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distribution of satellite constellations but also on additional 
measurement errors such as satellite clock errors, ephemeris 
errors, and atmospheric delays (Najder and Sośnica  2021 ). 
These include such techniques as wide-area and local-area 
diff erential corrections, navigation message augmentation, 
and error masking, which are used to reduce them (Kong 
et al.  2022 ). Thus, satellite positioning has become a natu-
ral component of numerous mobile devices such as smart-
phones and handheld navigation units (Uradziński and 
Bakuła  2020 ).  

  Despite extensive usage, its performance seriously suf-
fers in partially shaded environments such as urban canyons, 
fl yover shadows, and indoor factory areas (Li et al.  2020b ). 
GPS outages pose an enormous challenge to GPS/INS inte-
grated navigation systems as they have high reliance on sat-
ellite signals (Cao et al.  2023 ). When GPS signals degrade 
or fail, the system resorts to INS alone, resulting in exponen-
tially growing errors and lower accuracy (Gao et al.  2022 ). 
Although cooperative positioning (CP) is a prime candidate, 
comparatively few have tackled real-world datasets or the 
problem of internode ranging outliers, limiting practical 
application (Liu et al.  2021 ). Additionally, parameters like 
incidence angle, narrow measuring range, low scanning 
resolution, and sparse point cloud data limit the effi  ciency 

                         Introduction  

  It has emerged in the recent past to off er positioning services 
using low Earth orbit (LEO) mega-constellations (Wang 
and El-Mowafy  2022 ) in contemporary navigation systems 
based on GPS and INS. One of the most general methods 
is calculation of space object orbital orbits with Two-Line 
Element Sets (TLEs), utilized in such operations as satel-
lite laser ranging (SLR) (Kovář et al.  2022 ). The receiver 
positioning accuracy, however, depends not only on spatial 
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   Abstract  
  Precise object location is the essence of the operation of the contemporary navigation systems that are predominantly 
based on GPS and INS. The ultimate goal of the proposed work is to predict the accurate position of the objects by 
improving the performance of the navigation system. The navigation system consists of a global positioning system (GPS) 
and an Inertial Navigation System (INS). In this work, we have developed a novel Hybrid RNN based Kalman fi lter. 
In addition, a Chaotic-Levy-based Particle Swarm Optimization (PSO) enhances the training effi  ciency of the proposed 
model. MATLAB is used as the main tool for implementing the proposed model. The hybrid RNN based Kalman fi lter 
system, combined with Chaotic-Levy-based PSO, shows excellent performance in predicting object positions accurately. 
The model achieved a high correlation value of 0.999, a very low Mean Absolute Error (MAE) of 0.03, Mean Absolute 
Relative Error (MARE) of 0.125, and Mean Squared Error (MSE) of just 0.00139. These results refl ect the model’s strong 
ability to learn from navigation data and make highly reliable predictions across diff erent scenarios.  
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of target detection. Under urban canyons, the issue is com-
pounded with less satellite visibility, thereby complicating 
robust positioning even further (Pagoti and Vemuri  2022 ).  

  The classic GPS positioning techniques usually fail in 
accurate positioning within complex and blocked settings, 
giving rise to smart algorithmic technologies (Behivoke 
et al.  2021 ). Random forest, for instance, has been proven 
very reliable in modeling boat GPS traces and identifying 
space-explicit fi sheries activities (Yang et al.  2023 ). DL 
frameworks such as CNNs and LSTM networks are most 
often utilized to acquire spatial and temporal relationships, 
and their performance further enhanced by spatial–tempo-
ral attention mechanisms (Li et al.  2020a ). Real-time error 
estimation for positioning has been improved through deep 
neural networks (DNNs) run on edge servers. Gradient 
boosting decision trees (GBDT) help in the estimation of 
pseudorange errors with features like satellite elevation, sig-
nal strength, and residuals (Sun et al.  2020 ). Variable projec-
tion algorithms designed with the Aitken method have been 
found eff ective in reducing the impact of multipath eff ects 
to enhance the accuracy of GPS (Cheng et al.  2024 ).  

