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Abstract: Wi-Fi fingerprint-based indoor localization has garnered significant attention due to its low 
cost, easy deployment, and high accuracy. However, indoor signal fluctuations and existing method 
limitations—such as single algorithm usage, low accuracy, and poor generalization—lead to 
suboptimal localization precision and stability. To address these issues, this paper proposes an 
improved dung beetle optimizer (IDBO)–stacking indoor fingerprint localization algorithm based on 
uncertainty estimation. In the offline phase, a hybrid filtering method combining bilateral and Gaussian 
filtering is first applied to the received signal strength indication (RSSI) fingerprint data for denoising 
and edge feature preservation, improving the stability of the fingerprint database. Next, the 
combination of base learners with complementary performance is constructed. An index combining 
the Pearson coefficient and cosine similarity (the PC index) is designed to select candidate learners 
with good localization performance and significant diversity as base learners. Meanwhile, IDBO is 
introduced, which integrates circle chaotic mapping, osprey optimization, variable spiral searching, 
and Gaussian–Cauchy mutation to perform hyperparameter optimization for the learners. Finally, the 
training of the base learners and the meta-learner is completed and saved for subsequent online 
localization. In the online phase, the RSSI signal of the target device is collected in real time and input 
into the trained base learners. Using the proposed dynamic weight allocation method with uncertainty 
estimation, the fusion weights of each base learner are dynamically adjusted according to their 
performance on different data subsets. The final positioning coordinates are output by the meta-learner. 
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Experimental results show that the proposed algorithm achieves an average error of 1.04 m, reducing 
error by 13.46% to 36.54% compared with other ensemble methods and single algorithms. Moreover, 
the cumulative distribution function curve converges faster, demonstrating superior positioning 
performance and strong noise robustness. Moreover, validation in different environments further 
demonstrates the algorithm’s strong adaptability and generalization ability. 

Keywords: indoor localization; stacking model; uncertainty estimation; PC index; dung beetle optimizer 
 

1. Introduction 

With the continuous growth of location-based service demands, such as indoor navigation and 
asset tracking, indoor localization has become an important research area. In open outdoor 
environments, the global positioning system (GPS) can provide high-precision positioning services. 
However, in complex indoor environments, satellite signal reception is subject to attenuation or loss 
due to obstructions from buildings or other objects. Therefore, traditional GPS-based localization 
methods are not always reliable indoors [1]. To overcome this limitation, researchers have proposed 
various indoor positioning technologies. According to the different measurement devices, existing 
indoor positioning technologies can be categorized into Wi-Fi [2], Bluetooth [3], ultra-wideband 
(UWB) [4], geomagnetic [5], and radio frequency identification [6], among others. Compared with 
other technologies, Wi-Fi localization technology does not require additional hardware. It can provide 
indoor localization by utilizing the wireless local area network (WLAN) deployed in the indoor 
environment and the user’s smart devices. Therefore, Wi-Fi localization technology has become a hot 
research topic in indoor localization [7]. According to the localization principles, Wi-Fi localization 
technology can be divided into geometric and fingerprint-based localization. Geometric localization 
methods are affected by complex multipath effects and noise interference, making it difficult to 
establish accurate distance measurement models. In contrast, fingerprint-based localization methods 
do not rely on mathematical models, are less influenced by multipath effects, and can achieve more 
precise indoor localization [8]. Wi-Fi-based fingerprint localization methods construct a fingerprint 
database by collecting features such as the received signal strength indicator (RSSI) or channel state 
information (CSI). CSI requires specialized hardware to acquire the information and involves more 
complex data processing, while RSSI, which has the advantages of being easy to collect and easy to 
process, and offers higher localization accuracy, is widely used [9]. Therefore, RSSI-based Wi-Fi 
fingerprint indoor localization technology has become a hot research topic in indoor localization. 

RSSI-based fingerprint localization consists of two steps: the offline stage (training stage) and the 
online stage (localization stage). In the offline stage, the RSSI from each access point (AP) is collected 
at reference points (RPs) in the indoor environment and combined with the corresponding location 
information to construct the fingerprint database. In the online stage, the RSSI signals of the target 
object are obtained in real time, and matching algorithms are used for comparison with the offline 
database to estimate the target’s location [10]. Machine learning algorithms can model the complex 
relationship between Wi-Fi RSSI measurements and indoor locations, thereby improving the accuracy 
and robustness of localization [11]. Although existing methods have achieved promising results in 
certain scenarios, most current research still focuses on single-model approaches or relatively simple 
model combinations. These methods continue to face challenges in achieving high localization 
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accuracy and sufficient generalization capability when dealing with complex indoor environments 
characterized by multipath effects, signal fluctuations, and device heterogeneity [12]. 

To address the challenges above, multimodel fusion strategies have been gradually introduced 
into indoor localization tasks [13]. Common approaches include parallel fusion of multiple models, 
ensemble methods based on weighted averaging or voting mechanisms, and multichannel localization 
frameworks that integrate traditional algorithms with deep learning models. These fusion strategies 
leverage the complementary strengths of different models, thereby improving the system’s adaptability 
to signal fluctuations, multipath effects, and device heterogeneity to a certain extent. Building on this 
foundation, stacking, as a hierarchical ensemble learning method, offers greater potential by further 
exploiting inter-model complementarity. Through a meta-learner that re-learns the prediction results 
of multiple base models, stacking can significantly improve localization accuracy and the system’s 
robustness [14]. However, stacking-based indoor localization methods face the following issues. (i) 
Insufficient consideration of the diversity between base learners: If the base learners are highly similar, 
they may exhibit consistent errors on the same data, limiting the model’s generalization ability. (ii) 
Using fixed or uniform weight allocation strategies: These methods fail to dynamically adjust the 
weights of the base learners to reflect their performance differences on different data subsets. This may 
cause the poor performance of certain base learners to negatively impact the final localization result, 
thereby affecting both the accuracy and robustness of the localization. (iii) Model hyperparameter 
optimization is a key aspect of machine learning algorithms; improper parameter settings may lead to 
a decline in the performance of individual base learners, ultimately affecting overall localization 
performance. To enhance the robustness and accuracy of Wi-Fi fingerprint localization systems in 
complex environments, this paper proposes an IDBO–stacking indoor fingerprint localization 
algorithm based on uncertainty estimation. In the offline phase, first, to address the noise and missing 
values in the raw fingerprint data, K-nearest neighbors (KNN) imputation is used to fill in the missing 
values, and a hybrid filtering method combining Gaussian filtering and bilateral filtering is applied to 
remove high-frequency fluctuations in RSSI while preserving the edge features, thereby enhancing the 
stability of the fingerprint data. Next, to improve the performance of the stacking ensemble model, an 
index combining Pearson correlation coefficient and cosine similarity (the PC index) is constructed to 
select candidate learners with good prediction performance and high diversity as the base models. At 
the same time, to efficiently optimize the parameters of the learners, an improved dung beetle optimizer 
(IDBO) is introduced, aiming to perform hyperparameter optimization for the learners, thereby 
enhancing localization performance. Finally, the training of the base learners and the meta-learner is 
completed, and the models are saved for online localization. In the online phase, after collecting the 
real-time RSSI signals of the target device, they are input into the trained base learners for prediction, 
using the proposed a dynamic weight allocation method with uncertainty estimation. The fusion 
weights of each base learner are dynamically adjusted according to their performance on different data 
subsets, enabling weighted integration and generating a feature dataset that benefits the meta-learner. 
Finally, the meta-learner LightGBM outputs the final localization result, effectively improving the 
model’s localization accuracy and robustness in complex environments. 

(i) A hybrid filtering method combining Gaussian and bilateral filtering is proposed to enhance 
the stability of RSSI signals. In the offline stage, bilateral filtering preserves the edge features, while 
Gaussian filtering removes high-frequency noise, effectively smoothing signal fluctuations and 
improving the stability of the fingerprint database. 

(ii) An IDBO is proposed to optimize the learner hyperparameters. To overcome the limitations 
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of dung beetle optimization (DBO)—such as susceptibility to local optima and insufficient global 
search capability—IDBO integrates circle chaotic mapping, the osprey optimization algorithm, 
variable spiral searching, and Gaussian–Cauchy mutation strategies. These enhancements significantly 
improve the algorithm's exploration and exploitation capabilities, enabling effective hyperparameter 
tuning for constructing the IDBO–stacking localization model. 

(iii) The IDBO–stacking indoor fingerprint localization algorithm based on uncertainty estimation 
is proposed. To enhance localization accuracy, a PC index, constructed using Pearson correlation and 
cosine similarity, is introduced to select base learners with both high accuracy and strong diversity. 
LightGBM is adopted as the meta-learner to improve the ensemble’s generalization capability. In 
addition, a dynamic weight allocation strategy based on uncertainty estimation is designed to adjust 
the contributions of base learners according to their performance on different fingerprint subsets, 
thereby improving the model’s robustness and overall localization accuracy. 

(iv) The effectiveness of the proposed algorithm is verified through experimental evaluation. 
Experimental results demonstrate that the IDBO–stacking indoor fingerprint localization model 
achieves superior positioning performance and enhanced robustness to noise compared with existing 
ensemble and single-model approaches. 

The structure of this paper is as follows: Section 2 introduces the relevant work; Section 3 presents 
a hybrid filtering method combining bilateral filtering and Gaussian filtering; Section 4 proposes an 
IDBO–stacking indoor fingerprint localization algorithm based on uncertainty estimation; Section 5 
discusses and analyzes the experimental results; and Section 6 concludes the paper. 

