun to apply machine learn-
ing methods to model WLAN performance. Algorithms like Support Vector Machines
(SVM), Decision Trees (DT), Random Forest (RF), and Extreme Gradient Boosting (XGBoost)
have demonstrated significant advantages in nonlinear modeling and feature combination
capabilities [9–15]. Some studies have integrated multi-source information including his-
torical throughput, AP load, and RSSI to build multi-dimensional input feature models,
significantly improving prediction accuracy [16]. However, most of these approaches
are still limited to directly modeling raw physical or link layer metrics and lack deep
exploration of high-level temporal behavioral features such as TXOP distributions. Ad-
ditionally, they generally overlook potential collaborative behaviors among STAs within
time windows, leading to insufficient accuracy and adaptability in modeling complex
scenarios [10,17].

Meanwhile, feature engineering, a critical factor affecting model performance, has
not received sufficient attention. Many current modeling methods directly use all raw
features without effective feature selection mechanisms, which easily causes dimensional
redundancy, model overfitting, and poor interpretability. Although a few studies have
attempted dimensionality reduction through linear methods such as Principal Component
Analysis (PCA) or L1 regularization, these transformations often fail to preserve complex
nonlinear interactions among features [18]. Especially in high-dynamic scenarios involv-
ing concurrent multi-terminal access and rapid channel switching, model stability and
generalization ability remain to be improved [19].

To improve feature selection efficiency and overcome the limitations of linear dimen-
sionality reduction, researchers have gradually introduced swarm intelligence algorithms
to optimize the feature or model parameter space. Algorithms such as Particle Swarm Opti-
mization (PSO) and Ant Colony Optimization (ACO), inspired by natural group behaviors,
achieve global search in high-dimensional spaces [20,21]. These methods have demon-
strated good performance in various machine learning tasks and have been applied to
feature selection and resource scheduling problems in WLAN-related scenarios. However,
when facing WLAN modeling tasks with high feature dimensionality, drastic state changes,
and complex feature interactions, traditional swarm intelligence algorithms face multiple
challenges. For example, although PSO and ACO possess global search capability, they tend
to become trapped in local optima in high-dimensional spaces, exhibit slow convergence
and unstable behavior; moreover, they often operate independently of prediction models,
lacking sufficient utilization of model feedback information, limiting their collaborative
efficiency with machine learning models [18].

To overcome these bottlenecks, this paper proposes a feature selection and modeling
method combining the Snow-Melting Optimizer (SMO) [22] with decision regression
models. This approach first uses the SMO to efficiently select a key subset of features in the
high-dimensional feature space, then inputs them into an ensemble of regression models
for joint prediction of WLAN’s transmission opportunity (TXOP) and throughput. This
strategy improves prediction accuracy while effectively reducing feature redundancy and
computational complexity, providing a more robust solution for bandwidth modeling in
dynamic wireless environments. The main contributions of this work are as follows:

1. A WLAN performance modeling framework combining the Snow-Melting Optimizer
(SMO) and regression models is proposed: addressing the high-dimensional, dynamic,
and nonlinear prediction challenges of throughput and transmission opportunity in
WLAN, this work introduces a novel metaheuristic algorithm, SMO, for efficient
key feature selection and integration with regression models to improve prediction
accuracy and robustness.
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2. A collaborative mechanism between the SMO and decision regression models is
constructed: by integrating the SMO with decision tree regression models, which
have good interpretability and generalization ability, a deep synergy between feature
selection and modeling is achieved, effectively reducing feature redundancy and
overfitting risks while enhancing adaptability to complex network fluctuations.

3. Joint prediction of TXOP and throughput in dynamic WLAN scenarios: besides
traditional throughput modeling, transmission opportunity (TXOP) is introduced as
an auxiliary modeling target, constructing a prediction system more aligned with
MAC layer transmission mechanisms, thereby better capturing the impact of terminal
competition behaviors on bandwidth performance.

4. Systematic evaluation on real or simulated datasets: comparative experiments with
multiple baseline methods verify the advantages of the proposed method in feature se-
lection efficiency, prediction accuracy, and model stability, demonstrating its practical
potential in dynamic wireless environments.

