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Abstract

In the age of the Internet of Things (IoT), IoT devices scattered across various locations gather and
store data in a decentralized manner to improve computational efficiency. Nevertheless, within [oT
networks, factors such as fragile devices, challenging deployment conditions, and unreliable data
transmission are raising the likelihood of data gaps, potentially having a substantial impact on the
subsequent data processing resulting in failure of the system. Conventional imputation approach
relies on using historical trend or sensor fusion techniques to combine information from different
sensors to fill in the gaps in where information is missing. Historical trend struggles to capture new
or emerging patterns, whereas using sensor fusion, even though it shows promising results, relies on
information from multiple sensors from same target environment, making it vulnerable to single-
point failures. This article presents an alternative strategy: using sensor-based fusion, but in this case,
multiple sensors gather data from different targets independently. The architecture intelligently
looks and gathers the sensor information from other location/target (multiple locations), sensing the
same environmental information, learns the distribution and correlation and employ algorithm to
generate synthetic data for imputing missing information. The study conducted experiments by
fusing weather station data from various US locations and comparing the effectiveness of this
approach to conventional methods. Further, the proposed synthetic data generation approach
outperformed other algorithms when applied to the fused weather station dataset. This innovative
approach mitigates the risk of single-point failures and offers a more robust solution for dealing with
missing data in IoT networks.

Keywords: data fusion; IoT; synthetic data

1. Introduction

The concept of the Internet of Things (IoT) revolves around linking physical objects, including
embedded systems, to enable the collection and exchange of data. IoT serves as the foundation for
seamlessly integrating sensors, actuators, and communication devices, facilitating real-time data
collection, and remote control of actuators [1]. This interconnected network of physical objects has
created a vast ecosystem in which these objects communicate with one another to enable a wide range
of applications. This has unlocked opportunities across various sectors, including smart industries,
smart transportation, smart agriculture, smart healthcare, and many more [2].

All these applications of IoT in various sectors have increasingly contributed to generation of
large amounts of data [3,4]. For example, in smart waste management large volumes of data are
generated from various distributed IoT devices, such as cameras, RFIDs, and odor sensors and these
generated data are transmitted to the cloud for further analysis [5,6]. Similarly, in smart traffic
prediction systems, huge data information — vehicles speed and location, traffic data from
surveillance cameras and so on — are transmitted continuously from generating source to the cloud
for analysis [7,8].

However, due to delicate IoT devices and severe environmental conditions, these raw data might
get lost during the transmission and storage process [9]. Moreover, this loss can also be result of
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failure of sensors/actuators, processing unit, embedded software, or from service and application
levels [10]. Furthermore, growing use of renewable energy resources to power IoT devices can induce
discontinuous data collection and missing data [11].

This data loss can result in significant losses, sometimes leading to serious failure. For example,
in smart healthcare, if technology fails to work as intended, a patient could be injured, or sensitive
personal health information may be exposed [12]. Thus, missing data results in availability of
insufficient data for performing meaningful processes and analysis for the corresponding
applications. Furthermore, a lack of sufficient data can result in analysis that lacks statistical
significance, potentially leading to erroneous conclusions or flawed decision-making when the
missing data includes crucial and sensitive features [11]. Therefore, as the effectiveness of numerous
statistical and machine learning algorithms depends on having complete data, it is vital to address
missing data appropriately.

There are various types of missing data mechanisms and identifying the type of missing data is
crucial to find solutions to address them. Missing data has been categorized into three different types:
missing completely at random (MCAR), missing at random (MAR) and missing not at random
(MNAR).

MCAR signifies that the absence of data occurs in a completely random pattern, independent of
any observed or unobserved values, i.e., probability of the missingness depends neither on the
observed values in any variable of the dataset nor on unobserved part of dataset [11,13]. MAR
indicates that missing values are solely dependent on the observed values and are unrelated to the
missing values themselves, i.e., probability depends on observed value but not on unobserved values
[14]. MNAR suggests that data is missing in a non-random manner, with the missing values
depending on both observed and unobserved values i.e., the probability that a data point is missing
depends on the value of that data point or other unobserved variables [14].

There are many ways that have been developed to handle the missing data scenarios: 1) Discard-
based and 2) imputation-based methods. In discard-based approach, the missing data is directly
removed from datasets [15]. Although it is simple and easy to implement, it is not applicable when
missing values are large [16]. Furthermore, when the application is sensitive to time and values
generated as specific time, discard method will not solve the problem. In imputation-based method,
the missing value is predicted, and the predicted value is used for analysis process [16]. In other
words, the synthetic data is generated in case of missing value. Conventionally, the imputation
method is divided into two types 1) statistics-based imputation and 2) model-based imputation. In
statistics-based imputation, usually missing data is imputed using mean, median, mode, and linear
regression methods [17,18] In model-based imputation, appropriate machine learning algorithms are
used to impute missing data.