2. Relevant work 

In recent years, Wi-Fi fingerprint-based indoor localization technology has gradually become a 
research hotspot. Compared with traditional geometric localization methods, the fingerprinting 
approach offers advantages such as flexible deployment, easy scalability, and higher localization 
accuracy [15]. As a result, it demonstrates stronger adaptability in complex indoor environments where 
multipath effects are significant and signal obstruction is severe. With the development of machine 
learning, its powerful nonlinear modeling capabilities have shown remarkable advantages in handling 
the complex mapping between RSSI and spatial positions. Machine learning techniques have thus been 
widely used to enhance the accuracy and robustness of indoor localization systems. Current machine 
learning-based Wi-Fi fingerprinting localization methods can be broadly divided into two categories: 
Single-model approaches and multimodel fusion approaches. The following sections provide a review 
of each category. 

2.1. Single-model localization methods 

Single-model localization methods refer to approaches that utilize a single machine learning 
algorithm to model the mapping between RSSI fingerprint data and actual location information. During 
the localization process, this model is directly used to estimate the location. These methods feature 
simple structures and are easy to implement, achieving relatively good localization accuracy under 
certain environmental conditions. Yin et al. [16] proposed an indoor localization method based on 
LightGBM. In the offline stage, a joint denoising autoencoder is used to reconstruct sparse fingerprint 
data, and in the online stage, LightGBM’s histogram splitting strategy is employed to improve 
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localization accuracy. Gufran et al. [17] introduced an indoor localization algorithm combining stacked 
autoencoders (SAEs) and CatBoost, using SAEs to handle device heterogeneity and CatBoost for 
localization in the online stage, thus reducing localization error. Wanqing et al. [18] proposed a particle 
swarm optimization (PSO)–extreme learning machine (ELM) localization algorithm, where ELM is 
used in the online stage to determine the relationship between the position and RSSI, and PSO 
optimizes the hyperparameters of ELM, effectively reducing the localization error. Bi et al. [19] 
proposed an indoor localization algorithm based on PSO-optimized support vector regression (SVR), 
using SVR to model the mapping between signal features and spatial coordinates, and optimizing the 
SVR parameters with PSO to improve localization accuracy. Chen et al. [20] proposed an improved 
weighted K-nearest neighbors (WKNN) fingerprint localization algorithm, where the offline stage first 
uses outlier removal and Kalman filtering, then selects the feature points on the basis of RSSI 
partitioning. In the online stage, the localization is performed by WKNN using geometric methods to 
define correlation, thereby enhancing localization accuracy. Wang et al. [21] proposed a random forest 
(RF)–crested porcupine optimizer–SVR algorithm for indoor localization based on Wi-Fi fingerprints, 
which employs RF to select APs on the basis of feature importance, reducing the influence of redundant 
and unstable signals. Then the crested porcupine optimizer is applied to optimize the hyperparameters 
of SVR, effectively enhancing the localization accuracy. Alitaleshi et al. [22] proposed a Wi-Fi indoor 
localization method based on an ELM autoencoder and a convolutional neural network (CNN). The 
ELM autoencoder is used to reduce the dimensionality of the input features and extract key localization 
information, which is then fed into a trained CNN to significantly improve performance. However, 
single-model methods often suffer from limited generalization ability in complex or dynamic 
environments. RSSI values are affected by multipath effects, device heterogeneity, and environmental 
changes, making it difficult for a single model to fully capture the data distribution characteristics 
under various scenarios. As a result, localization accuracy and robustness may be compromised. 
Although tuning the parameters and refining the fingerprint databases can enhance the performance of 
single-model approaches, these methods typically face structural uncertainty and struggle to adapt to 
diverse and changing indoor environments. 

2.2. Multimodel fusion localization methods 

To overcome the limited generalization ability and poor robustness of single-model approaches 
in complex or dynamic indoor environments, researchers have gradually introduced multimodel fusion 
strategies into Wi-Fi fingerprint-based localization tasks. Multimodel fusion combines the predictions 
of multiple models, leveraging their complementary strengths in feature extraction, error distribution 
handling, and environmental adaptability. This integration significantly enhances localization accuracy 
and the system’s stability [13]. For example, Lu et al. [23] proposed a fingerprint localization algorithm 
based on WKNN and XGBoost. In the offline stage, the algorithm removes outliers from the fingerprint 
database using Gaussian filtering, and in the online stage, WKNN is incorporated into the XGBoost 
model for localization, effectively improving localization accuracy. Liu et al. [24] introduced a two-
layer fusion weighting fingerprint localization algorithm. This algorithm constructs multiple 
fingerprint sets by extracting signal strength difference fingerprints and hyperbolic location fingerprints, 
and in the online stage, RF, KNN, and the support vector machine (SVM) are used with intelligent 
weight selection in two-layer fusion weighting to improve localization accuracy. Chen et al. [25] 
developed a dual-clustering Bayesian optimization indoor localization algorithm. In the offline phase, 
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improved Gaussian filtering is used for fingerprint preprocessing, followed by a coarse-to-fine 
clustering using the canopy and K-means algorithms. The most similar fingerprint subset is selected 
on the basis of the correlation coefficients. In the online phase, WKNN and Bayesian algorithms are 
combined for fingerprint matching, significantly improving localization accuracy and stability. Lu et 
al. [26] proposed a fingerprint location framework for uneven Wi-Fi signals based on machine learning. 
The offline phase includes skewness and kurtosis analysis of the RSSI values along with Kalman 
filtering to build a high-quality fingerprint database. In the online phase, the initial position estimate 
from WKNN and the user’s historical trajectory are used as input features for a long short-term 
memory network to enhance localization accuracy. Zhang et al. [27] introduced an indoor fingerprint 
localization algorithm based on a chaos-weighted ensemble of LightGBM and ExtraTrees. In the 
offline phase, fingerprint data are preprocessed with Kalman filtering. During the online phase, both 
LightGBM and ExtraTrees are used for modeling, with the hyperparameters optimized and models 
fused using a chaotic PSO algorithm, effectively reducing the localization errors. Suroso et al. [12] 
proposed a consensus-based multiple ensemble learning for indoor localization. This method integrates 
outputs from ensemble learners such as RF, GBDT, XGBoost, and LightGBM using a consensus 
strategy combining majority voting and averaging, thereby improving localization accuracy. 

Although the fusion methods above outperform single-model approaches in terms of localization 
accuracy, most rely on structurally similar model combinations or static fusion strategies. These 
methods often fail to fully exploit the complementary advantages of heterogeneous models, limiting 
their adaptability in complex and dynamic indoor environments. To further enhance fusion flexibility 
and system robustness, stacking ensemble strategies have been gradually introduced into indoor 
localization research. By introducing a meta-learner to re-model the predictions from multiple base 
learners, these strategies enhance feature representation and enable decision-level optimization. As a 
result, they significantly improve localization accuracy and generalization ability [28]. For example, 
Wang et al. [29] proposed a stacking-based indoor localization method, using RF, GBDT, and XGBoost 
as base learners, with LightGBM serving as the meta-learner. Bayesian optimization is employed to 
fine-tune the model’s hyperparameters. This method achieves higher localization accuracy. Zhang et 
al. [30] presented an indoor localization method based on WLAN authentication and privacy 
infrastructure signals. The algorithm uses uniform manifold approximation and projection for 
dimensionality reduction and feature extraction, and constructs a stacking ensemble using KNN, 
GBDT, XGBoost, artificial neural networks, RF, and SVM as base learners, with RF as the meta-
learner, achieving high-precision indoor localization. However, existing stacking-based localization 
methods still face several challenges. In terms of model selection, there is often a lack of effective 
screening for diversity and complementarity among base learners, leading to structural redundancy or 
overlapping information, which limits the fusion effect. In terms of fusion strategy, fixed or average 
weighting schemes are commonly adopted, which fail to dynamically reflect performance variations 
across different data subsets. Additionally, hyperparameter optimization often relies on manual tuning 
or a simple grid search, resulting in inefficiency and high variance. To address these issues, this paper 
proposes an IDBO–stacking indoor fingerprint localization algorithm based on uncertainty estimation. 
The method introduces systematic improvements in fingerprint data preprocessing, base model 
selection, hyperparameter optimization, and fusion strategy design to enhance the accuracy and 
robustness of localization in complex indoor environments. 
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3. A hybrid filtering method combining bilateral filtering and Gaussian filtering 

In complex real-world indoor environments, RSSI measurements are often affected by various 
factors such as signal reflection, refraction, and obstruction by obstacles. These factors lead to 
fluctuations in the RSSI values, and this instability can affect the stability of the fingerprint database, 
resulting in decreased localization accuracy during online matching [31]. Bilateral filtering can smooth 
signals while preserving edges and local features, effectively retaining critical details in RSSI data. 
However, when the signal contains strong or complex noise, bilateral filtering may not eliminate these 
interferences, resulting in residual instability in the data. Gaussian filtering, on the other hand, offers 
stronger overall smoothing capability and can effectively suppress high-frequency noise and random 
fluctuations, making the fingerprint data more stable. Nevertheless, due to its linear nature, Gaussian 
filtering may blur edge features during processing, potentially affecting subsequent localization 
performance. To address these issues, this paper proposes a hybrid filtering method that first applies 
bilateral filtering to preserve the signal’s structure and edge information, followed by Gaussian 
filtering to further remove residual noise. This method fully leverages the edge-preserving capability 
of bilateral filtering and the noise-suppressing strength of Gaussian filtering. It effectively removes 
noise from the fingerprint database while retaining key signal features, thereby improving the accuracy 
and robustness of the indoor localization system. The steps of the hybrid filtering method are as follows. 

Step 1: During the offline phase when constructing the fingerprint database, RSSI data from n 
APs is collected at each reference point in the localization area. The RSSI value at the i-th reference 
point is represented as: 

,1 ,2 ,, , ,i i i nRSSI RSSI RSSI , 

where ,i nRSSI  represents the RSSI value of the n-th AP at the i-th reference point. 