2. Data Preprocessing and Feature Engineering
2.1. Dataset

The dataset used in this study originates from a specific wireless communication testing
scenario. The raw data is stored in a structured database format, with key table fields sum-
marized in Table 1. The data primarily includes basic test information, network parameters,
device identification details, and statistical features such as an RSSI (Received Signal Strength
Indicator), aiming to support subsequent feature extraction, modeling, and analysis.

Table 1. Dataset label descriptions.

Field Name Description

test_id Test ID, used to identify each independent test
test_dur Test duration (unit: s)
loc_id Location ID, indicating the area where data collection occurred

protocol Communication protocol type used (e.g., 802.11n, 802.11ac)
pkt_len Network packet length (unit: bytes)
bss_id Basic Service Set Identifier

ap_name Access Point device name
ap_mac Access Point MAC address
ap_id Access Point ID, used to associate with terminals

pd Preamble length
ed Extended Detection flag

nav Network Allocation Vector
eirp Effective Isotropic Radiated Power

sta_mac Terminal (STA) MAC address
sta_id Terminal ID, used to uniquely identify each terminal device

sta_from_sta_0_rssi RSSI received by STA from STA_0 (unit: dBm)
sta_from_sta_1_rssi RSSI received by STA from STA_1 (unit: dBm)

nss Number of Spatial Streams
mcs Modulation and Coding Scheme number
per Packet Error Rate

num_ampdu Number of Aggregated MAC Protocol Data Units (AMPDU)
ppdu_dur Physical layer Protocol Data Unit (PPDU) duration

other_air_time Channel occupancy time by other devices
throughput Network throughput (unit: Mbps)

seq_time Timestamp sequence corresponding to the current record

During data collection, the test network topology is illustrated in Figure 1: under
the same frequency band configuration, two Access Points (APs) were deployed, each
transmitting downlink data to their associated terminal devices (STAs). The dataset records
not only the network topology configuration, traffic load, threshold parameters, and RSSI
between nodes but also key frame-level statistical information collected during testing,
such as transmission duration per node, modulation and coding scheme (MCS), number of
spatial streams (NSS), packet error rate (PER), and actual throughput.
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Figure 1. Schematic diagram of wireless dataset feature collection.

2.2. Label Encoding

Since several variables in the dataset—such as loc_id, protocol, ap_name, ap_mac,
ap_id, sta_mac, and sta_id—are in string format, they cannot be directly used for model
training and prediction. Therefore, these categorical string variables need to be label
encoded. Label encoding maps each unique category to an integer, thereby converting
non-numerical data into a numerical form that can be processed by the model.

2.3. Feature Engineering

The features used in this study are shown in Table 1. However, since the RSSI values
received by each antenna of the AP are collected every 0.5 s, these signals often contain
noise, missing values, and irregular fluctuations. Therefore, it is necessary to preprocess
the RSSI information between nodes. This primarily involves extracting statistical features
from the received RSSI data. The extracted features include the following ten statistical
metrics: maximum, minimum, mean, variance, standard deviation, kurtosis, skewness, rate
of change in the RSSI, count of received RSSI values, and the time of RSSI reception.

Except for the count of received RSSI values, the other nine statistical features are
extracted using the following methods:

(1) Maximum (RSSImax)
RSSImax = max(Xi) (1)

where Xi represents the sequence of received RSSI values.
(2) Minimum (RSSImin)

RSSImin = min(Xi) (2)

(3) Mean (RSSImean)

RSSImean =
1

RSSIN

N

∑
i=1

Xi (3)

(4) Variance (RSSIvar)

RSSIvar =
1

RSSIN

RSSIN

∑
i=1

(Xi − RSSImean)
2 (4)

(5) Standard Deviation (RSSIstd)

RSSIstd =

√√√√ 1
RSSIN

RSSIN

∑
i=1

(Xi − RSSImean)
2 (5)

(6) Kurtosis (RSSIkur)

RSSIkur =
1

RSSIN

RSSIN

∑
i=1

(
Xi − RSSImean

RSSIstd

)
− 3 (6)
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(7) Skewness (RSSISke)

RSSISke =
1

RSSIN

RSSIN

∑
i=1

(
Xi − RSSImean

RSSIstd

)
(7)

(8) Rate of Change in the RSSI (RSSICR)

RSSICR =
Xt − Xt−1

Xt−1
(8)

where Xt is the RSSI value received at time t, and Xt−1 is the RSSI value collected at
time t − 1.