All this imputation method depends on two types of datasets to generate synthetic data: 1)
historical dataset and 2) dataset from multi-sensor data fusion of same target. But using historical
data for data fusion is unreliable as it struggles to capture new or emerging trends and patterns that
have developed since the data was collected. Multi-sensor data fusion of same target shows
promising results; however, these multi-sensor data of same target sometime may not be present in
all applications. Moreover, all these multi-sensors may experience single point of failure scenarios
and in this case, sensors could not generate data and hence failure recovery (imputation) become
difficult.

In this article, we propose an efficient data fusion method utilizing fusion of data from different
target sources, to tackle the above-mentioned issues. To the best of our knowledge, proposed
approach is the first ever data fusion approach. Moreover, along with data fusion approach, we have
also proposed efficient data imputation methods. The major contributions of this article are
summarized as follows:

1)  We propose an efficient data fusion method where multi-sensor data from different targets are
fused to facilitate the imputation method in case of single point of failure. Whenever the
application encounter data missing and it does not have any redundant sensor from its
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application area, then it looks for similar data from other network (outside its application reach)
and utilizes it if found necessary.

2) We propose a KNN with Iterative PCA based imputation method and compared its efficiency
with other imputation approaches.

3) We experimented on weather station datasets from 8 different US states, performed data fusion
of weather values from these states, and result showed that this approach performs on par with
the conventional approach.

2. Related Work

In this section, we review some data fusion methods for data imputation — historical data-based
data fusion, and Sensor/feature-based fusion from the same target location — and some data
imputation methods from the perspective of statistics-based imputation, model-based imputation, K
nearest neighbors-based imputation.

2.1. Historical Data-Based Data Fusion with Statistics-Based Imputation

Utilizing historical data-based data fusion methods include the use of past data for data
imputation. Various statistic-based imputation methods — mean, median, mode, linear regression,
and others — are then applied to historical dataset [19]. Author in [20] has applied mean and hot-
decking imputations method to impute data in a real breast cancer problem. Author in [17] has
compared the mean, median and mode-based imputation on gas emission data set, where mean
outperformed other approaches. Mean, median and mode-based imputation replaces the missing
value with the mean, median and mode of the observed values respectively. Regression based
imputation replaces the missing values for each variable with the values predicted from a regression
of that variable on other variables. Hot deck imputation replaces each missing value with a random
draw from a ‘donor pool’ consisting of observed values of those variables [14][19].

The above statistics-based imputation on historical dataset imputes the missing data by taking
only the missing feature into account. Although this approach favors in terms of single point of failure
scenarios, they tend to produce more bias results and even sometime changing the distribution of
data for dataset having larger number of gaps [17] Moreover, these statistics approaches applied to
historical dataset gave poor results compared to model-based imputation approaches. Thus, utilizing
only the statistics-based imputation method with historical dataset could not provide better solution
in terms of accuracy and induces biases in data.

2.2. Multi Sensor-Based Data Fusion from Same Target with Model-Based Imputation

In multi sensor-based data fusion different features of same target location are collected and
utilized to make a decision. Thus, various kinds of features of an environment are analyzed together
to make a prediction. Since there exists correlation among these features as they represent different
parameters of same environment, when any one of those features goes missing, then the remaining
features of environment can be utilized to impute the missing features. For this kind of multi sensor-
based data fusion technique, model-based imputation is popular since it can analyze the various
environmental parameters together to decide.

Author in [21] presents that using MICE has boosted recognition accuracy from 87% to 98%.
Author in [22] has proposed a framework to improve the popular multivariate imputation by chained
equations (MICE) method for dealing with large data gaps. They have demonstrated the efficiency of
their framework using data from continuous water quality monitoring stations in Vermont. Author
in [23] has presented model selection to improve multiple imputations for handling high rate
missingness in a water quality dataset. Authors have proposed a robust method for selecting the best
algorithm to combine MICE to handle multiple relationships between a high number of features of
interest concerned with a high rate of missingness. Thus, they express their main contribution as to
improve MICE, by taking advantage of the ML models such as Random Forest (RF), K Nearest
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Neighbors (KNN), Support Vector Regression (SVR), Boosted Regression Trees (BRT) by hybridizing
with MICE. They obtained that MICE-SVR gives a good trade-off in terms of performance and
computing time.