Step 2: Due to signal fluctuations, there are missing values in fingerprint database. Therefore, 
preprocessing is applied to the fingerprint database, and the KNN imputation method is used to fill in 
the missing values. The distance between the missing RSSI sample and other samples is calculated 
as follows: 

 2

1
im

j
j

n

mi ijid RSSI RSSI RSSI RSSI


 ( , ) ( ) , (1) 

where m represents the index of the RSSI sample that currently contains missing values. 
Select the k nearest neighbors to the missing RSSI sample and use the mean of these neighbors’ 

RSSI feature values to fill in the missing value: 
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Step 3: The imputed RSSI data are denoted as filledRSSI . It is then normalized to scale the data 

within the range of 0 to 1, reducing the differences between different scales and improving the 
performance of the filter: 
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Step 4: Bilateral filtering: Traditional linear filtering methods often blur the signal’s edges and 
fine details during the denoising process, which may lead to the loss of critical localization information 
in the fingerprint data and consequently degrade the localization performance. In contrast, bilateral 
filtering considers both intensity differences and spatial distances in the signal when computing filter 
weights. This allows it to effectively suppress small-scale local fluctuations while preserving the 
important structural features of the signal. In light of these advantages, bilateral filtering is employed 
as the first stage of the denoising process. First, the spatial weight is calculated on the basis of the 
spatial distance between the data point i and its neighboring data points j: 

 
2

2

( ( ) ( ))
( , ) exp

2
norm norm

s
s

RSSI i RSSI j
w i j

 
  

 
, (4) 

where s  is the spatial domain parameter used to control the influence range of the spatial distance. 
Next, the intensity weight between data point i and its neighboring data point j is calculated 

as follows: 

 
2

2

( ( ) ( ))
( , ) exp

2
norm norm

r
r

RSSI i RSSI j
w i j

 
  

 
, (5) 

where r  is the intensity domain parameter. 

Finally, the final bilateral filtering weight ( , ) ( , ) ( , )b s rw i j w i j w i j   is obtained by combining the 

spatial weight and intensity weight, and the filtered signal is given by: 
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Step 5: Gaussian filtering: Although bilateral filtering performs well in preserving the edge 
features of the signal, it may still have limitations when dealing with strong or complex noise, leaving 
residual unstable components in the data. To further improve the smoothness and consistency of the 
signal and enhance the robustness of the fingerprint data, Gaussian filtering is applied after bilateral 
filtering as a secondary smoothing step. Gaussian filtering effectively suppresses high-frequency 
fluctuations and random noise, improving the overall stability of the data and enhancing the system’s 
resilience to interference in complex indoor environments. The Gaussian kernel weight for each data 
point i and its neighboring data points j is calculated as: 
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2
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i j
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 

, (7) 

where g  is the standard deviation parameter for Gaussian filtering. 

Finally, the bilateral filtered output ( )f i  is further processed using Gaussian filtering to obtain 
the final smoothed signal 
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4. IDBO–stacking indoor fingerprint localization algorithm based on uncertainty estimation 

4.1. Principle of stacking ensemble learning 

Ensemble learning models enhance predictive performance by combining multiple base models 
into a more powerful predictive system [14]. There are three primary types of ensemble methods: 
bagging, boosting, and stacking. Bagging reduces variance by training multiple models in parallel and 
averaging their predictions. Boosting, on the other hand, reduces bias by sequentially training the 
models, where each model attempts to correct the errors of its predecessor. Compared with bagging 
and boosting, which typically use homogeneous combinations of base learners such as decision trees, 
stacking adopts a two-layer model architecture. The first layer consists of multiple base learners, each 
employing a different model algorithm to train and predict on the original dataset independently. The 
second layer is a meta-learner, which takes a new feature set composed of the predictions from all base 
learners as input and learns from these to generate the final prediction. This structure enhances the 
overall predictive performance by avoiding an exclusive focus on either variance or bias [32]. 

The stacking algorithm integrates various types of models, allowing it to capture the strengths of 
each and thereby improve the overall predictive capability. In a stacking ensemble, the meta-learner 
plays a crucial role: It learns the differences and complementary characteristics among base learners 
across various samples and re-models their outputs to produce an optimal combination. To enhance 
fusion performance and mitigate overfitting, the meta-learner is usually chosen for its strong 
generalization ability [33]. Through this “learning on top of models” mechanism, the meta-learner can 
not only exploit inter-model complementarity but also effectively enhance the system’s robustness and 
generalizability. To further prevent information leakage and reduce the risk of overfitting, K-fold 
cross-validation is introduced during the stacking training process. The dataset is split into K parts; in 
each iteration, one part is used as the validation set and the remaining as the training set. This ensures 
independence between the training and validation data, reduces dependency on specific data 
distributions, and enhances the model’s generalization [34]. Common values for K include 3, 5 and 10. 
To balance training efficiency and prevention of overfitting, K is typically set to 5. 

 

Figure 1. Five-fold cross-validation of stacking. 

The five-fold cross-validation process of the stacking algorithm is illustrated in Figure 1, and the 
specific steps are as follows. 

Step 1: Divide the dataset into a training set {( , ) 1, 2,.. }s sD x y s m ∣   and a test set 
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{( , ) 1, 2, , }t tT x y t m m n    ∣ , where sx  and tx  represent the feature vectors of the s-th and t-th 
samples, respectively, and sy  and ty  denote the target values of the s-th and t-th samples, respectively. 

Step 2: Randomly divide dataset D into five equal parts, denoted 1D , 2D … 5D . In each iteration, 
select four parts as the training set and use the remaining part as the validation set. 

Step 3: Perform five-fold cross-validation for each base learner. Let the model trained by base 
learner i on the j-th fold be denoted as ( )j

ih , and let the corresponding prediction result on the validation 

set be ( ) ( )j
i sh x , where i = 1, 2, ..., n and j = 1, 2, ..., 5. The prediction results produced by the n base 

learners constitute a new training set 1{( , )}m
s s sD x y

  , where . ( ) ( ) ( )
1 2[ ( ), ( ), , ( )]j j j

s s s n sx h x h h  x x . 

Step 4: Use ( )j
ih   to make predictions on the test set T, obtaining the prediction results 

     (1) (2) (5), , ,i t i t i th h hx x x . The final prediction is obtained by averaging these results 

    
5

( )

1

1

5
j

i t n t
j

h x h x


  . (9) 

Step 5: Use the prediction results of the n base learners on the test set T to construct a new test set 

1{( , )}n
t t t mT x y

  , where 1 2[ ( ), ( ), , ( )]t t t n tx h x h x h x   . 

Step 6: Input the new training set D   and the new test set T    into the meta-learner h    for 
training and prediction to obtain the final prediction results. 

4.2. Selection of base learners and meta-learner 

In the stacking model, the selection of base learners is crucial. Traditional methods often focus 
solely on the individual predictive performance of each base learner. However, if the selected learners 
are highly similar, they may produce correlated errors on the same data, which undermines the model’s 
generalization ability [35]. Therefore, it is important to consider not only the accuracy but also the 
diversity among base learners during selection. By selecting base learners with both high accuracy and 
diversity, the model can capture different patterns in the data and reduce the risk of overfitting. This 
not only improves the overall localization accuracy but also enhances the model’s robustness and 
adaptability in complex indoor environments. 

This paper proposes a PC index to measure the diversity among base learners. The index combines 
the Pearson correlation coefficient and cosine similarity to comprehensively assess the diversity of 
base learners. The calculation steps are as follows. 

Step 1: Calculate the Pearson correlation coefficient for each candidate base learner. The Pearson 
correlation coefficient is used to assess the linear correlation between two variables, with a value 
ranging from –1 to 1. The closer the absolute value of the coefficient is to 1, the stronger the correlation. 
The definition is given by Eq (10) 
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2 2

1 1
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ij i kj k
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ik n n

ij i kj k
j j

y y y y
r

y y y y



 

  


    
, (10) 

where ijy  and kjy  represent the predictions of base learner i and base learner k for the j-th sample, 

and iy  and ky  are the mean predictions of base learners i and k. 
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Step 2: Calculate the cosine similarity for each candidate base learner. Cosine similarity is used 
to measure the degree of similarity between two objects, with values ranging from –1 to 1. The larger 
the cosine value, the greater the similarity. The definition is given by Eq (11) 
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Step 3: The PC index is defined by multiplying the absolute values of the Pearson correlation 
coefficient and the cosine similarity, as shown in Eq (12) 

 ( , ) | | | cos |abs ik ikPC i k r  . (12) 

Step 4: The M × M PC index matrix C is constructed, where M is the number of base learners. 
Each element ikC  in the matrix represents the absolute pairwise correlation between base learner i 

and base learner k. The index matrix is shown in Eq (13) 
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. (13) 

In the PC index matrix, the value of each element represents the diversity between the 
corresponding two base learners. If the absolute PC value between certain base learners is high, it 
indicates that their localization results are too similar; conversely, if the value is low, it shows greater 
diversity in their results. 