Reception Time of RSSI:

RSSItime = RSSIN × 0.5 (9)

Through feature extraction, excluding the test ID (test_id), the features from two
wireless receiving points total 221 dimensions, while the features from three wireless
receiving points total 334 dimensions.

3. Method
This paper proposes a feature selection and modeling method that integrates the

Snow-Melting Optimizer (SMO) with decision regression models, aiming to improve the
prediction accuracy of transmission opportunity (TXOP) and throughput in WLANs. The
method first performs a global search in the high-dimensional feature space using the SMO
to efficiently select a subset of features that critically contribute to prediction performance.
Subsequently, the selected feature subset is fed into multiple ensemble regression models
for parallel modeling and joint prediction. This approach combines the accuracy of feature
selection with the robustness of modeling and prediction. The overall process is illustrated
in Figure 2.

Figure 2. Proposed method in this study.

3.1. Binary Random Pruning Snow Melting Optimizer with Decision Tree (BiRPSMO-DT)

Wrapper feature selection is regarded as a combinatorial optimization problem, where
different subsets of features yield different scores using the same regression method. In this
problem, each feature has two states: selected (represented as 1) or not selected (represented
as 0). Since the SMO algorithm initializes individuals in a continuous space, the magnitude
and range of feature values need to be considered, especially when dealing with large-scale
datasets, which can lead to higher computational costs. In contrast, a binary population
can more directly represent the solution space of the problem, enabling efficient searching
within the feature subset space to find the optimal feature combination.
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This study employs the Sigmoid function to map the SMO algorithm’s population from
continuous space to a binary search space to explore feature subsets. The subsets are then
evaluated using a decision tree (DT) to identify the optimal feature subset, thereby addressing
the feature selection problem and improving the model’s generalization capability.

(1) Binary Population Initialization

This paper uses the S-shaped function to transform the continuous space into a binary
search space for population initialization. The S-shaped function maps values from the
continuous space to the range between 0 and 1. The purpose of this transformation function
is to convert continuous values into binary values. In BiRPSMO, the binary solution space is
represented by an N × D matrix, where N is the population size and D is the dimensionality
of the dataset. Values of 1 and 0, respectively, indicate that a feature is selected or not
selected. The expression of the Sigmoid function is shown in Equation (10), illustrating the
output of the S-shaped function in a continuous form.

Xk
si
(t) =

1

1 + e−Xk
i (t)

(10)

where Xk
i (t) represents the k dimension of the i particle at iteration t.

For the feature selection problem, introducing a certain degree of randomness can
enhance the diversity and robustness of the search process. Therefore, the S-shaped function
is combined with random perturbation, that is, a certain amount of random disturbance is
added to the output value of the S-shaped function. This can be expressed as follows:

Xk
si
(t) =

1

1 + e−RBXk
i (t)

(11)

where RB is a D random perturbation.

(2) Population Constraint Strategy Based on Random Pruning

Meanwhile, a population constraint strategy based on random pruning is proposed.
This strategy limits the updated population to ensure that the number of selected indi-
viduals equals the desired number of target features. The process of the random pruning
strategy is illustrated in Figure 3.

Determine the 
target number of 
selected features

Compute the 
number of features 

in the current 
solution

Target feature count > 
Current feature count?

Randomly remove 
selected features

Randomly add no 
selected features

Fitness evaluation
Update the 

population set

 

Figure 3. The process of handling population constraints.

Specific implementation process of the algorithm:

1. Obtain the target number of features: First, retrieve the desired number of features
num_features from the input parameters.

2. Convert to binary representation: The population is converted into a binary represen-
tation, where each individual is represented as a binary string of length Dim, with
Dim denoting the total number of features. In this binary string, each bit corresponds
to a specific feature: a value of 1 indicates that the feature is selected, while a value
of 0 means the feature is not selected.