Author in [24] has utilized random forest (RF) method to impute the missing weather data
facilitating in critical agricultural decision making. Authors in [24] have used 8.5 years of air
temperature, relative humidity, wind, and solar radiation features from Washington state to impute
the missing data. Authors in [25] have predicted the corn variety yield having attribute missing data
by graph neural network. Various ecological zones in China were considered to gather corn trait
features — corn variety, corn strain, corn cob type and so on. Thus, corn features such as corn variety,
corn strain, corn cob type, axis color, seeding lead, sheath color, and stay-green trait were chosen and
labeled to create the complete dataset. Similarly, author in [26] has presented the imputation of
missing precipitation data using KNN, RF, self-organizing maps (SOM), and feed-forward neural
network (FNN). The missing precipitation data from Cacher watershed, Assam state of India was
taken for imputation. Precipitation from various places of assam was used to create a complete
dataset. Author in [27] has presented the example of imputing missing water quality data by using
Deep Neural Network (DNN). The water quality data consists of features such as water temperature,
PH, electric conductivity, dissolved oxygen, chlorophyll-a, and nitrate. There is some missing data in
these feature sets which was imputed using DNN. Author in [28] proposes a comprehensive method
to forecast AQIs. Initially, they predicted hourly ambient concentrations of PM2s and PMio using
artificial neural network. Later it was extended to the prediction of other criteria pollutants, i.e., Os,
SOz, NOz, and CO to predict the AQIs. Moreover, these features consist of missing gaps, which was
handled using missForest, a machine learning-based imputation technique which employed the
random forest (RF).

All these methods use multi sensor data features from the same target. Thus, if there is missing
data but no redundant sensor features due to single point of failure or any other possible reason, then
imputation from above methods will be almost impossible.

2.3. KNN-Based Imputation

KNN-based imputation is a method used to fill in missing values in a dataset based on the K-
nearest neighbors’ algorithm. In this approach, for each missing value, the algorithm identifies the K
nearest data points (neighbors) with known values for the feature(s) of interest. Then, it imputes the
missing value by calculating a weighted average or a majority vote of the known values from these
nearest neighbors. The weights are typically determined based on the distance or similarity between
the missing data point and its neighbors. KNN-based imputation is commonly used in data
preprocessing and is particularly effective for datasets with numerical or categorical features where
missing values need to be addressed before further analysis or modeling. Authors in [29] has
presented combined KNN and BiLSTM methods to address noise and variance challenges in data
imputation. Initially, wind power dimension influence is assessed using Pearson correlation, and
CNN extracts information. BILSTM learns time-series data representation. Missing data is imputed
using CNN-BiLSTM and KNN models, forming the final dataset. It shows the combined model
improves imputation, increasing R"2 by 0.02. Authors in [30] has compared KNN, Sequential KNN
(SKNN) and other statistical based imputation method to impute the missing air quality value
collected from peninsular Malaysia. KNN and SKNN showed better results compared to statistical
based imputation. Similarly, author in [31] has performed KNN based imputation to impute the
missing weather data. The missing weather data has the various weather attributes of various
weather station from Pakistan, and these attributes are utilized together to predict the missing data.
Authors study in [32] assesses categorical variable imputation methods using Ugandan maternal
health records. KNN imputation stands out for predicting missing values. Results reveal KNN's
superior precision at multiple levels of missingness, with RF also performing well at lower missing
data proportions. This study highlighted the importance of method selection based on data
characteristics for effective imputation strategies.
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In our proposed KNN with iterative Principal Component analysis (PCA) approach, we have
used regular KNN based imputation approach and after that Iterative PCA is applied. Thus, we will
implement KNN with Iterative PCA to impute the missing data in our proposed data fusion method
and compare the result with other algorithms implementing conventional data fusion method.

2.4. Proposed Data Fusion Approach

This article aims to design an imputation architecture by using proposed MICE with Iterative
PCA on proposed fused dataset. We first describe the proposed data fusion method implementation.

2.5. Proposed Data Fusion Method

Sensor based data fusion method collecting information from the same target environment will
have an IoT architecture composed of gateways, nodes, sensors, and other components based on the
requirement of application. Sensors will be responsible for collecting various features of same target
environment and when if there is data gap in one of the feature, then remaining multiple features
collected from multiple sensors will be analyzed to generate the synthetic data for the missing data
(feature).In our proposed system we assume these multiple features are not only available from
multiple sensor sensing from same target environment but they can be located in different
geographical location sensing features of different environment.

Let gns represent gateway n at location s, wheren=1,2, ..., N;s=1, 2, ..., S. For a given gateway
gns, each gateway has p number of sensors features of type t where p can vary among gateways and
the collection of these p number of features for each gateway gus can be defined as set Fu = {fur1, fus2, ...,
fup}, where t =1,2, ...., T. The collection of all feature sets across all the gateways can be represented
as Xu={F1, F2, ..., Fn}. Thus, fiz represents feature number 2 of feature type 2 from gateway 1. In our
approach, the system will look for similar feature type t from the network making sure it has
significant correlation with the missing feature data. Let us assume that data feature fi2 (fuy) i.e.,
feature number 2 of type 2 from dataset X1 and gateway 1 located in geographical location 1 (g11) is
missing. In this case, in our proposed framework, the system will look for similar feature type 2 in
dataset X»where n # 1 and gateway gus where n =s # 1. Then these similar features (fuy, if and only if
n#1and t ==2) are transmitted to gi.