In the stacking ensemble framework, the choice of meta-learner plays a crucial role in the 
effectiveness of model fusion. An ideal meta-learner should possess strong generalization ability, high 
robustness, and the capability to model multisource input features in order to effectively integrate the 
predictions of multiple base learners and further enhance the model’s overall performance. Among the 
machine learning algorithms, LightGBM stands out for its efficient training mechanism and excellent 
generalization performance, especially in handling nonlinear problems, high-dimensional sparse 
features, and large-scale datasets [33]. Therefore, this paper adopts LightGBM as the meta-learner in 
the stacking framework to enhance the adaptability of the fused model to complex indoor environments. 
LightGBM is a fast, effective, and flexible machine learning algorithm, known for its ability to 
efficiently handle large datasets [36]. The algorithm uses gradient descent to generate new trees based 
on all the previous trees, gradually improving performance through continuous iterations. In each 
iteration, a weak learner is constructed, gradually reducing the loss function ( , ( ))tL y F x  during the 

iteration, as shown in Eq (14) 

 1( , ( )) ( , ( ) ( ))t t tL y F x L y F x h x  , (14) 

where 1( )tF x  and 1( , ( ))tL y F x  are the strong learner and loss function obtained from the previous 

iteration. Using Eq (15), the negative gradient is used to fit the approximate value of the loss in the 
current iteration, and the formula is as follows: 
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The commonly used method for approximation fitting is the squared error, as shown in Eq (16) 

 
2( ) ( ( ))i ij

h H
h x argmin r h x


  . (16) 

The strong learner obtained in this iteration is 

 1( ) ( ) ( )t t tF x F x h x  . (17) 

The LightGBM algorithm improves accuracy by introducing the histogram algorithm to find the 
optimal split points, the gradient-based one-side sampling algorithm to reduce the size of the data, the 
exclusive feature bundling algorithm to reduce feature dimensions, and the leaf-wise growth strategy 
with depth constraints [37]. Compared with GBDT and XGBoost, LightGBM offers advantages such 
as high training efficiency, low memory usage, and high accuracy, which help enhance the prediction 
accuracy and generalization ability of the stacking model. Therefore, LightGBM is chosen as the meta-
learner in this paper. 

4.3. IDBO optimization of learner hyperparameters 

Hyperparameter tuning is critical to the performance of machine learning models, as it typically 
involves selecting appropriate hyperparameters such as the learning rate, regularization coefficients, 
and tree depth. Improper parameter configurations can easily lead to overfitting or underfitting, thereby 
affecting the accuracy and robustness of localization systems [38]. Common hyperparameter search 
methods include grid searching, random searching, and bayesian optimization (BO). However, these 
methods often suffer from low search efficiency, high computational cost, and high variance when 
applied to high-dimensional and complex search spaces [39,40]. In contrast, metaheuristic algorithms 
have gained widespread adoption in hyperparameter optimization tasks in recent years due to their 
independence from gradient information and strong adaptability to complex objective functions [41]. 
Inspired by biological behavior or natural mechanisms, metaheuristic methods are well-suited for 
nonconvex, discontinuous, or nonsmooth problems and can handle diverse parameter structures. These 
algorithms are capable of achieving high-quality approximate optimal solutions within a limited 
number of iterations and have been successfully applied across various fields [40,42,43]. Among them, 
population-based algorithms represent a mainstream category of metaheuristics, with typical examples 
including genetic algorithms, differential evolution (DE), and PSO, etc. These algorithms perform a 
global search by simulating population dynamics and have demonstrated good performance in 
numerous optimization problems. The DBO, proposed in 2023, is a novel population intelligence 
algorithm that offers faster convergence and stronger local search capabilities compared with 
traditional approaches, showing promise in engineering optimization tasks [44]. However, the DBO 
also has limitations, such as weak global search ability and susceptibility to local optima. To address 
these issues, this paper proposes an IDBO, which enhances the DBO by integrating four heuristic 
strategies: Circle chaotic mapping, the osprey optimization algorithm, variable spiral searching, and 
Gaussian–Cauchy mutation disturbance. The improved algorithm is used to perform hyperparameter 
optimization for multiple base learners, enabling the model to obtain better hyperparameters, thereby 
improving the robustness and localization accuracy of the overall stacking model. 
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4.3.1. The DBO algorithm 

The DBO is a novel swarm intelligence optimization algorithm inspired by the behaviors of dung 
beetles, including rolling, dancing, breeding, foraging, and stealing [44]. These four types of dung 
beetles are referred to as rolling dung beetles, breeding dung beetles, small dung beetles, and stealing 
dung beetles, which account for 20%, 20%, 25% and 35% of the population, respectively. The 
algorithm is specifically divided into the following stages. 

Rolling dung beetles: The position update of the rolling dung beetle is divided into two cases, one 
with obstacles and one without obstacles. When the condition is   , it is in the no-obstacle state; 
otherwise, it is in the obstacle state. Here, [0,1], 0.9   . When the rolling dung beetle is in the 

no-obstacle state, it uses light to guide its straight rolling of the dung ball. The position update is given 
by Eq (18): 

 ( 1) ( ) ( 1) | ( ) |worst
i i i ix t x t w k x t b x t X         ,              (18) 

where t represents the iteration number; ( )ix t  denotes the position of the i-th dung beetle in the t-th 

iteration; k  is the weight coefficient, which takes values of –1 or 1; b is a random coefficient between 
0 and 1; and worstX  represents the global worst position. 

When an obstacle is encountered and forward movement is blocked, the dung beetle will use 
dancing to find a new route. The tangent function is used to mimic the dung beetle’s dancing behavior, 
and its position update is shown in Eq (19) 

 ( 1) ( ) tan( ) ( ) ( 1)i i i ix t x t x t x t    ∣ ∣,                 (19) 

where   is the bias angle, and it takes values in the range of [0,π]. If   equals 0, /2, or π, the dung 

beetle’s position will not be updated. 
Breeding dung beetles: The dung beetle feeds on dung balls and moves part of the dung balls to 

a safe area for reproduction. The safe breeding area is defined as shown in Eq (20) 
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i

i

S X Q lb
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   


  
, (20) 

where lS  and uS  are the lower and upper bounds of the breeding safe area, respectively; b
iX  is the 

current optimal position of the dung beetle; Q is the safety area’s adjustment coefficient, with 
1 /Q t T  , where T is the maximum iteration number; and lb and ub are the lower and upper bounds 

of the search space. 
The breeding dung beetle starts reproducing the next generation in the safe area, and the 

reproduction position update is given by Eq (21) 

 1 2( 1) [ ( ) ] [ ( ) ]i i l i uB t X b B t S b B t S        ,                 (21) 

where ( )iB t  is the position information of the i-th dung beetle in t-th iteration; 1b  and 2b  represent 

two independent random vectors of size 1 × D, where D denotes the number of dimensions in 
optimization problem. 

Small dung beetles: After breeding, small dung beetles mature. They search for food in the 
optimal foraging area. An optimal foraging area needs to be established to guide the small foraging 
dung beetles. The definition of the optimal foraging area is given by Eq (22) 
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where lK  and uK  are the lower and upper bounds of the optimal foraging safe area, respectively; 
bX  is the global optimal position of the dung beetles. The position update of the small dung beetle is 

given by Eq (23) 

 1 2( 1) ( ) ( ( ) ) ( ( ) )i i i l i ux t x Kt x t Kx t         ,                 (23) 

where 1  is a random vector of size 1 × D drawn from a normal distribution, and 2  is a random 

coefficient between 0 and 1. 
Stealing dung beetles: Some dung beetles will steal dung balls at the optimal position. The 

position update of the dung beetle during stealing is given by Eq (24) 

 ( 1) ( ( ) ( ) )b b b
i i i ix t X S g x t X x t X       ∣ ∣∣ ∣,                (24) 

where g  is a random vector of size 1 × D drawn from a normal distribution; S is a 0.5 constant. 

4.3.2. Circle chaotic mapping 

Due to the potential uneven distribution of the population caused by random generation in the 
initial population of DBO, the diversity of the population quickly decreases in the later stages of the 
iteration process. This phenomenon causes the algorithm to get stuck in local optima and makes it 
difficult to escape. Chaotic mapping, with its characteristics of randomness and nonrepetitiveness, can 
better ensure an even distribution of the population. Therefore, in order to improve the population’s 
distribution and increase the diversity of the population’s individuals, this paper uses circle chaotic 
mapping when initializing the population. The definition is given by Eq (25) 
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1
mod 0.2 sin(2 ),1

4n n n
x x x
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    
 

. (25) 

4.3.3. Fusion of the osprey optimization algorithm 

Inspired by the osprey optimization algorithm [45], the global exploration strategy of the 
algorithm can compensate for the limitations of the DBO, which relies on the worst values in the rolling 
behavior and cannot communicate promptly with other dung beetles, especially when there are many 
parameters. This improves the algorithm’s global optimization ability. The improved rolling position 
update strategy in this paper is shown in Eq (26) 

  ( 1) ( ) 0,1 ( ( ))i ii i ix t x t rand SF x tI      ,                    (26) 

where iSF  is position of a randomly selected dung beetle individual, and I is a constant, taking the 
value of 1 or 2. 