3. Calculate the number of selected features: Select the top 50% of individuals based on
fitness and compute the number of selected features (select_features) for each individual.
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4. Adjust the number of features: If the number of selected features for any individual
exceeds num_features, adjustment is required:
If select_features > num_features, randomly deselect (select_features − num_features)
features.
If select_features < num_features, randomly select (num_features − select_features)
additional features.

5. Update the population: Based on the adjustments, update each individual’s represen-
tation in the population to ensure all individuals satisfy the constraint.

This random pruning constraint strategy ensures that the number of features selected
by each solution generated during the BiRPSMO algorithm’s search process matches
the required target number. It effectively narrows the search space and improves the
algorithm’s performance and stability.

(3) Fitness Function

Feature selection can be regarded as a combinatorial optimization problem, where
meta-heuristic methods are employed as approximate solutions to find the optimal or
near-optimal subset of features. To guide the optimization process effectively, it is essential
to define an appropriate objective function that serves as the evaluation criterion during
algorithm iterations. The objective function is defined as shown in Equation (12):

Fitnessregression = ω(
1
N

N

∑
i=1

(yi − ŷi)
2) + (1 − ω)

SF
TF

(12)

(4) Snow Ablation Optimizer Algorithm Process

In each generation of the SMO algorithm, new candidate solutions are generated
based on the current feature subsets, and the best solution is updated by evaluating the
performance of the wide learning system on these candidates. Through continuous iterative
optimization, the final best solution represents the optimal feature subset along with the
corresponding performance of the wide learning system. The specific algorithm process is
as follows (Algorithm 1):

Algorithm 1: Feature Selection Based on BiRPSMO and DT

Definitions: Population size Xi(i = 1, 2, . . . , N), feature dimension Dim, iteration coun t = 0, maximum
iterations tmax , two subpopulations Na = Nb = N

2 , optimal feature set S f = ∅, elite pool Elite = ∅.
Steps:
1. Initialize the population (snow pile) X as N individuals of Dim-dimensional binary strings, and the best
position G(t).
2. Apply constraints to the population.
3. Calculate the initial population’s objective function values using DT and record the best individual G(t).
4. Rank individuals by score and build the elite pool Elite(t).
5. While t < tmax , do:

5.1 Calculate snow melting rate M and the centroid of the population X(t) according to
Formulas (10) and (6).
5.2 Randomly divide the population into two groups Pa and Pb.
5.3 Update Pa based-on Elite(t), G(t), X(t), and the S-shaped transfer function.
5.4 Adjust Pa and Pb according to Formula (13).
5.5 Update Pb based on G(t), X(t), and the S-shaped function.
5.6 Recalculate objective scores of the updated population; if improved, update best score
and position.
5.7 Update Elite(t).
5.8 t = t + 1.

6. End.
7. Return the best position G(t).
8. Map the best position back to the binary population and select features S f .
9. Output the feature subset S f .
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3.2. Decision Tree Regression

Decision Tree Regression is a nonlinear supervised learning method based on a tree
structure. Its core idea is to recursively partition the data into multiple subregions and fit a
constant value in each region to perform the prediction task. The entire tree consists of a
series of nodes and branches: each internal node corresponds to a decision rule based on
a feature; each branch represents a value range or condition for that feature; and the leaf
nodes represent the final prediction output.

Depending on the splitting criteria and application tasks, decision tree algorithms
come in several variants, such as ID3 (Iterative Dichotomiser 3), C4.5, CART (Classification
and Regression Tree), and MARS (Multivariate Adaptive Regression Splines). Among them,
ID3 and C4.5 build multi-way classification trees and are suitable for classification tasks
with discrete labels, whereas the CART algorithm supports building both classification and
regression trees, making it one of the most widely used methods for regression tasks.

In CART regression trees, the model selects the best splitting feature and split point
by minimizing the Mean Squared Error (MSE) within the nodes. It then recursively splits
the data in a binary fashion until a stopping condition is met. Unlike classification trees
that use metrics like the Gini index or information gain, regression trees use variance or
prediction error as the splitting criterion, ensuring that the samples in each leaf node are as
similar as possible.

in = (
1

2n

n

∑
i=1

(
yi − Xiβ)

2 + λ ∥ β ∥1

)
(13)

where n is the number of samples; yi is the response value of the sample i; Xi is the feature
vector of the i sample; and λ is the regularization parameter that controls the strength of
the L1 regularization. ∥β∥1 denotes the L1 norm. In this objective function, the first term is
the loss function (mean squared error), and the second term is the L1 regularization term,
which aims to achieve feature selection by penalizing large coefficients. By choosing an
appropriate value for λ, the sparsity of the features can be controlled, thereby enabling
feature selection.