  This paper aims Hybrid RNN-informed Kalman fi lter 
model for improving prediction performance in sequence 
data analysis. As one further improvement over training 
effi  cacy and optimization procedure, a Chaotic-Levy-based 
Particle Swarm Optimization (PSO) algorithm is integrated 
into the model. This integration takes advantage of the 
capacity of the RNN to capture temporal dependencies and 
the Kalman fi lter to give reliable state estimation, since the 
Chaotic-Levy PSO off ers improved convergence and more 
optimal parameter values. The model is simulated through 
MATLAB, which provides a fl exible and effi  cient platform 
for simulation and experimentation. To develop a hybrid 
RNN-based Kalman fi lter model that eff ectively captures 
temporal dependencies and performs optimal state estima-
tion for accurate object position prediction in navigation 
systems.To optimize the model’s training process using a 
Chaotic-Levy-based Particle Swarm Optimization algo-
rithm, ensuring effi  cient convergence and improved learn-
ing performance.To implement a structured preprocessing 
pipeline that removes null values, cleans noise, and aligns 
sequences, ensuring consistent and high-quality input data 
for the model.  

  The following are the sections of this paper: The rele-
vant literature is reviewed in Sect. “ Literature survey ”, the 
proposed technique is described in Sect. “ Proposed meth-
odology ”, the experimental results are thoroughly analysed 
in Sect. “ Results and discussion ”, and the key fi ndings of 
the proposed work and itsconsequences are discussed in 
Sect. “ Conclusion ”.  

      Literature survey  

  Paszek and Grzecha ( 2023 ) proposed an artifi cial neural 
network (ANN) and LSTM for predicting object locations 
based on inertial navigation and UWB system historical 
data. The proposed method provides a reliable positioning 
system with less than 10 cm error and precisely predicts 10 
mobile object positions at low and high speeds.  

  Stojković, and Tadić ( 2023 ) proposed a method that 
employs polynomial regression combined with a LSTM 
neural network to eff ectively process long-term dependen-
cies as well as sequence data.The dependability and pre-
cision of the LSTM-based model was compared with the 
traditional Kalman Filter and was shown to improve preci-
sion and reliability. Yoon et al. ( 2024 ) presented a Bluetooth 
Low Energy signal-based indoor positioning technique with 
CNN-LSTM. The new technique uses the distances between 
neighboring transmitters to estimate the location of the 
receiver. The proximity method using solely the strongest 
signal as a substitute for triangulation, is used to estimate 
the location if the signal strength of a threshold value is 
surpassed.  

  Guang et al. ( 2021 ) suggested a technique that used the 
use of LSTM for position data estimation based on posi-
tion data from the GPS and inertial measurement unit (IMU) 
data. Both static and dynamic simulations are used to inves-
tigate the range of values for LSTM hyperparameters. Tao et 
al. ( 2021 ) proposed a novel multipath mitigation approach in 
the coordinate domain. They use an LSTM (long short-term 
memory)-CNN (convolutional neural network) approach 
to mine the deep multipath properties in GNSS coordinate 
series, to overcome the multipath production mechanism.  

  Liao et al. ( 2021 ) introduced a new method that combines 
GPS embedding with an attention-based BiLSTM neural 
network for more precise prediction of passenger destina-
tions. Two methods of GPS embeddings are proposed to 
recognize multi-scale spatial characteristics and geographic 
proximity, successfully encoding the spatial context of the 
visited urban places. Two large-scale benchmark datasets 
show superior prediction performance in evaluation.  

  Lv et al. ( 2022 ) proposed a model that employs the PSO 
article to optimize the initial parameters of the BP neural 
network, solving the instability and overfi tting problems 
usually related to traditional BP networks. Li et al. ( 2022 ) 
discovered the use of DL models, to understand how mul-
tipath propagation infl uences GNSS correlation results. 
It shows the better performance of neural network-based 
schemes under line-of-sight conditions compared to con-
ventional correlation schemes.  

  Ruwali et al. ( 2020 ) described the use of DL models to 
predict ionospheric delays on GPS signals based on ground 
and space-based ionospheric sensor measurements. The 

1283



  Proceedings of the Indian National Science Academy   (2026) 92:1282–1296

use of the algorithms to predict low-latitude ionospheric 
disturbances is an interest with the evolution of artifi cial 
intelligence and deep learning (Table  1     ). Existing literature 
comparing diff erent techniques is shown in Table  1 .  