4.3.4. Variable spiral search 

In the breeding and stealing stages of the dung beetles, each individual mainly searches around 
the optimal one. This leads to a search strategy that is too focused, causing individuals to ignore the 
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exploration of the surrounding search space when they are close to the optimal individual and thus 
limiting the algorithm’s global search performance. To address the global search capability issue of the 
DBO algorithm, inspired by the whale optimization algorithm, the process of spiral searching for prey 
used by whales is adopted. A variable spiral search strategy is introduced to improve the position 
update during the breeding and stealing stages. The specific mathematical formulas are shown in 
Eqs (27) and (28) 

   2 0,1blBeta e in rans d  , (27) 

 4cos((2 / ) )t Tl e  , (28) 

where b is a random number between (0, 1), and l is the function defining the logarithmic spiral shape. 
The value of l controls the nonlinear variation of the algorithm during the iteration process. The change 
in the spiral is controlled by the cosine function, and the position update range of the dung beetle in 
the breeding and stealing stages decreases from large to small. In the earlier stages, the algorithm 
searches for better individuals to enhance the global search capability, and in the later stages, it reduces 
ineffective searches to improve the convergence efficiency of the algorithm. The modified position 
update strategies for breeding and stealing dung beetles in this paper are shown in Eqs (29) and (30) 

 ( 1) [ ( ) ] [ ( ) ]i ui i lB t X Beta B t S Beta B t S        ;                  (29) 

 ( 1) ( ( ) ( ) )b b b
i i i ix t X Beta g x t X x t X       ∣ ∣∣ ∣.                   (30) 

4.3.5. Gaussian–Cauchy mutation perturbation 

As the iteration progresses, dung beetle individuals tend to gather near the current optimal 
solution, reducing population diversity. This leads to search stagnation and an increased likelihood of 
getting trapped in local optima. Introducing an individual mutation strategy can increase population 
diversity, improving both the accuracy and speed of convergence, thus avoiding local optima. Common 
mutation strategies include Cauchy mutation and Gaussian mutation. Cauchy mutation can escape 
local optima due to its larger step size but may overshoot the optimal position. In contrast, Gaussian 
mutation has a smaller search range, making it suitable for local optimization but less effective for 
finding the global optimum. By combining both strategies, a global search is performed in the early 
stages, and local optimization is performed in the later stages, enhancing the optimization capability [46]. 
The perturbation strategy is given by Eq (31) 

      1 21 0,1 0,1e
b b
n wx t X Cauchy Causs       ,                  (31) 

where  b
newx t   represents the new position generated by the mutation strategy at iteration t; 

2 2 2 2
1 21 / , /t T t T    . 

4.3.6. IDBO performance testing 

To objectively evaluate effectiveness of IDBO algorithm, some commonly used IEEE congress 
on evolutionary computation (CEC) 2005 test functions were selected for performance testing. The 
results were compared with the chaotic mapping DBO (CMDBO) [47], DBO [48], improved sparse 
search algorithm (ISSA) [49], black winged kite algorithm (BKA) [50], and DE [51] algorithms. 
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Among them, the single-modal functions have only one global optimal solution and are used to 
measure the algorithm’s convergence speed and accuracy. The multimodal functions, on the other hand, 
have one global optimal solution and several local optima, and are used to test the algorithm’s global 
search ability and exploration capability [52]. Table 1 provides the expressions, dimensions, search 
space, and optimal values of the six benchmark functions. 

Table 1. Partial CEC2005 test functions. 

Table 2. Optimization results of partial functions. 

Function  BKA DE ISSA DBO CMDBO IDBO

1F  
Min 1.0645E-104 3.2791E-04 2.4822E-158 5.6823E-173 6.8962E-156 0 

Avg 1.1497E-79 3.4942E-04 2.1604E-67 2.1380E-125 1.4666E-135 0 

Std 2.5708E-79 2.8143E-05 4.3096E-67 4.7814E-125 3.2795E-135 0 

3F  
Min 2.1292E-103 2.3038E+00 4.6316E-191 6.5026E-160 7.5312E-135 0 

Avg 7.5210E-79 3.8943E+00 6.1369E-37 2.535E-64 2.2424E-104 0 

Std 1.6817E-78 1.843E+00 1.2025E-36 5.6605E-64 5.0141E-104 0 

4F  

Min 6.7400E-49 1.1273E+00 4.8566E-88 1.1853E-75 5.7005E-80 0 

Avg 3.8594E-41 1.4561E+01 1.4913E-30 1.3812E-49 1.1938E-56 0 

Std 8.6297E-41 3.2910E+00 3.3346E-30 2.5916E-49 2.5011E-56 0 

8F  

Min -1.1022E+04 -1.0274E+04 -8.7186E+03 -1.0909E+04 -1.1810E+04 -1.2569E+04

Avg -9.5831E+03 -9.7721E+03 -8.0148E+03 -9.2578E+03 -1.0134E+04 -1.2569E+04

Std 1.1208E+03 3.7667E+02 4.9130E+02 1.2742E+03 1.3486E+03 8.9105E-07 

10F  

Min 4.4409E-16 4.2104E-03 4.4409E-16 4.4409E-16 4.4409E-16 4.4409E-16 

Avg 4.4409E-16 5.2753E-03 4.4409E-16 4.4409E-16 4.4409E-16 4.4409E-16 

Std 0 7.2691E-04 0 0 0 0 

12F  
Min 4.1063E-02 3.4676E-05 4.2454E-16 1.8453E-05 4.6278E-05 1.5761E-17 

Avg 1.8313E-01 5.6267E-05 5.8474E-12 6.5940E-05 7.5325E-05 4.6497E-14 

Std 2.8241E-01 2.9283E-05 1.2400E-11 3.9074E-05 2.679E-05 5.3734E-14 
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(a) F1 test function                    (b) F3 test function 

  

(c) F4 test function                      (d) F8 test function 

  

(e) F10 test function                     (f) F12 test function 

Figure 2. Iteration curve. 
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To ensure a more accurate evaluation of the IDBO algorithm, T = 500 iterations and a population 
size of N = 30 were set uniformly. Additionally, to reduce the impact of randomness on the results, 
each algorithm was executed 30 times, and the best, average, and standard deviation of the optimization 
results were recorded. This helps to assess the reliability and accuracy of the model. The comparison 
results between the IDBO algorithm and other algorithms are shown in Table 2, and the simulation 
results are presented in Figure 2. From Table 2 and Figure 2, IDBO algorithm proposed in this paper 
demonstrates better convergence, optimization accuracy, and stability compared to traditional DBO 
and other algorithms. 

4.3.7. Design of hyperparameter optimization using IDBO 

Through the performance testing above, we conducted a comprehensive performance evaluation 
of various intelligent optimization algorithms. The experiments show that the proposed IDBO 
algorithm demonstrates excellent performance across multiple metrics. Due to the limitations of the 
default hyperparameters, which often fail to deliver optimal localization performance, the IDBO 
algorithm with outstanding performance is used to optimize the hyperparameters of the machine 
learning model. The specific steps for IDBO hyperparameter optimization are as follows. 

Step 1: Perform KNN imputation and hybrid filtering preprocessing on the fingerprint database, 
then randomly divide the dataset into a training set and a testing set with an 8:2 ratio. 

Step 2: Set the fitness function and initialize parameters. In this paper, the root mean squared error 
(RMSE) is used to measure the model’s prediction performance on the testing set. The fitness function 
is defined as shown in Eq (32) 

   2 2

1

1
ˆ ˆ

n

i i i i
i

f x x y y
n



    ,                         (32) 

where  ,i ix y  represents the coordinates of the i-th test point, and ( ˆix , ˆ iy ) represents the predicted 

coordinates. The parameters of the IDBO are initialized, including N, T, dimensionality, and the 
hyperparameter search range. The positions of N dung beetles are randomly initialized using circle 
chaotic mapping, which means that N different hyperparameter combinations are initialized and 
divided into four subpopulations according to a certain ratio. 

Step 3: Apply the N sets of hyperparameter combinations to the model and record the position of 
the dung beetle bX  with the smallest fitness function value as the global optimum. 

Step 4: On the basis of the IDBO’s position update strategy, including rolling dung beetles, 
breeding dung beetles, small dung beetles, and stealing dung beetles, update the positions of all dung 
beetles. This generates new individual parameter combinations. The fitness function is then calculated, 

and the minimum fitness value is compared with ( )bf X  to determine whether to update bX . 

Step 5: For bX , generate newx  using the Gaussian–Cauchy mutation strategy. Compare ( )bf X  

and ( )newf x  to determine whether to update bX . 

Step 6: Repeat Steps 4 and 5 until the termination condition T is met. At this point, the parameter 
combination in bX  will be the optimal parameter combination for the model. 
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4.4. The IDBO–stacking indoor fingerprint localization algorithm based on uncertainty estimation 

In traditional stacking localization models, the outputs of the base learners are usually fused using 
fixed weights or simple averaging to construct the training set for the meta-learner [29,30,53]. 
Although K-fold cross-validation can reduce the risk of overfitting to some extent, the fusion process 
does not fully consider the differences in the prediction performance of base learners on different data 
subsets, which may lead to predictions with large error negatively affecting the overall model. When 
some learners have large localization errors in specific scenarios but are still assigned the same fusion 
weights as high-performance models, local errors may be amplified, thereby reducing the robustness 
and generalization ability of the overall model. This paper introduces a dynamic weight allocation 
method based on uncertainty estimation into the IDBO–stacking ensemble architecture, thereby 
constructing an uncertainty-based IDBO–stacking indoor fingerprint localization model to further 
improve the adaptability and robustness of the model. The method quantifies the uncertainty of each 
base learner on the basis of its RMSE on different fingerprint subsets and adjusts its weight in the 
fusion process accordingly. Learners with smaller localization errors are considered more reliable and 
are given greater weight in the meta-learner; learners with larger errors are given lower weights, 
thereby suppressing their negative influence on the final localization result. This dynamic weighting 
method not only improves the credibility of the fused data but also realizes effective suppression of 
weak prediction models at the data-driven level, thus significantly improving the robustness and 
localization accuracy of the IDBO–stacking model under multisource heterogeneous inputs. The 
specific steps of the IDBO–stacking indoor fingerprint localization algorithm based on uncertainty 
estimation are as follows. 

Step 1: First, the missing values in the raw fingerprint data are filled using the KNN imputation. 
Then a hybrid filtering strategy combining bilateral filtering and Gaussian filtering is applied to the 
RSSI signals for smoothing and denoising in order to enhance the stability and usability of the data. 
After that, the processed data are randomly divided into a training set and a test set in an 8:2 ratio. 
During the training process, five-fold cross-validation is introduced to mitigate the risk of overfitting. 

Step 2: To enhance the modeling performance of the base learners, the hyperparameters of 
multiple candidate base learners are optimized using the IDBO, ensuring that the hyperparameter 
configurations of the learners are closer to the global optimum. 