4. Results and Discussion
The parameters used for feature selection and regression models are summarized

in Table 2. For the feature selection task, the maximum number of iterations (t) for the
GA [23], PSO [24], SMO, and the hybrid algorithm BiRPSMO was uniformly set to 100,
with a population size (N) of 30. To reduce the impact of randomness on the results, all
optimization algorithms and regression models were independently executed 10 times
under identical parameter settings. The average performance over these runs was then
evaluated and compared.

Table 2. Parameter settings for different algorithms and models.

Model Hyperparameters

Genetic Algorithm (GA) Crossover rate = 0.8; Mutation rate = 0.1
Particle Swarm Optimization (PSO) Cognitive coefficient (c1) = 0.5; Social coefficient; (c2) = 0.3; Inertia weight (ω) = 0.9

Snow Melting Algorithm (SMO) Elite pool size = 0.5 × N
BiRPSMO Elite pool size = 0.5 × N

Multiple Linear Regression Intercept term enabled (fit_intercept = True)
LASSO Regression Regularization parameter (alpha) = 1.0 Intercept term enabled (fit_intercept = True)
Ridge Regression Regularization parameter (alpha) = 1.0 Intercept term enabled (fit_intercept = True)

Decision Tree Regression Minimum samples per leaf = 1
Random Forest Regression Number of trees = 100; Minimum samples per leaf = 1

XGBoost Regression Number of weak learners = 100; Learning rate = 0.3
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4.1. Feature Selection

The experimental results shown in Table 3 demonstrate significant differences in
prediction performance and feature dimension control when applying different feature se-
lection methods within the decision tree model. Overall, the BiRPSMO_DT model achieves
the best performance across all evaluation metrics, with a mean absolute error (MAE)
of 1.9141, mean absolute percentage error (MAPE) of 5.7604, mean squared error (MSE)
of 11.2816, root mean squared error (RMSE) of 3.3588, and a coefficient of determination
(R2) reaching 0.8999, while selecting only 44 features. This demonstrates a good balance be-
tween predictive accuracy and feature compression. In comparison, although GA_DT and
PSO_DT maintain relatively high R2 values (0.8830 and 0.8782, respectively), their error met-
rics are slightly higher, and they select more features—96 and 109, respectively—indicating
lower feature selection efficiency than BiRPSMO_DT. BiSMO_DT controls the number of
selected features well by retaining only 39 features but exhibits relatively lower predic-
tive accuracy, with an MAE of 2.3524 and R2 dropping to 0.8592, indicating that it loses
considerable useful information while compressing features. In summary, BiRPSMO_DT
significantly improves model prediction performance while maintaining fewer selected
features, proving its superior feature selection capability for device identification and signal
feature data, making it the optimal feature selection method for this task.

Table 3. Performance comparison of different feature selection methods.

Model MAE MAPE MSE RMSE R2 Number of Selected Features

GA_DT 2.1866 6.5722 13.1898 3.6318 0.8830 96
PSO_DT 2.1947 6.5835 13.7231 3.7045 0.8782 109

BiSMO_DT 2.3524 7.4458 15.8739 3.9842 0.8592 39
BiRPSMO_DT 1.9141 5.7604 11.2816 3.3588 0.8999 44

4.2. Feature Contribution

Based on the data obtained from the previous feature selection, Decision Tree, Random
Forest, and XGBoost methods were used, respectively, to analyze the feature contributions of
wireless network performance characteristics. The analysis results are shown in Figures 4–7.

Figure 4. Feature contribution results of decision tree.
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Figure 5. Feature contribution results of random forest.

Figure 6. Feature contribution results of XGBoost.