  The research in GNSS positioning, object location pre-
diction, and multipath mitigation with DL models has pro-
gressed a lot, yet there are still some gaps. Most research 
works address particular environments (e.g., indoor, urban) 
or sensor data, which reduces the applicability of the models 
to other environments. More reliable real-time performance 
under dynamic and very complex situations, where the envi-
ronment conditions may change drastically, is another open 

area. Additionally, although some models have high accu-
racy, they may do so at the expense of computational com-
plexity. Combining a variety of data sources, for example, 
inertial sensors, GPS, and environmental parameters, is still 
unexplored territory, and these models’ scalability in real-
world applications is not yet fully leveraged. The resolution 
of these issues will produce more effi  cient and dependable 
positioning systems.  

 
  Existing 
work  

  Aim    Methods    Advantages    Disadvantages  

  Guang et 
al. ( 2021 )  

  Estimate posi-
tion information 
using GPS and 
IMU data  

  LSTM for position esti-
mation, compared with 
Kalman Filter and inertial 
navigation system  

  Suitable for both static 
and dynamic scenarios, 
improves accuracy over 
Kalman fi lter  

  Limited to specifi c 
scenarios, hyper-
parameter tuning 
needed for best 
results  

  Kabir et 
al. ( 2025 )  

  Improve 
positioning 
accuracy in 
GNSS systems 
using position 
corrections  

  PC-DeepNet with 
permutation-invariant 
DNN to estimate position 
corrections, NLOS and 
multipath features  

  Outperforms existing 
models in accuracy, 
lower computational 
complexity, handles 
GNSS challenges 
eff ectively  

  Depends on accu-
rate feature extrac-
tion, performance 
may vary with 
satellite visibility  

  Li et al. 
( 2022 )  

  Study multipath 
propagation 
eff ects on GNSS 
correlation  

  DL models to fi lter out 
multipath noise and 
improve LOS signal 
separation  

  Better performance in 
line-of-sight (LOS) 
settings, fi lters noise 
eff ectively  

  May not perform 
well in multipath-
dominated environ-
ments, limited to 
GNSS data  

  Liao et al. 
( 2021 )  

  Improve passen-
ger destination 
prediction using 
GPS data  

  BiLSTM with GPS 
embedding and attention 
mechanism for destina-
tion prediction  

  Better accuracy in 
predicting destinations, 
incorporates spatial and 
temporal context  

  Limited to urban 
areas, depends on 
quality of GPS data  

  Lv et al. 
( 2022 )  

  Improve clock 
off set predic-
tion using a BP 
neural network  

  HPSO-BP neural network 
optimized by particle 
swarm for clock off set 
prediction  

  Improved prediction 
accuracy, avoids overfi t-
ting, optimized using 
swarm optimization  

  Complex model, 
may require signifi -
cant computational 
resources  

  Paszek 
and 
Grzechca 
( 2023 )  

  Forecast object 
locations using 
inertial naviga-
tion and UWB 
data  

  LSTM neural network for 
position prediction with 
inertial navigation and 
UWB data  

  High accuracy (less 
than 10 cm), reliable in 
forecasting positions at 
low and high speeds  

  Not applicable for 
all environments, 
specifi c to the 
tested conditions  

  Ruwali et 
al. ( 2020 )  

  Predict iono-
spheric delays 
for GPS signals  

  LSTM, GRU, LSTM-
ConvNet applied to TEC 
data for ionospheric delay 
prediction  

  Utilizes AI to predict 
ionospheric distur-
bances, improves 
low-latitude GPS 
performance  

  Requires large data-
sets and may not 
work well in areas 
with weak GPS 
signal reception  

  Stojković 
and Tadić 
( 2023 )  

  Predict and 
interpolate 
object location 
coordinates  

  LSTM with polynomial 
regression for sequential 
data, real-world vehicle 
and GPS data  

  Superior accuracy over 
Kalman Filter, handles 
GPS signal dropouts, 
real-time operation  

  Might require high 
computational 
power, dependent 
on data quality  

  Tao et al. 
 2021 )  

  Mitigate mul-
tipath eff ects in 
GNSS coordi-
nate series  

  CNN-LSTM for mining 
deep multipath character-
istics in GNSS signals  

  Reduces multipath 
interference in GNSS, 
real-time forecasting  

  Potential computa-
tional cost for real-
time operation in 
dense environments  

  Yoon et al. 
( 2024 )  