Step 3: For all optimized candidate base learners, the average localization error and RMSE on the 
training set are calculated to evaluate their prediction accuracy. Then a PC metric constructed from the 
Pearson coefficient and cosine similarity is introduced to measure the output diversity among the 
models. Learners with both high accuracy and significant diversity are selected as the final base 
learners to construct the IDBO–stacking model. 

Step 4: Use the RMSE of the selected base learners to evaluate their prediction accuracy and 
calculate the average RMSE across all folds as their uncertainty indicator, as shown in Eq (33) 

,
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  ,                              (33) 

where i  represents the uncertainty degree of the i-th base learner, and K is the number of folds in 

the cross-validation. 
Then, on the basis of the uncertainty degree, the feature weight for each base learner is calculated 

as shown in Eq (34) 
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where iw  is the feature weight of the i-th base learner, and m is the number of base learners. 

Step 5: Calculate the feature weights for each base learner and multiply them by the prediction 
results of each base learner from the five-fold cross-validation. Construct the new feature-weighted 
training and testing datasets. The calculation method for the feature-weighted training and testing 
datasets is shown in Eq (35) 
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,                        (35) 

where 1, 2, 3..i m , m represents the number of base learners, and 1, 2 , 3, 4 , 5j   represents the 

five folds in the cross-validation. ,i jZ represents the prediction results of base learner i on the training 

data in the j-th fold, and ,i jG  represents the prediction results of base learner i on the test data in the 

j-th fold. iZ   represents the feature-weighted training set constructed for base learner i, and iS  

represents the corresponding feature-weighted testing set for base learner i. 
Step 6: The weighted training data are then input into the meta-learner for training, completing 

the construction of the model of the IDBO–stacking indoor fingerprint localization algorithm based on 
uncertainty estimation. In the online phase, the RSSI features of the target device are collected in real 
time and input into the trained base learners and meta-learner. Finally, the meta-learner outputs the 
final localization coordinates, achieving real-time localization. The flowchart of the IDBO–stacking 
indoor fingerprint localization algorithm based on uncertainty estimation is shown in Figure 3. 

 

Figure 3. IDBO–stacking indoor fingerprint localization algorithm based on uncertainty estimation. 
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5. Experiments and results analysis 

5.1. Experimental environment 

In this experiment, a graduate student office in a university laboratory building was selected as 
the test environment, with a localization area of approximately 10 m × 10 m. The environment includes 
typical indoor obstacles such as desks, chairs, and partitions, exhibiting common multipath reflection 
and signal blockage characteristics. Six Mercury MW305R Wi-Fi routers were placed in the area to 
serve as access APs. These routers use the Qualcomm QCA9531 chip and feature a 3 × 3 Multiple-
Input Multiple-Output antenna array design, supporting concurrent communication with multiple 
devices. The Wi-Fi signal operates on the 2.4 GHz band, with a maximum transmission power of up 
to 20 dBm and an indoor signal coverage radius of up to 30 m. All APs were installed at a height of 
approximately 1 m above the ground and continuously transmitted RSSI signals to the receiving 
devices. To construct the offline fingerprint database, the area was divided into a grid with 1 m × 1 m 
cells, and RPs were placed at the grid intersections, resulting in a total of 100 RPs. The experimental 
setup is shown in Figure 4. RSSI data collection was performed using a self-developed Android-based 
data collection application installed on a mobile device. The system guided the data collector to each 
RP in sequence and recorded the RSSI values received from the six APs in real time, forming the raw 
fingerprint dataset. In the data preprocessing stage, missing values were first filled using the KNN 
algorithm. Next, a combination of bilateral filtering and Gaussian filtering was applied to denoise and 
smooth the fingerprint data, enhancing the data’s stability. As a result, a high-quality offline fingerprint 
database was constructed for subsequent model training and localization experiments. 

After the deployment of the RPs, RSSI signals were received using a self-developed RSSI data 
collection application on a mobile device, which sequentially collected RSSI data from all RPs. After 
the data collection was completed, the collected fingerprint feature information was exported to a 
computer for processing. The resulting fingerprint database is shown in Table 3, where each sample 
consists of a feature vector formed by the RSSI values from six APs, and the corresponding RPs’ two-
dimensional coordinates (𝑥, 𝑦) are used as the label. This forms a standard storage format of “RSSI 
features–localization labels”. 

Table 3. Composition of the fingerprint database. 

AP1 AP2 AP3 AP4 AP5 AP6 x y 
-40.65 
-49.51 
-49.34 
… 

-51.54 
-59.24 
-51.73 
… 

-53.86 
-56.10 
-56.30 
… 

-61.83 
-70.41 
-64.89 
… 

-52.05 
-54.38 
-62.67 
… 

-47.99 
-45.42 
-47.73 
… 

1 
2 
3 
… 

1 
1 
1 
… 
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(a) Wi-Fi equipment                (b) Data collection interface 

           

(c) Real scene of the experimental environment        (d) Environment after deployment 

Figure 4. Deployment scene. 

5.2. Hybrid filtering experiment 

The RSSI values received from AP1 and AP4 at the same RP show significant fluctuations. These 
fluctuations are primarily caused by the complexity of the indoor environment and the limitations of 
the collection equipment, leading to instability in the fingerprint database, which, in turn, affects the 
accuracy and reliability of the localization. To address this, this paper proposes a hybrid filtering 
method to smooth the RSSI data and improve the quality of the fingerprint database. First, the KNN 
imputation method is used to fill in the missing RSSI values, and the data are normalized to eliminate 
the impact of scale differences. Next, on the basis of bilateral filtering, the spatial and intensity weights 
of each data point are calculated. By combining these two weights, the signal is smoothed while 
effectively preserving the edge features. Subsequently, Gaussian filtering is applied on top of the 
bilateral filtering to further suppress high-frequency noise, generating the final smoothed RSSI signal. 
As shown in Figure 5, after hybrid filtering, the fluctuations in the RSSI data are significantly reduced, 
and the signal exhibits higher stability. 
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Figure 5. Experimental results of hybrid filtering. 

5.3. Meta-learner and base learner selection experiment 

5.3.1. Localization performance of each candidate learner 

The individual predictions of each learner are performed on the processed fingerprint database, 
and the results are analyzed. This study selected eight commonly used machine learning algorithms 
for localization—LightGBM, XGBoost, CatBoost, RF, SVR, multilayer perceptron (MLP), WKNN, 
and GBDT—as candidate learners for the hyperparameter tuning experiments. For each candidate 
learner, four optimization algorithms—IDBO, DBO, BO, and DE—were used for hyperparameter 
optimization. To ensure fairness in the comparison, all optimization methods were set with the same 
search range and a maximum of 150 iterations, and RMSE minimization was used as the objective 
function to evaluate the tuning effectiveness of each optimization method with different learners. The 
optimal hyperparameter configurations obtained by each optimization method are shown in Table 4. 

After completing hyperparameter tuning, this study conducted a comparative analysis of the 
tuning results of the eight candidate learners under the four hyperparameter optimization methods and 
further performed a comparison with the models’ performance using the default parameter settings. 
The results are shown in Figure 6. It can be seen that the average localization error of all learners 
decreased to varying degrees after hyperparameter optimization, significantly outperforming the 
models with the default parameters. In particular, the models optimized using the proposed IDBO 
algorithm achieved the best overall performance, with the lowest average localization error and the 
most significant performance improvement. Compared with the DBO, BO and DE, the IDBO achieved 
better parameter configurations across multiple learners, further verifying its advantages in 
optimization efficiency and accuracy in complex search spaces. Therefore, reasonable hyperparameter 
optimization plays a key role in improving the accuracy of localization in indoor localization tasks. 
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Table 4. Optimal hyperparameter configurations obtained by each optimization method. 

Algorithm Hyperparameters Search range IDBO DBO BO DE
WKNN K [1, 15] 10 9 9 8

XGBoost 
Iterations 
Tree depth 
Learning rate 

[50, 500] 
[3, 12] 
[0.01, 0.3]

330 
9 
0.2

314 
8 
0.25

295 
7 
0.21 

300 
7 
0.25

LightGBM 
Iterations 
Tree depth 
Learning rate 

[50, 500] 
[3, 12] 
[0.01, 0.3]

200 
9 
0.1

216 
8 
0.08

225 
7 
0.12 

209 
7 
0.13

GBDT 
Iterations 
Tree depth 
Learning rate 

[50, 500] 
[3, 12] 
[0.01, 0.3]

195 
5 
0.15

183 
8 
0.2

185 
5 
0.13 

190 
6 
0.14

CatBoost 
Iterations 
Tree depth 
Learning rate 

[50, 500] 
[3, 12] 
[0.01, 0.3]

192 
8 
0.1

192 
7 
0.13

195 
7 
0.11 

205 
10 
0.14

RF 
Number of trees 
Tree depth 

[10, 100] 
[3, 12]

60 
9

55 
8

50 
7 

53 
7

SVM 
Kernel function 
Regularization 
parameter 

[linear, rbf] 
[1, 100] 

rbf 
70.81 

rbf 
65.34 

rbf 
60.57 

rbf 
68.43 

MLP 
Hidden layers 
Learning rate 

[1, 100] 
[0.01, 0.3]

60 
0.08

58 
0.10

55 
0.07 

57 
0.08

 

Figure 6. Average localization error of different localization algorithms. 

5.3.2. Candidate learner meta-learner selection experiment 

When constructing a stacked ensemble learning model, the selection of the meta-learner is crucial. 
As the decision-making layer in the ensemble framework, the meta-learner is responsible for 
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integrating the outputs of the base learners and generating the final prediction on the basis of this 
information. A good meta-learner not only effectively combines the prediction results of the base 
learners but should also have a strong generalization ability to reduce risk of overfitting on the training 
set, thereby improving the prediction performance on unseen data. To this end, this experiment 
evaluated the performance of eight candidate learners, and the performance of each candidate learner 
is shown in Table 5. 