From the feature importance analysis results, eirp (Equivalent Isotropically Radiated
Power) demonstrates significant importance across all three models, serving as a core
variable influencing model prediction performance. In the Decision Tree, Random Forest,
and XGBoost models, the feature importance of eirp is 0.5538, 0.5843, and 0.2883, respec-
tively, all markedly higher than other features. This indicates its dominant role in device
identification and wireless signal modeling. This finding also confirms the fundamental
impact of transmission power on signal quality and reception performance in wireless
communication systems.
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Figure 7. Comparison of feature importance across Decision Tree, Random Forest, and XGBoost methods.

Throughput ranks as the second most important feature across all three models, with
importance values of 0.2472 in Decision Tree, 0.2254 in Random Forest, and 0.1319 in
XGBoost. This indicates that throughput also has strong explanatory power for system
performance and may reflect the intrinsic relationship between device communication
quality and stability. Additionally, the models differ in their sensitivity to other features.
Both the Decision Tree and Random Forest methods identify ppdu_dur (PPDU dura-
tion) as the third most important feature, highlighting its strong discriminative ability in
traditional information gain-based tree models. In contrast, the XGBoost model assigns rel-
atively higher weights to RSSI-related features such as sta_from_ap_0_sum_ant_rssi_count,
ap_from_ap_0_sum_ant_rssi_sum, and sta_from_ap_1_sum_ant_rssi_min, suggesting that
the gradient boosting mechanism is better at capturing nonlinear patterns in RSSI statistical
features. Looking at overall statistics, the average feature importance across the three mod-
els is 0.0227, but the standard deviations differ: Decision Tree (0.0896) and Random Forest
(0.0923) are relatively high, whereas XGBoost’s standard deviation is 0.0514. This implies
that XGBoost distributes importance more evenly, showing a more balanced reliance on
multiple features and potentially stronger generalization capability.

Overall, eirp and throughput are consistently recognized as key features across models,
indicating their high stability and broad applicability. In contrast, the importance of the
RSSI and its statistical derivatives is more influenced by the model structure, showing
especially strong performance in ensemble-based models.

4.3. Transmission Opportunity Prediction

This study employs multiple linear regression, LASSO Regression, Ridge Regression,
Decision Tree Regression, Random Forest Regression, and XGBoost Regression to build
prediction models. The fitted plots and evaluation results of each model are shown in
Figure 8 and Table 4.

As shown in Figure 8 and Table 4, the six regression models exhibit notable differences
in prediction accuracy based on various evaluation metrics (MAE, MAPE, MSE, RMSE,
R2). The traditional linear models—Multiple Linear Regression, LASSO Regression, and
Ridge Regression—demonstrate relatively weaker overall performance, with R2 values
around 0.80, indicating that they can explain approximately 80% of the variance in the
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target variable. Among them, Ridge Regression slightly outperforms the others in terms of
MSE and R2, suggesting its advantage in handling multicollinearity.

 

(a) Multiple Linear Regression  (b) LASSO Regression 

 

(c) Ridge Regression  (d) Decision Tree Regression 

 

(e) Random Forest Regression  (f) XGBoost Regression 

Figure 8. Fitting results of the 2-AP transmission opportunity prediction models.

Table 4. Evaluation metrics of the 2AP model predictions.

Model MAE MAPE MSE RMSE R2

Multiple Linear Regression 3.321 0.11569 17.292 4.1584 0.80155
LASSO Regression 3.321 0.11571 17.2848 4.1575 0.80164
Ridge Regression 3.3392 0.11782 16.7709 4.0952 0.80753

Decision Tree Regression 1.3623 0.046989 4.3808 2.093 0.94973
Random Forest Regression 2.0796 0.084708 7.0621 2.6575 0.91895

XGBoost Regression 0.9016 0.035258 1.3746 1.1724 0.98422

In contrast, tree-based methods significantly improve model fitting capabilities. Deci-
sion Tree Regression achieves lower MAE and RMSE values of 1.3623 and 2.093, respectively,
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with an R2 of 0.94973, demonstrating strong capacity in modeling nonlinear relationships.
However, its relatively limited generalization ability may pose a risk of overfitting, espe-
cially when dealing with small sample sizes or complex feature spaces.