For example, from the above Figure 1, when Data 1 in the first standalone network experiences
missing data, the first network will search for a comparable feature in another IoT network (in this
case, standalone network 2). If a matching feature is located, for instance, if Data 2 in standalone
network 2 bears a resemblance to Data 1 in standalone network 1, it will be transferred from
standalone network 2 to standalone network 1 to facilitate fusion.

Standalone network 1 Standalone network 2
Data Data 2 Data Data @ @
AL 4 Data transfer among
Data
Fusion

| 4
‘ Fusion Result ’ ‘ Fusion Result ’
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Figure 1. Data fusion in interconnected network architecture.

2.6. Correlation Estimation

Correlation estimation involves approximating the level of statistical association or correlation
between two variables without utilizing the complete dataset. The goal of correlation estimation is to
provide a reasonably accurate estimation of the correlation coefficient by relying on summary
statistics or a subset of the available data, thus without having to send the complete dataset to check
the correlation. In our specific scenario, we have employed summary statistics techniques.

To elaborate on summary statistics techniques, let’s consider a situation where the feature fis
i.e., feature number 3 of type 4 from gateway 1 is not available. In this case, we compute summary
statistics, namely the mean and standard deviation, for feature fis3. These summary statistics are then
transmitted to other gateways gus. If these other gateways, for example, g22, ¢33, and gss, possess similar
feature types, then the summary statistics of these corresponding features are calculated within their
respective gateways. Subsequently, correlation estimation is performed by comparing the summary
statistics of feature fis with those g2, g33, and gss, respectively. If a correlation is identified, then the
entire feature is sent to g11. We have used Pearson correlation coefficients to estimate the correlation.

The Pearson correlation coefficient (commonly denoted as @ or r) can be estimated using
summary statistics, specifically the means (i) and standard deviations (o) of two variables, X and Y,
as follows:

e (X — ) * (Y — py)]

[n * ox * gy]

p(X,Y) = (1)

o X; and Y; are individual data points.

e uy and py are the means (averages) of X and Y, respectively.
e oyand oy are the standard deviations of X and Y, respectively.
e n is the number of data points.

2.7. KNN with Iterative PCA For Synthetic Data Generation
2.7.1. Dataset Preparation

Data fusion method described above and Figure 2 will have the fusion of same data features
from multiple networks or gateways. The initial summary statistics-based correlation estimation was
used to decide whether the correlation exists or not. After this, another round of correlation
estimation will be conducted to select only the top 4 highly correlated features which will be later
used to generate synthetic data. For simplicity, let us consider the fused dataset consists of the N
features fused from outer gateway and missing feature M for which synthetic data is to be generated.
Let X be the set of all N features. Let C be the correlation coefficient between features. The Pearson
correlation coefficient same as equation (1), is used to estimate the pairwise correlation between the
features. The correlation coefficient for each feature pair is calculated as shown in equation (2).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0520.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 January 2026 d0i:10.20944/preprints202601.0520.v1

7 of 20

| Compute the summary statistics of missing feature (Ssp) |

v

| Transmit the summary statistics to all gateways. |

v

Does gateway have similar

Compute the correlation between F based on Sy in all gateways.

v

Is there correlation i.e., p value

Transmit the F to gateway/cloud of missing feature (f;)

End

Figure 2. Data fusion flowchart.

C; =corr(M,X;) forj=12,..,Nand M; # X; (2)
After the correlation coefficient for all features with M is calculated, the second step includes selecting
the top 4 features that exhibit the highest correlations. These top 4 features are the ones with the
strongest linear associations among them. The notation for this selection can be represented as
equation (3).

Selected Features = arg m]aXCj forj=1,2,..,4(3)

The selected features from equation (3) represent the set of features that we want to use to
generate synthetic data. The arg max; is used to find the indices of the top 4 highest correlation
coefficients, denoted by C; but only considering features other than M. In other words, feature M is
excluded from this selection process.

2.7.2. Synthetic Data Generation Approach

After selecting the highly correlated features, these features will be trained to generate synthetic
data for the missing feature. The algorithm for synthetic data generation is described as per algorithm
1. Let us consider our dataset X containing both complete and incomplete variables. We initially
impute the missing value using KNN method. The dataset is divided into two parts: one that contains
complete data and one that contains the missing data. Complete data is used to build imputation
models. For each variable with missing data, a regression model is built using the other variables in
the dataset (both complete and imputed) as predictors. The missing values for that variable are then
imputed based on the predictions from the regression model. These processes are repeated for each
variable with missing data in the dataset. This process continues for several iterations until
convergence is achieved or a predefined stopping criteria is met. These imputed datasets are
combined to create a final imputed dataset.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Algorithm 1: Imputing missing values using KNN based iterative PCA

Require: Receive the data set X after initial KNN imputation.

Ensure: Imputed data set with missing values filled in.

1: Initialize X, with initial imputed values from KNN.

2: while not converged do

3: Use current estimate of X; and compute Y, and Z, using PCA decomposition.

4:Y,, Z; < PCA Decomposition(X,)

5: Compute the residuals between the observed values in X and the predicted values based on Y,
and Z,.