  Indoor posi-
tioning using 
Bluetooth Low 
Energy signals  

  CNN-LSTM model for 
estimating distances 
using signal strengths 
from nearby transmitters  

  Adaptively chosen 
placement to avoid 
interference, uses strong 
signal for positioning  

  Limited to indoor 
environments, may 
be aff ected by sig-
nal interference  

   Table 1      Comparison of existing 
works   

 

1284



  Proceedings of the Indian National Science Academy   (2026) 92:1282–1296

such as biomedical signal processing, fi nance forecasting, 
or anomaly detection in time-series data. Figure  1      demon-
strates the architecture of the proposed method.  

    Preprocessing  

  Preprocessing is also a crucial initial step in any data-driven 
model, aimed at enhancing the quality and uniformity of 
input data before they are passed into the learning frame-
work. Preprocessing entails the removal of missing, noisy, 
or irrelevant data to pass clean and formatted input to the 
model. Preprocessing for this work comprises null data 
elimination, cleaning of data, and sequence alignment to 
preserve temporal consistency and minimize noise. These 
operations serve to normalize the INS and GPS data to align 
it across samples. Preprocessing operates more or less well 
in improving model stability along with accuracy in the 
model, minimizing computing overhead. Preprocessing is 
the basis for continued and fruitful feature extraction in the 
subsequent phase.  

      Proposed methodology  

  The architecture is a hybrid deep learning architecture for 
eff ective sequence forecasting and time-series analysis. It 
starts with input data, which undergo preprocessing which 
involves null data removal, data cleaning, and sequence 
alignment. These operations render the data complete, 
noise-free, and in the appropriate format for modeling in 
the temporal domain. After preprocessing, data is processed 
by a hybrid system consisting of two Recurrent Neural Net-
works (RNNs) in Kalman fi lter form. Hybrid Kalman fi lter 
based on RNN utilizes the strengths of the use of tempo-
ral relationship by RNNs and optimal state estimation of 
the Kalman fi lter to enhance the model robustness against 
noise and outliers. The result of this hybrid system is sub-
sequently optimized through a Chaotic-Levy-based Particle 
Swarm Optimization algorithm. The novel PSO method 
combines chaotic dynamics and Levy fl ight mechanics to 
deliver increased global search ability and prevent prema-
ture convergence, leading to improved parameter tuning and 
improved model performance. The fi nal output generated by 
this pipeline can be made accessible for utilization in pre-
dictive analysis or classifi cation tasks. Overall, this architec-
ture is most suitable for intricate sequence-based problems 

  Fig. 1      Proposed architecture     
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     Sequence alignment  

    Sequence Alignment guarantees that GPS and INS sys-
tem data are properly aligned in time. GPS and INS data 
are typically measured at varying frequencies or with 
minor timing off sets, resulting in misalignment of the 
two sets of data. Misalignment can result in poor pre-
dictions, since the model would not be provided with 
an appropriate sequence of events. To address this, we 
resample using resampling methods to match the time-
stamps and interpolation to input missing data points. 
This phase ensures both data sets are properly aligned, 
ensuring the model has something to learn from a con-
tiguous sequence of events over time. Temporal models 
such as RNN depend on sequenced data; hence, a proper 
alignment is important.  

      Hybrid RNN-based Kalman fi lter  

    The proposed Hybrid RNN based Kalman fi lter model 
is shown in Figure  2     . The preprocessed data is input to a 
hybrid Kalman Filter based RNN where the Kalman Fil-
ter estimates the initial state and the RNN learns temporal 
relationships to alleviate prediction errors. This merg-
ing expands the precision and fl exibility of the system 
in nonlinear and dynamic settings. The RNN keeps on 
improving the Kalman output, which allows for stronger 
and real-time estimation (Fig.  2 ).  