Random Forest Regression outperforms linear models across all metrics and effectively
mitigates the overfitting risk associated with a single decision tree. With an R2 of 0.91895
and substantially reduced prediction errors, it showcases the robustness and strong gener-
alization capability of ensemble learning methods.

Among all models, XGBoost Regression delivers the best performance. It achieves
the lowest MAE of 0.9016, MAPE of 0.035258, and MSE and RMSE values of 1.3746 and
1.1724, respectively, with a remarkably high R2 of 0.98422. These results indicate that
XGBoost nearly perfectly fits the data. By integrating regularization, automatic feature
selection, and weighted boosting mechanisms, XGBoost not only prevents overfitting but
also significantly enhances model expressiveness.

In summary, although linear models offer advantages in interpretability, they
are limited in modeling complex relationships. Tree-based models and ensemble
methods—especially XGBoost—demonstrate excellent performance in terms of both fitting
accuracy and stability, making them the preferred approach for this type of prediction
task. The experimental results confirm that XGBoost regression can effectively enhance the
prediction accuracy of AP transmission opportunities.

4.4. AP Throughput and Bandwidth Prediction

This section builds models to predict the uplink and downlink bandwidth of the
transmitting AP using six regression algorithms—Multiple Linear Regression [25], LASSO
Regression [26], Ridge Regression [27], Decision Tree Regression [28], Random Forest
Regression [29], and XGBoost Regression [30]—based on the selected features. The perfor-
mance of each regression model is comprehensively evaluated using three metrics: Mean
Squared Error (MSE), Root Mean Squared Error (RMSE), and the coefficient of determina-
tion (R2), The relevant experimental results are shown in Figure 9.

As shown in Table 5, the comparison of prediction performances across multiple
regression models reveals significant differences in their ability to predict throughput.
Among the traditional linear models, both Multiple Linear Regression and LASSO Regres-
sion exhibit relatively large prediction errors, with MAE values above 22 and R2 values
of 0.0252 and 0.3397, respectively, indicating limited explanatory power for throughput.
This limitation likely stems from the complex nonlinear relationships among features in-
volved in throughput prediction, which exceed the fitting capacity of linear models. Ridge
regression performs even worse, with an RMSE of 32.66 and R2 of 0.1875, possibly due to
its sensitivity to outliers or overly strong regularization.

In contrast, ensemble learning algorithms show much better performance. Decision
Tree Regression stands out with an R2 of 0.9408, meaning it can explain the majority of
data variance. Its MAE is only 4.61 and RMSE just 6.67, demonstrating strong fitting
accuracy. However, single trees are prone to overfitting, so the model’s generalization
ability requires further validation. Random forest regression significantly improves stability
and generalization; although its MAE (8.04) is slightly higher than that of the decision
tree, its overall RMSE (11.15) and R2 (0.8687) still indicate solid performance. As a model
combining multiple decision trees, Random Forest effectively handles nonlinear feature
interactions and noise robustness.

The best performing model is XGBoost regression, which achieves the top scores across
all metrics: MAE of only 2.51, MAPE of 0.0432, MSE of 10.80, and an R2 as high as 0.9896.
This indicates near-perfect fitting on the training data. By leveraging gradient boosting
and regularization techniques, XGBoost effectively enhances both accuracy and robustness,



Electronics 2025, 14, 2941 14 of 18

making it especially suitable for datasets with complex relationships and numerous features.

 

(a) Multiple Linear Regression  (b) LASSO Regression 

 

(c) Ridge Regression  (d) Decision Tree Regression 

 

(e) Random Forest Regression  (f) XGBoost Regression 

Figure 9. Fitting results of the AP throughput and bandwidth prediction models.

Table 5. Throughput prediction results under 2-AP scenario.