6:E—X-Y,-Z;

7: Update the missing values in X, by setting the missing values to their corresponding values in Y,
- Zt, and the observed values to their corresponding values in X.

8: Xe— M- (Ye+ Zp) + (=M) - X D> Apply the mask matrix M.

9: end while

After initially imputing by KNN method, we then perform Iterative Principal Component
Analysis (I-PCA) to run imputation only for the initially missing variables before running KNN. We
initialize I-PCA by using one of the imputed datasets as our working dataset for PCA, denoted as
Xinn. Let xi be the ith row of X and let xij be the jth element of xi. Let N be the number of rows in X and
let p be the number of features in X. Let Y be the PCA decomposition of X such that X = Y*Z, where
Y is an N x k matrix of the k principal components of X, and Z is a k * p matrix of the corresponding
loadings. Let yij be the jth element of the ith row of Y and let zij be the jth element of the ith column
of Z. Let M be a binary mask matrix of the same dimensions as X, where Mj = 1 is xj is observed and
0 if it is missing. Let Xt be the imputed dataset at iteration t.

2.7.3. Evaluation

The evaluation is based on the implementation of proposed synthetic data generation algorithm
on both proposed fused datasets and with unfused datasets. For the simplicity of representing the
evaluation method, let us consider a dataset, can be of both fused or unfused dataset, D has R — row
and C - columns with a missing value. dr (1 <7 <R, 1 < ¢ < C) is the value of the r-th row and c-th
column in D. Similarly, D denotes the imputed data for D, and dArc (1<£r<R,1<c<Q)is the r-th
row and c-th column value in D. However, if dr.is not a missing value, then drc = dicholds. Thus,
the goal is to minimize the difference (error) between Czrc and dr. We have used the root-mean
square error (RMSE) to describe the error which is shown in equation (4).

The performance of the data fusion method and synthetic data generation method are both
compared with RMSE value. The synthetic data will be generated using proposed KNN with Iterative
PCA approach and its error will be obtained in both types of datasets to compare the data fusion
method efficiency. Further, RMSE value will be evaluated in different synthetic data generation
algorithms to compare the efficiency of proposed synthetic data generation algorithm.

1 —_2
RMSE = RC $=1zg=1(drc_drc) (4)

3. Dataset

Since our goal is to analyze the proposed data fusion method with the conventional unfused
data fusion method, hence, two different types of datasets must be evaluated but both facilitate to
generate synthetic data for same feature. Thus, if synthetic data must be generated for missing
features, let’s say, F, then we will have conventional style fused dataset and the proposed style fused
dataset, that will work to generate synthetic data for missing feature F. Moreover, we have datasets
of both conventional and proposed approaches, working on generating synthetic data for all missing
features. However, the proposed KNN with Iterative PCA is evaluated with any one type of dataset
—fused or unfused.
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The weather data was gathered from a total of eight distinct locations across various U.S. states
and cities, specifically Colorado, California, Arizona, Las Vegas, Washington, Salt Lake City, Texas,
and Oregon. These states exhibit differences in weather patterns even when considering the same
time of year. This diversity allows us to assess the effectiveness of our cross-network data fusion
technique in a broad context. We obtained these datasets individually, covering the period from
February to April 2023, spanning three months.

3.1. Dataset Before Fusion (DS1)

Tables 1 and 2 show a glimpse of the conventional style fused dataset under consideration.
Similar datasets exist for other states as well. As observed in these tables, each dataset comprises a
total of 9 features —~temperature, feels like temperature, dew point, humidity, wind gust, wind speed,
wind direction, cloud cover, and visibility — obtained from same target locations, i.e., Arizona and
Las Vegas respectively. All these weather station datasets from all eight states share an identical
number of features and same feature types. In aggregate, there are 93 data points available for each
of these features. The choice to select these states was driven by the noticeable variations in weather
conditions exhibited across them.

If any one of these features goes missing, then, the remaining features will be used to generate
synthetic data, a conventional data fusion technique to impute missing value.

Table 1. Arizona weather dataset.

Tempeeratur 1;3;:: Dew Humidity Wind Gust Windspeed D‘i,:‘::t?(-)n glo(tzcrl Visibility
12 11.4 1.7 51.4 66.5 40.3 198.1 88.1 14.7
8.1 7.2 0.8 61.4 37.1 21.1 227.6 82.6 16
11.2 10.8 2.4 56.1 14.8 15.3 188.6 32.3 16
13.7 13.1 2.6 51.3 16.6 16 109.1 20.9 16
15.3 14.9 2.7 45.9 29.5 17.5 154.8 65.7 16
Table 2. Las Vegas weather dataset.
Temperatu Feels Humidit Wind . Wind- Cloud e
fe Like Dew y Gust Windspeed Direction Cover Visibility
7.3 4.1 -09 575 55.4 31.9 200.5 68.1 15.3
9.7 7.5 -6.5 33 67.1 40.9 339.7 8.8 16
9.1 8.6 -46 392 25.9 12.5 25.5 7.1 16
11.7 114  -3.1 39.1 64.8 41.7 201.9 15.3 16
114 10.1 -34 359 64 38.7 202.3 19.3 16

3.2. Dataset After Fusion (DS2)

Tables 3 and 4 show a glimpse of the proposed fused dataset for “feels like” and “average
temperature” respectively. For example, from Table 3, whenever the “feels like” feature is missing
from the, let’s say gateway from Arizona, then the proposed fusion approach will gather the “feels
like” feature from the other gateways from different locations. Similarly, Table 4 shows the fused
dataset for average temperature.