    Recurrent Neural Networks (RNNs) are utilized to 
enhance the estimation accuracy of the state using the 
eradication of residual errors produced by the Kalman Fil-
ter (KF). The Kalman Filter is eff ective in handling noise 
and uncertainty in sequence data but relies on assump-
tions as well as model parameters that do not necessarily 

    Null data removal  

  The initial operation under data preprocessing is Null Data 
Removal, or the management of missing or incomplete data. 
Missing data may be due to many possible reasons such as 
sensor malfunction, loss of signal, or breakdown of data 
transmission. If the gaps are not addressed, the model may 
provide incorrect forecasts or cannot be relied upon. To deal 
with missing data, you can either delete the data points with 
missing values or fi ll them in using estimates. Common 
imputation techniques are to replace missing values with 
the mean, median, or other methods like linear interpola-
tion. Proper treatment of null data makes the model oper-
ate on complete and valid data, enhancing its accuracy and 
trustworthiness.  

     Data cleaning  

    Data Cleaning is the second step, in which we are con-
cerned with correcting errors, removing inconsistencies, 
and cleaning noise from the dataset. GPS and INS data 
sometimes have sudden spikes or drops that are not rep-
resentative of actual sensor reading. Those outliers will 
mislead the model and make it less accurate. To address 
this, techniques like smoothing, i.e., employing moving 
averages or Kalman fi ltering, remove fl uctuations so that 
only meaningful data is used. Also, outliers—points that 
are well outside the remaining data—are identifi ed and 
removed or corrected. This cleaning makes the dataset 
trustworthy, accurate, and ready to be processed by the 
model.  

  Fig. 2      Hybrid RNN based Kalman fi lter   

  

1286



  Proceedings of the Indian National Science Academy   (2026) 92:1282–1296

  The real-time RNN output provides an estimated corrected 
state or Jacobian-like matrix:  

   J
′ (k) = [x1 (k) , x2 (k) , ..., xm (k)]48×m    (4)     

    This improved output may serve as the optimized map-
ping of image features and control signals in a visual 
servo system, denoised physiological signals in biomedi-
cal systems, or the latent dynamic state in time-series 
models. Through cooperative training of the RNN-Kal-
man Filter (RKF) model, the system is able to learn and 
approximate the generalized inverse of the transforma-
tion matrix and then apply it to the characteristic error 
matrix. This hybrid modeling method greatly enhances 
the accuracy, convergence rate, and robustness of the sys-
tem under dynamic and uncertain environments. Chaotic-
Levy-based PSO is then used at the end to fi ne-tune the 
weights of the RNN and the Kalman fi lter model, result-
ing in global optimization and improved generalization 
performance.  

     Chaotic-Levy-based particle swarm optimization 
(CL-PSO)  

    For further enhancing the performance and the ability to 
generalize of the RNN-Kalman Filter module, Chaotic-
Levy-based Particle Swarm Optimization (CL-PSO) is 
used. A Chaotic-Levy-based Particle Swarm Optimiza-
tion (CL-PSO) algorithm is employed to optimize the 

capture the nonlinear and dynamic nature of real systems. 
Therefore, the estimated outputs—such as the Jacobian 
matrix or system state—could be diff erent from the real 
values. To overcome this shortcoming, a time-conscious 
model developed using RNN is incorporated into the 
system. The RNN is trained to acquire the temporal 
relationships and error patterns of the KF, thus giving a 

correction mechanism in real time   x =
(
x1, x2, . . . , xn

)
  ,  

an output vector   y =
(
y1, y2, . . . , yn

)
  ,  and an output vec-

tor in the hidden layer a = (  a1, a2, . . . ., aT   ) :  

   a
t = tanh

(
Waxxt + Waaat−1 + ba

)
    (1)     

   ̂y
t = softmax

(
Wyaat + by

)
    (2)     

  where  Wax   stands for the present input weight matrix;  ba   
stands for the buried layer bias in the present RNN unit; 
 Waa   stands for the input weight matrix from the prior hid-
den layer state. Currently, the output weight matrix is called 
  Wya  ;  in the present RNN unit,  by   is the output bias.  