Model MAE MAPE MSE RMSE R2

Multiple Linear Regression 22.624 0.32647 808.9904 28.4428 0.025225
LASSO Regression 22.7191 0.32735 809.9635 28.45999 0.33971
Ridge Regression 27.0598 0.37995 1066.7536 32.6612 0.18751

Decision Tree Regression 4.6083 0.062756 44.5059 6.6713 0.94081
Random Forest Regression 8.0441 0.13538 124.2838 11.1483 0.86873

XGBoost Regression 2.5071 0.043215 10.8037 3.2869 0.98957

4.5. Discussion

The experimental results, presented in Tables 4 and 5, correspond to the prediction
of WLAN transmission opportunity and throughput, respectively. Among the evaluated
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models, the XGBoost Regression model consistently outperforms others across all metrics,
demonstrating lower prediction errors and better fitting performance. This superiority
mainly stems from XGBoost’s use of the gradient boosting tree method, which effectively
captures complex nonlinear relationships in the data through iterative weak learners. Its
built-in regularization mechanism helps prevent overfitting, thereby enhancing model
stability and generalization capability. Additionally, XGBoost’s automatic handling of
missing values and efficient computational performance enable it to achieve stronger pre-
dictive accuracy and practicality when dealing with complex tasks influenced by multiple
factors, such as WLAN throughput and transmission opportunity prediction. Although the
methods proposed in this study have achieved good performance in transmission oppor-
tunity and throughput prediction tasks, there are still some limitations. First, the feature
selection process relies on the global search capability of SAO, whose convergence speed
and stability may be affected when dealing with larger-scale datasets. Second, this study
mainly evaluates static datasets and has yet to consider modeling requirements for dynamic
scenarios in real WLANs. Moreover, some model parameters were not automatically tuned
during training, which might impact the final prediction performance. Future work could
further incorporate adaptive parameter optimization strategies combined with time-series
modeling methods to enhance the model’s generalization ability and real-time prediction
performance in practical network environments.

In addition, correlation analysis (see Figures 4–7) indicates that transmission opportu-
nity and throughput exhibit a nonlinear or weak correlation. This suggests that in certain
cases, even with sufficient transmission opportunities, overall throughput may still de-
cline due to deteriorated channel conditions, frequent collisions, or inefficient resource
scheduling, reflecting a complex coupling relationship between the two. Further analysis
shows that among all influencing factors, Equivalent Isotropically Radiated Power (eirp)
demonstrates the strongest correlation with network throughput, indicating that signal
transmission strength has a significant impact on overall data transmission performance.

5. Conclusions
This paper proposes a feature selection and modeling method that integrates the Snow

Melt Optimizer (SMO) with a Decision Tree Regression model to predict transmission
opportunities and throughput in WLANs. Experimental results show that this method can
significantly reduce feature dimensionality while maintaining high prediction accuracy.
Notably, after employing the XGBoost model, all performance metrics outperform tradi-
tional methods, validating the effectiveness and reliability of this approach in handling
high-dimensional network data and modeling complex relationships.

6. Limitations and Future Work
The proposed method shows good results but still has some limitations. In this paper,

“static scenarios” means the Sta devices stay in fixed positions and do not move. First,
the feature selection method based on the Snow Melt Optimizer (SMO) may have slower
convergence and less stability when working with larger datasets. Further theoretical
analysis and experimental validation are needed to study this problem and find other
solutions. Second, our experiments use only static datasets. We have not fully considered
dynamic scenarios where Sta devices move. The effects of device movement on the channel,
multipath, and model performance need to be explained more clearly. In future work,
we will combine spatiotemporal feature analysis with trajectory prediction. This will
help improve the model’s ability to adapt and predict in real time for dynamic WLAN
environments. It will also better support network resource allocation and service quality.
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The following abbreviations are used in this manuscript:

WLAN Wireless Local Area Network
AP Access Point
AC Access Controller
TXOP Transmission Opportunity
STA Station
SNR Signal-to-Noise Ratio
RSSI Received Signal Strength Indicator
MCS Modulation and Coding Scheme
NSS Number of Spatial Streams
PER Packet Error Rate
PPDU Physical Layer Protocol Data Unit
EIRP Effective Isotropic Radiated Power
MAC Medium Access Control
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MSE Mean Squared Error
RMSE Root Mean Squared Error
R2 Coefficient of Determination
SVM Support Vector Machine
RF Random Forest
DT Decision Tree
XGBoost Extreme Gradient Boosting
PCA Principal Component Analysis
ACO Ant Colony Optimization
PSO Particle Swarm Optimization
SMO Snow-Melting Optimizer
TCP Transmission Control Protocol
UDP User Datagram Protocol
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