Table 5. Performance of learners. 

Candidate learners 
Average localization 
error (m) 

RMSE 
Offline training 
time (min)

Online localization 
time (s) 

LightGBM 
XGBoost 

1.42 
1.49 

2.197 
2.313

31 
54

19.6 
24.3 

CatBoost 1.46 2.272 43 25.8 
RF 1.58 2.403 37 30.2 
SVR 1.68 2.590 40 29.7 
MLP 1.64 2.545 65 31.5 

WKNN 1.60 2.503 8 15.1 

GBDT 1.53 2.356 49 23.4 

As shown in Table 5, all model training is completed during the offline phase and does not affect 
the real-time response performance of the system. Due to the low dimensionality of RSSI fingerprint 
data, the overall resource consumption for training is relatively low. The training time varies slightly 
across different models: Lightweight models such as WKNN take about 8 minutes, while more 
complex models such as GBDT, XGBoost, and MLP require approximately 30 minutes to 1 hour. The 
entire training process is kept within 1 hour, which is an acceptable time cost. More importantly, during 
the online phase, the prediction time for a single localization instance for each model is at the second 
level, which meets the real-time requirements of practical applications. Among all the candidate 
models, the LightGBM algorithm achieved the best performance, with an average localization error 
of 1.42 m, and also demonstrated superior performance in terms of RMSE, with smaller error 
fluctuations. Although WKNN had a shorter localization time, LightGBM showed stronger advantages 
in localization accuracy and RMSE control, indicating higher stability and better generalization ability. 
Considering the accuracy of localization, RMSE, and computational efficiency, the LightGBM 
algorithm demonstrated outstanding performance across multiple dimensions and was therefore 
selected as the meta-learner. 

5.3.3. Base learner selection experiment 

On the basis of the analysis of the localization performance of individual models, further analysis 
was conducted to examine the correlation between the localization results of each model to determine 
the best base learner combination. The analysis of diversity among base learners is crucial. If the 
localization results of all base learners are highly correlated, the information they provide will tend to 
be redundant, and they will fail to effectively improve the model’s generalization ability and accuracy. 
Through the diversity analysis, base learners with significant differences in prediction results and error 
distributions were selected, ensuring that they provide complementary information for the final 
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ensemble model, thus improving the overall localization accuracy and stability of the model. The 
heatmap of the PC index between the localization results of each model is shown in Figure 7. 

 

Figure 7. Heatmap of PC metrics. 

To maximize the localization accuracy and generalization ability of the stacking ensemble model, 
the selection of base learners should consider both their localization performance and diversity. As 
shown in Table 5, XGBoost, CatBoost, RF, MLP, WKNN, and GBDT perform well in terms of 
localization accuracy. However, the SVM has the worst localization accuracy and, compared with 
WKNN and MLP, shows less diversity from the other models. Therefore, the SVM was excluded. 

From Figure 7, it can be observed that the correlations among the RF, GBDT, XGBoost, and 
CatBoost models are relatively high. Despite their different training mechanisms, these models are 
fundamentally based on decision trees, with XGBoost and CatBoost performing exceptionally well in 
their single-model forms. Therefore, RF and GBDT were excluded. Ultimately, XGBoost, CatBoost, 
MLP, and WKNN were selected as the candidate base learners, with WKNN and XGBoost showing 
the greatest diversity. 

5.4. Comparison of different learner combinations in stacking 

To evaluate the impact of different candidate-based learner combinations on the localization 
accuracy of the stacking model, the experiment used LightGBM, which has the best overall 
performance, as the meta-learner. XGBoost and WKNN, which have significant diversity and good 
prediction performance, were selected as the base learners. Other learners were also integrated, and 
dynamic weight distribution based on uncertainty estimation was applied. The models’ performance 
was evaluated using five-fold cross-validation, and the experimental results are shown in Table 6. 
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Table 6. Performance of different model combinations. 

Method Base learner Meta-learner
Average localization 
error (m)

RMSE 
Localization 
variance (m2)

1 WKNN + XGBoost + CatBoost LightGBM 1.04 1.475 0.416

2 
WKNN + XGBoost + CatBoost 
(Average Weight)

LightGBM 1.18 1.658 0.682 

3 WKNN + XGBoost + MLP LightGBM 1.09 1.567 0.534

4 
WKNN + XGBoost + 
LightGBM 

LightGBM 1.11 1.583 
0.556 

5 
WKNN + XGBoost + CatBoost 
+ MLP 

LightGBM 1.07 1.536 0.483 

6 WKNN + XGBoost LightGBM 1.12 1.609 0.561

According to Table 6, the localization performance of the stacking model varies significantly 
under different combinations of methods. Method 1 performs the best among all combinations, 
indicating that the combination of WKNN + XGBoost + CatBoost as the base learners can better 
improve the localization accuracy and generalization ability of the stacking model. In contrast, 
although the optimal base learners are selected in Method 2, it uses the average weight method and 
fails to dynamically adjust the weights of the base learners, thus verifying the effectiveness of the 
uncertainty estimation-based dynamic weight distribution method proposed in this paper. For Method 3, 
although the correlation among the base models is the lowest, the overall localization performance is 
not improved due to the poor localization performance of the MLP itself. In Method 4, the first-layer 
base learner already includes the LightGBM model, and the second-layer meta-learner is also a 
LightGBM model. This leads to the data being repeatedly trained, increasing the risk of overfitting and 
reducing the model’s generalization ability. If we compare Methods 1, 5, and 6, it can be concluded 
that the number of base learners should be selected appropriately. In this experiment, three base 
learners performed the best, and increasing or decreasing the number of base learners reduced the 
model’s localization performance. 

Overall, according to the analysis of Table 6, Method 1 not only outperforms all single models 
but also achieves the best localization performance among all stacking combinations. Therefore, 
Method 1 was chosen for model fusion, leading to the final IDBO–stacking indoor fingerprint 
localization algorithm based on uncertainty estimation. 

5.5. Analysis of ablation results  

To further verify the individual contribution of each key module proposed in this paper to indoor 
localization performance, ablation experiments were designed. The experiments evaluate the 
performance improvement brought by the step-by-step introduction of the PC metric, the dynamic 
weight allocation method based on the uncertainty estimation method, and IDBO hyperparameter 
optimization. To ensure comparability, all other settings are kept consistent. When the PC index is not 
used, the base learners selected are XGBoost, CatBoost, and GBDT, which have relatively good 
localization accuracy and maximal similarity. The experimental results are shown in Table 7, where 
“√” indicates that the module is included and “×” indicates that the module is not used. 

As shown in Table 7, the original stacking model (Method 1), without any of the proposed 
enhancement modules, has an average localization error of 1.30 m and shows the highest fluctuation in 
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the localization results, indicating the poorest performance. After introducing the PC metric (Method 2), 
the average localization error decreases to 1.22 m, demonstrating that the PC metric plays a positive 
role in selecting base learners with both high accuracy and strong diversity, effectively improving the 
model’s localization accuracy and stability. Building on this, the addition of the dynamic weight 
allocation method based on uncertainty estimation (Method 3) further reduces the average localization 
error to 1.14 m, and also significantly decreases the variance of localization. This indicates that the 
method can adaptively assign weights according to the performance of each base learner on different 
data subsets, effectively suppressing the negative influence of weaker models and enhancing the 
model’s robustness. Method 4 introduces the IDBO hyperparameter optimization based on Method 2, 
without using dynamic weighting. The average localization error is reduced to 1.18 m, which is better 
than that of Method 2, verifying that the IDBO contributes to improving model accuracy through 
hyperparameter optimization. Finally, Method 5 combines all three enhancement strategies, achieving 
the lowest average localization error of 1.04 m, an RMSE of 1.475, and a localization variance of 
only 0.416, outperforming all other configurations. This demonstrates that the three proposed 
improvements complement each other in indoor fingerprint localization tasks and can significantly 
enhance the overall performance of the model. 

Table 7. Experimental on ablation of the IDBO–stacking algorithm based on uncertainty estimation. 

Method PC index 
Dynamic weight 

allocation 

IDBO-optimized 

hyperparameters

Average 

localization 

error (m) 

RMSE 
Localization 

variance (m2) 

1 × × × 1.30 2.011 1.082
2 √ × × 1.25 1.835 0.892
3 √ √ × 1.14 1.598 0.601
4 √ × √ 1.18 1.658 0.682
5 √ √ √ 1.04 1.475 0.416

In summary, the ablation experiments fully validate that the PC metric for selection of the learner, 
the dynamic weight allocation method based on uncertainty estimation, and IDBO hyperparameter 
optimization each have independent and significant positive effects on the stacking localization model. 
The IDBO–stacking model, constructed by integrating these three components, demonstrates superior 
performance in terms of localization accuracy, stability, and generalization ability. 

5.6. Analysis of the experimental results  

5.6.1. Localization error and RMSE comparison experiment results  

The proposed IDBO–stacking indoor fingerprint localization algorithm based on uncertainty 
estimation (named the IDBO–stacking algorithm) was compared with the IDBO–stacking algorithm 
of average weights, the stacking algorithm from [29], the WKNN + LightGBM-GA algorithm from [54], 
the PSO-ELM algorithm from [18], and the LightGBM algorithm from [16], all using the same 
fingerprint database. In total, 30 experiments were conducted, and the localization error data for each 
experiment were recorded. The localization errors are shown in Figure 8, while the average localization 
error, RMSE, and localization variance for each algorithm are presented in Table 8. 
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Figure 8. Positioning error of different algorithms. 

Table 8. Average positioning error of different algorithms. 