Table 3. “Feels like” data after fusing with all 8 states and cities.

Arizona California Colorado Las Vegas Oregon SaltLake Texas Washington

11.4 4.5 -6.7 4.1 2 -2.4 24 8.3
7.2 6.5 -2.7 7.5 1.5 -2.4 21.9 12.7
10.8 8.5 -2 8.6 0.7 -1.3 15.7 4.8
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13.1 6.6 -4.7 11.4 0.8 -1.8 16.8 8.2
14.9 6.2 -1.2 10.1 0.5 -1.2 18.5 9.7

Table 4. Average temperature” dataset after fusing with all 8 states and cities.

Arizona California Colorado Las Vegas Oregon SaltLake Texas Washington

12 7 -2 7.3 3.4 2 23.7 9
8.1 8 -0.5 9.7 5.1 0.5 21.8 12.9
11.2 9.2 1.1 9.1 4.3 1.9 15.7 74
13.7 8.6 -0.2 11.7 4.9 2.9 16.8 9.6
15.3 8 1.7 114 2.6 2.5 18.5 10.2

3.3. Experiments

We performed experiments on two parts: (1) evaluating the effectiveness of the proposed data
fusion technique, and (2) evaluating the effectiveness of KNN + Iterative PCA with other imputation
approach. At first the effectiveness of KNN + Iterative PCA is shown and later the data fusion
technique is compared based on KNN + Iterative PCA values.

3.4. Correlation Statistics Analysis

For both DS1 and DS2, we obtained the top 4 and 5 correlation of each feature with as shown in
Figure 3 and 4. For both figures, correlation for “Temperature” and “Feels like” covers the highest
value. Similarly, “Wind Direction” has the lowest correlation for both datasets. Likewise, “Humidity”
has the moderate correlation in both datasets. The comparison of synthetic data generated is
evaluated based on how effectively synthetic data was generated on proposed data fusion method
when it has high. For conventional data fusion method, except “visibility”, “humidity” and “feels
like” feature, it shows higher correlation than proposed data fusion method. Likewise, for “cloud

cover”, “wind direction” and “dew” feature, conventional data fusion method shows significantly
higher correlation value. For rest, it is almost on par.

Top 4 correlation for DS1 HTemperature  Top 5 correlation for DS1

M Temperature Feelslike

Feelslike M Dew
B Dew B Humidity
W Humidity M Wind gust
B Wind gust B Wind speed
B Wind speed Wind Direction

Wind Direction Visibility

Cloud cover

Figure 3. Top 4 and 5 correlation values for each feature for DS1.

Top 4 correlation for DS2 Top 5 correlation for DS2
B Temperature
h M Temperature
M Feelslike ,
M Feelslike
Dew .
W Humidity R
i W Humidity
W Wind gust i
B Wind speed b W!nd gus ’
Wind Direction W!nd SDF_)ee )
Visibility '“‘nb‘l‘ irection
Cloud cover Visibility

Figure 4. Top 4 and 5 correlation values for each feature for DS2.
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3.5. KNN + Iterative PCA with Other Approaches

In our study, we assessed the RMSE of generating synthetic data for missing data in our new
fusion dataset, DS2. We compared the performance of KNN + Iterative PCA with various machine
learning and statistical methods. Among the machine learning approaches — KNN, Random Forest
(RF), RF + Iterative PCA, Decision Tree (DT), and DT + Iterative PCA. The statistical methods
evaluated included MICE, MICE + Iterative PCA, Mean, and PMF. We chose “Temperature”,
“Humidity”, and “Wind direction” features based on their correlation metrics, which ranged from
highest to lowest. Our comparison covered all correlation levels, and we specifically analyzed the
effectiveness of the KNN + Iterative PCA method against the other approaches.

Figure 5 illustrates the Root Mean Square Error (RMSE) comparison of the KNN + Iterative PCA
method for the “Temperature” feature against all other approaches. It consistently displayed the
lowest RMSE value across all geographical locations. Conversely, PMF exhibited the highest RMSE
values across all geographic areas.

RMSE comparison with KNN + Iterative PCA for "Temperature" feature
0.5

sl o sl

Arizona  California Colorado Las Vegas  Oregon Salt Lake Texas  Washington

RMSE

Different geogrpahical location
mPCA KNN mPCA DT PCA MICE PCA RF DT = KNN mMICE ERF B Mean = PMF

Figure 5. RMSE comparison of KNN + Iterative PCA with various Machine Learning and statistical method for

“Temperature” feature.