Method Average localization error (m) RMSE Localization variance (m2)
LightGBM 1.42 2.197 1.186 
PSO-ELM 1.32 1.964 1.013 
WKNN + LightGBM + 
GA 

1.20 1.673 0.778 

Stacking 1.23 1.818 0.717 
IDBO–stacking of average 
weights 

1.18 1.658 0.682 

IDBO–stacking 1.04 1.475 0.416 

From Figure 8 and Table 8, it can be seen that the average localization error of the LightGBM 
algorithm is 1.42 m, and the average localization error of the PSO-ELM algorithm is 1.32 m. The 
average localization error of the WKNN + LightGBM + GA algorithm is reduced to 1.20 m, and the 
average localization error of the stacking algorithm is reduced to 1.23 m. The average localization 
error of the IDBO–stacking algorithm with average weights is reduced to 1.18 m, while the average 
localization error of the proposed IDBO–stacking algorithm is further reduced to 1.04 m. Compared 
with other ensemble localization algorithms and single localization algorithms, the average 
localization error of the proposed algorithm is reduced by 0.14 m to 0.38 m, corresponding to a relative 
error reduction of 13.46% to 36.54%. At the same time, if we compare the RMSE, the RMSE of the 
proposed algorithm is significantly reduced by 0.183 to 0.722, and localization variance is reduced 
by 0.266 to 0.770. Additionally, the localization error curve shows smaller fluctuations, indicating that 
the IDBO–stacking algorithm exhibits better accuracy and stability in its localization results. 
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5.6.2. CDF comparison experiment results  

The average localization error only reflects the mean of the results and does not consider the 
specific distribution of the results, so it cannot fully reflect the robustness of the localization results. 
To more comprehensively assess the robustness of the localization system, the cumulative distribution 
function (CDF) is introduced for analysis. The CDF represents the probability distribution of 
localization errors being less than a fixed value, and is used to show the performance of the localization 
algorithm at different error levels. From the CDF curve in Figure 9, it can be seen that 95% of the 
errors in the proposed IDBO–stacking algorithm are concentrated within 2 m, and 100% of the errors 
are within 4 m. In comparison, the IDBO–stacking algorithm with average weights has 90% of the 
errors within 2 m, with 98% of the errors within 4 m. The WKNN + LightGBM + GA algorithm has 88% 
of the errors within 2 m, and the stacking algorithm has 87% of the errors within 2 m. The PSO-ELM 
algorithm has 84% of the errors within 2 m, and the LightGBM algorithm has only 80% of the errors 
within 2 m. In summary, the CDF curve of the proposed algorithm has a steeper slope and converges 
more quickly, demonstrating better error distribution performance. It effectively limits localization 
errors within a small range, with most errors concentrated within 2 m. Therefore, the proposed 
algorithm offers higher stability and robustness in practical applications. 

 

Figure 9. CDF of different algorithms. 

5.6.3. Analysis of the anti-noise experimental results  

To further verify the effectiveness of the proposed algorithm in terms of noise robustness, 
Gaussian noise with intensities of 5%, 10%, 15%, and 20% was added to the fingerprint database to 
simulate the signal attenuation caused by interference in real-world RSSI data collection scenarios. 
The added Gaussian noise follows a standard normal distribution 𝑁(0,1), i.e., zero-mean and unit 
variance Gaussian white noise. The average localization error was used as the evaluation metric to 
assess the denoising capability of each localization algorithm. To ensure the statistical significance of 
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the experimental results, noise was independently added to the fingerprint database 30 times for each 
noise level, generating 30 different noisy fingerprint datasets. The performance of each model under 
varying noise conditions was then evaluated by observing the changes in their localization errors. The 
experimental results are shown in Figure 10. 

 

Figure. 10. Average localization error of different algorithms under various noise levels. 

As shown in Figure 10, the proposed IDBO–stacking localization algorithm consistently achieves 
lower localization errors under different noise intensities. Compared with other algorithms such as 
IDBO–stacking of average weights, WKNN + LightGBM-GA, stacking, PSO-ELM, and LightGBM, 
the proposed model demonstrates a smoother error curve, indicating stronger noise resistance and 
robustness, and it is more effective in handling noise interference during the online phase. In contrast, 
the localization errors of the other five models increase significantly with the noise intensity and 
exhibit greater sensitivity to noise. Even slight noise interference can lead to large fluctuations in 
localization accuracy, particularly in the case of the LightGBM model, which shows the highest 
sensitivity to noise. 

5.6.4. Experimental validation in different environments 

To further evaluate the adaptability and generalization ability of the proposed algorithm in 
different environments, a validation experiment was conducted in another indoor office scenario. The 
test area was an enclosed space of approximately 8 m × 10 m, containing typical obstacles such as 
desks and equipment partitions. In this area, five APs were deployed at a height of approximately 1 m 
above the ground as signal sources. Next, following 1 m × 1 m grid division, 80 RPs were placed at 
the grid intersections, as shown in Figure 11. After collection of the RSSI signals, the raw RSSI 
fingerprint data were preprocessed using the same procedure as previously described, including KNN 
imputation and hybrid filtering. Subsequently, the proposed IDBO–stacking algorithm was compared 
with the IDBO–stacking algorithm of average weighting, the stacking algorithm, the WKNN + 
LightGBM-GA algorithm, the PSO-ELM algorithm, and the LightGBM algorithm. A comparison of 
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the localization performance of the algorithms is shown in Table 9, the CDF curves are illustrated in 
Figure 12, and the experimental results under different intensities of noise are presented in Figure 13. 

            

(a) Real view of the scenario                (b) Floor plan of the scenario 

Figure 11. Deployment scenario. 

 

Figure 12. CDF of different algorithms. 

Table 9. Performance of different model combinations. 

Method Average localization error (m) RMSE 
Localization 
variance (m2)

LightGBM 1.34 1.803 0.996 
PSO-ELM 1.25 1.751 0.758 
WKNN + LightGBM + GA 1.08 1.490 0.706 
Stacking 1.10 1.531 0.735 
IDBO–stacking of average 
weights 

0.97 1.345 0.607 

IDBO–stacking 0.84 1.123 0.418 
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Figure. 13. Average localization error of different algorithms under various noise levels. 

As shown in Table 9, the proposed IDBO–stacking algorithm continues to demonstrate superior 
localization performance across different environments, with an average localization error of 0.81 m, 
which is significantly better than the other compared algorithms. Compared with the others, the 
average localization error is reduced by 0.13 m to 0.50 m, corresponding to a relative error reduction 
of 15.48% to 59.52%. In terms of RMSE and localization variance, the IDBO–stacking algorithm also 
performs excellently, not only improving overall localization accuracy but also significantly enhancing 
model stability and robustness. As illustrated in Figure 12, 99% of the localization errors from the 
proposed IDBO–stacking algorithm are within 2 m. Compared with the other algorithms, the CDF 
curve of the proposed method has a steeper slope and converges faster, indicating stronger error control 
ability. Most of the localization errors are concentrated within a smaller range, showing good stability 
and robustness. Furthermore, from the anti-noise experimental results in Figure 13, it can be seen that 
under different intensities of Gaussian noise interference, the IDBO–stacking algorithm still exhibits 
excellent robustness and noise resistance. Compared with the other algorithms, its error increases more 
slowly and the overall trend is more stable, further demonstrating that IDBO–stacking possesses strong 
noise resistance and environmental adaptability. 

In summary, the experimental results confirm that the proposed IDBO–stacking algorithm 
consistently achieves excellent localization accuracy and robustness in various indoor environments, 
validating its strong environmental adaptability and generalization capability. 

6. Discussion 

With the continuous development of indoor localization technology, Wi-Fi fingerprint 
localization has gradually become mainstream due to its efficiency and cost-effectiveness. This paper 
proposes an IDBO–stacking indoor fingerprint localization algorithm based on uncertainty estimation. 
In the offline phase, KNN is used to fill in missing values in the fingerprint data, and a combination of 
Gaussian filtering and bilateral filtering is applied to remove high-frequency fluctuations in the RSSI 
while preserving the edge features, thereby enhancing the stability of the fingerprint data. Base learners 
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with good performance and high diversity are selected using the PC index, and the IDBO is introduced 
to optimize the hyperparameters and improve the learners’ performance. After training of the base 
learners and the LightGBM meta-learner, the models are saved. In the online phase, real-time RSSI 
signals are input into the base learners for initial prediction. A dynamic weight allocation strategy 
based on uncertainty estimation is applied to perform weighted fusion, generating feature data that 
benefit the meta-learner. Finally, the LightGBM model outputs the localization result, improving the 
accuracy and robustness of positioning in complex environments. Experimental results show that the 
proposed algorithm demonstrates significant advantages in both localization accuracy and stability, 
achieving an average localization error of 1.04 m, which outperforms other ensemble methods and 
single algorithms. Moreover, the CDF curve converges faster, reflecting superior overall localization 
performance. Under Gaussian noise of varying intensities, the model maintains low error fluctuations, 
exhibiting strong noise resistance and robustness. In addition, the algorithm has been validated in 
different environments, further confirming its strong adaptability and generalization ability. 

Future work will further focus on optimizing fingerprint database management and updating 
strategies, designing more efficient fingerprint database update algorithms to quickly adapt to 
environmental changes and device shifts in complex environments, thus reducing the localization 
errors caused by signal fluctuations. In addition, to improve the real-time performance of the 
localization system in highly dynamic environments, the algorithm’s real-time processing capabilities 
and computational efficiency will be further enhanced to meet the application demands of large-scale 
indoor localization systems. Furthermore, combining more sensor data (such as Bluetooth, UWB, etc.) 
is planned to further enhance localization accuracy and robustness, ensuring the system provides stable 
and precise localization services in dynamic environments. 
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