Similarly, Figures 6 and 7 depict the RMSE comparison of KNN + Iterative PCA for the
“Humidity” and “Wind direction” features, respectively, against all other methods. In both cases,
KNN + Iterative PCA demonstrated lower RMSE values compared to all other methods across all
geographical locations. Indeed, based on these results, it is evident that our proposed KNN + Iterative
PCA approach consistently outperforms all other methods across all correlation levels. The lower
RMSE values obtained for “Temperature”, “Humidity”, and “Wind direction” features in all
geographical locations indicate the superiority of the KNN + Iterative PCA method in generating
synthetic data with greater accuracy compared to alternative approaches.

RMSE comparision with KNN + Iterative PCA for "Humidity" feature
0.8

A

Arizona California ~ Colorado  Las Vegas Oregon Salt Lake Texas Washington

Different geogrpahical location
EPCAKNN ®PCADT PCA MICE PCARF ®=DT ®=KNN ®MICE ®RF ®Mean ®PMF
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Figure 6. RMSE comparison of KNN + Iterative PCA with various Machine Learning and statistical method for
“Humidity” feature.

RMSE comparision with KNN + Iterative PCA for "Wind Direction" feature
1
0.8
0.6

%
Z 04

" il bt 10 il D s

Arizona California Colorado Las Vegas Oregon Salt Lake Texas Washington
Different geogrpahical location

HPCA KNN =PCA DT PCA MICE PCA RF DT = KNN EMICE B RF H Mean = PMF

Figure 7. RMSE comparison of KNN + Iterative PCA with various Machine Learning and statistical method for

“Wind direction” feature.

3.6. Comparison of Proposed Data Fusion Methods with Other Fusion Methods

The experiment includes comparison of proposed data fusion method (DS2) with conventional
data fusion method (DS1). The KNN + Iterative PCA was implemented to generate synthetic data
using both DS1 and DS2. The RMSE value obtained was used to compare the effectiveness of DS1
versus DS2.

We performed the experiment by randomly missing 10% and 20% of data missing and
generating synthetic data for these missing values with top 4 and top 5 correlation respectively — we
considered higher correlation number when the total missing percentage was high. Figure 8 to 16
shows the comparison of proposed data fusion versus conventional data fusion method for
generating synthetic data for “Temperature”, “Feels Like”, “Dew”, “Humidity”, “Wind Gust”,
“Wind Speed”, “Wind Direction”, “Visibility” and “Cloud Cover” features for 10% missing data
respectively. Similarly, figures 17 to 25 shows for 20% missing data for similar features. All these
features have different top correlation values. For feature “Feels Like” and “Visibility”, the
correlation is high in proposed data fusion method than conventional data fusion method and thus
proposed data fusion method shows less RMSE error. Likewise, “dew” and “cloud cover” feature
has significantly lower correlation then conventional data fusion method thus it shows higher RMSE
error compared to the conventional data fusion method. Whereases, in proposed data fusion method,
for the rest of the feature where the correlation is higher or on par with the conventional method, it
shows the lower RMSE error compared to conventional data fusion method.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Temperature"
feature for 10% missing data

0.400 0.358
0315
0.300
w 0.026
(%}
2 0.054 0.046
E 0.200 0.127 0.138 0.060
0.029 :
0.100 0.067 0.023 0.042
. 0.046 0.033
0.012 0.023 . .
Arizona Californina  colorado las vegas oregon salt lake texas washington

Geographical location
m Proposed Data Fusion method (0.87 correlation) m Conventional Data Fusion method (0.91 correlation)

Figure 8. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Temperature” feature for 10% missing data for various geographical location.
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Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Feels Like"
feature for 10% missing data
0.3000 02691
0.1401

0.2000 0.0984

g ot 0.0290 00503 0.0491 o120 | o.1iJzo
0.0524 0.0972
% 0.1000 \ 00824 00303'3060 / ’7 \ 0.0603
0.0267 l . -
0.0000 - -
Arizona Californina  colorado las vegas oregon salt lake texas washington
Geographical location
H Proposed Data Fusion method (0.86 correlation) = Conventional Data Fusion method (0.93 correlation)

Figure 9. RMSE comparison of proposed data fusion method with conventional data fusion method for
generating synthetic data for “Feels Like” feature for 10% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Dew" feature for
10% missing data

0.6000
0.4688

w 0.4000 00223 0.1836 0.2100

S 0.0428 0.0544 0.0267 : A

*0.2000 oo 01230 0.0061 oo

0.0261 0.0456 0.0392 l/ 0.0374 | 0.0197
Arizona Californina  colorado las vegas oregon salt lake texas washington
Geographical location
m Proposed Data Fusion method (0.57 correlation) m Conventional Data Fusion method (0.80 correlation)

Figure 10. RMSE comparison of proposed data fusion method with conventional data fusion method for
generating synthetic data for “Dew” feature for 10% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Humidity" feature
for 10% missing data

0.3000
0.2355
& 0.2000 0.1754
E 0.0303 0.0621 0.1290
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*0.1000 0.0160 / 0.0422 0.0190
0.0162 0.0315 0.0144 0.0189 0.0167 0.0177 0.0247
0.0000 - — | — - — - -
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m Proposed Data Fusion method (0.46 correlation) m Conventional Data Fusion method (0.43 correlation)

Figure 11. RMSE comparison of proposed data fusion method with conventional data fusion method for
generating synthetic data for “Humidity” feature for 10% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Wind gust" feature
for 10% missing data

0.2500 0.2290
0.2000 01310
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< 0.1000 0.0486 0.0584 0.0670
oo || | I I
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© 2025 by the author(s). Distributed under a Creative Co s CC BY license.


https://doi.org/10.20944/preprints202601.0520.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 January 2026 d0i:10.20944/preprints202601.0520.v1

14 of 20

Figure 12. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Wind Gust” feature for 10% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Wind Speed"
feature for 10% missing data
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Figure 13. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Wind Speed” feature for 10% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Wind Direction"
feature for 10% missing data
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Figure 14. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Wind Direction” feature for 10% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Visibility" feature
for 10% missing data

0.4000 0.3741
0.3000 0.2525
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m Proposed Data Fusion method (0.86 correlation) m Conventional Data Fusion method (0.38 correlation)

Figure 15. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Visibility” feature for 10% missing data for various geographical location.
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Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Cloud Cover"
feature for 10% missing data
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Figure 16. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Cloud Cover” feature for 10% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Temperature"
feature for 20% missing data
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Figure 17. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Temperature” feature for 20% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Feels Like" feature
for 20% missing data
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Figure 18. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Feels Like” feature for 20% missing data for various geographical location.
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Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Dew" feature for
20% missing data
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Figure 19. RMSE comparison of proposed data fusion method with conventional data fusion method for
generating synthetic data for “Dew” feature for 20% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Humidity" feature
for 20% missing data
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Figure 20. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Humidity” feature for 20% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Wind Gust"
feature for 20% missing data
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Figure 21. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Wind Gust” feature for 20% missing data for various geographical location.
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Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Wind Speed"
feature for 20% missing data
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Figure 22. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Wind Speed” feature for 20% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Wind Direction"
feature for 20% missing data
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Figure 23. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Wind Direction” feature for 20% missing data for various geographical location.

Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Visibility" feature for
20% missing data
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Figure 24. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Visibility” feature for 20% missing data for various geographical location.
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Proposed Data Fusion vs Conventional Data Fusion For Generating Synthetic Data on "Cloud Cover"
feature for 20% missing data
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Figure 25. RMSE comparison of proposed data fusion method with conventional data fusion method for

generating synthetic data for “Cloud Cover” feature for 20% missing data for various geographical location.

For 20% of missing data, proposed data fusion method outperforms conventional data fusion
method where the correlation of proposed data fusion method is high or on par with the conventional
method. For the “cloud cover” feature, where the proposed data fusion shows less correlation, it has
higher RMSE error compared to conventional data fusion method.

Thus, from this we can say that the proposed data fusion method significantly gives less RMSE
error when generating synthetic data compared to conventional methods when the correlation is high
and even when it is on par with conventional method.

4. Conclusions

The study assessed the effectiveness of a proposed data fusion technique for generating synthetic
data during system failures. It utilized weather data from 8 diverse locations across the US to
demonstrate the potential for broader application of the fusion method. Evaluation involved
comparing the accuracy of synthetic data produced during sensor data unavailability with
conventional fusion methods. Results showed promise, with some instances of superior performance
and others on par. Synthetic data could be valuable in scenarios with missing data or where
redundant sensors are unnecessary across networks. Moreover, we compared our KNN with Iterative
PCA machine learning approach with other methods. Our approach provided better result than
other. Other machine learning approaches (KNN, RF, RF with Iterative PCA), were less far away in
result with our approach than mean imputation and PMF. PMF was the worst because of its
inefficiency to work on time series kind of data.

Further, this study demonstrated the efficiency of the proposed data fusion method through data
imputation techniques. The application and benefits of this technique extend to scenarios where
predictions are necessary despite the absence of redundant features to aid decision-making.
Typically, additional sensors of the same data type are deployed as backups to address failures in IoT
sensors or nodes, which increases resource utilization. However, with the proposed data fusion
technique, relevant data from other networks can be fused, offering a more resource-efficient solution
to support the decision-making process.

Data Availability: The data presented in this study are available from the National Oceanic and Atmospheric
Administration (NOAA) National Centers for Environmental Information (NCEI) at https://www.ncei.noaa.gov.

These data were derived from public domain resources provided by NOAA.
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