  In this hybrid approach, the input to the RNN is a tem-
porally ordered feature vector derived from the input signal 
or image data:  

   S
′ (k) = [s1 (k) , s2 (k) , ..., sm (k)]8×m    (3)     

     Table 2      X-position prediction evaluation of 70% training    
    X-position  

  MAE    RMSE    MSE    MARE    MAPE    Correlation  
  Proposed    0.031224    0.037021    0.001371    0.214809    21.4809    0.999319  
  CNN    0.071547    0.082562    0.006816    0.6901    69.01    0.996631  
  LSTM    0.099643    0.115536    0.013349    0.507449    50.74488    0.993549  
  MLP    0.149202    0.171825    0.029524    1.090819    109.0819    0.985835  

     Table 3      Y-position prediction evaluation of 70% training    
    Y-position  

  MAE    RMSE    MSE    MARE    MAPE    Correlation  
  Proposed    0.03135    0.037317    0.001393    0.077372    7.737195    0.999312  
  CNN    0.071874    0.083039    0.006895    0.178105    17.81054    0.996618  
  LSTM    0.109063    0.126783    0.016074    0.301536    30.15361    0.992526  
  MLP    0.151323    0.173897    0.03024    0.401692    40.16917    0.985697  

     Table 4      Z-position prediction evaluation of 70% training    
    Z-position  

  MAE    RMSE    MSE    MARE    MAPE    Correlation  
  Proposed    0.031643    0.037742    0.001424    0.085749    8.574911    0.999291  
  CNN    0.072512    0.083699    0.007006    0.195807    19.58069    0.996558  
  LSTM    0.107492    0.125658    0.01579    0.295224    29.52235    0.992485  
  MLP    0.151955    0.174624    0.030493    0.380627    38.06272    0.985198  

1287



  Proceedings of the Indian National Science Academy   (2026) 92:1282–1296

nonlinear problems. It is a population-based, stochastic, 
self-adaptive optimization technique inspired by nature. 

performance of the model in training. The PSO method 
was created by J. Kennedy and R. C. Eberhard to solve 

   Fig. 3       a  Correlation  b  MAE  c  MAPE  d  MARE  e  MSE  f  RMSE   
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  Prior velocity, cognitive learning, and social learning are 
the fi rst, second, and third terms in the statement above, 
respectively.  

   X
t+1
i = Xt

i + V t+1
i     (6)     

  where  C1   and  C2   indicate the user-predefi ned acceleration 
constant,  Xt

i    and  V t
i     indicate the position and velocity vec-

tor of the i-th particle in the swarm, and w is the inertial 
weight to preserve the balance between local and global 
search capability. The random numbers  r1   and  r2   are pro-
duced between 0 and 1. The i-th particle’s global best posi-
tion inside the swarm is denoted by   Gbest  ,  while  Pbest    is its 
personal best position at time t.  

   Pbest   denotes the personal best position of the parti-
cle,  Gbest   represents global best position of particular par-
ticle in a search space.  

  The addition of chaotic maps can enhance the explora-
tion and exploitation capabilities of the algorithm.  

   dt+1 = Sin (πdt) (0, 1)    (7)     

  Levy fl ight (LF) is derived from the following formula:  

   
LF (x) = u × σ

|v| 1
β  

   (8)
     

  In the Levy Flight equation, u and v are random numbers 
between 0 and 1, while  σ   is the scale parameter and  β  = 1.5 

This is how the PSO algorithm operates. First, initial 
velocities are assigned to the produced beginning par-
ticles. At each particle’s location, the goal function is 
assessed. The optimal position and function value are 
identifi ed. The following stage involves choosing new 
velocities based on recent velocity, individual particle 
positions, and the locations of their neighboring parti-
cles. Iterative updates are then made to the particle loca-
tions, velocities, and neighbors. By adding the velocity 
to the old location, the new location is evaluated. To keep 
particles within boundaries, locations are changed. Until 
the algorithm reaches a stopping threshold, the process is 
repeated multiple times.  

    The PSO algorithm explores the space of an optimiza-
tion problem by changing the trajectories of individual 
members, called particles because they create partwise 
paths in a quasistochastic fashion. The random and deter-
ministic components make up the two main components 
of the swarming particle’s motion. With this approach, 
each potential response is handled as a particle with a 
random position and velocity in the search space. The 
search space is the collection of all likely solutions to the 
problem that requires optimization. The best position and 
velocity of each particle are determined by the optimal 
solution (fi tness) in the solution space. In the PSO algo-
rithm, the i-th particle uses the following equations to 
update its position and velocity at each t-th step:  

   V
i+1

i = wV t
i + r1C1

(
Pbest − Xt

i

)
+ r2C2

(
Gbest − Xt

i

)
    (5)     

     Table 5      X-position prediction evaluation of 80% training    
    X-position  

  MAE    RMSE    MSE    MARE    MAPE    Correlation  
  Proposed    0.031727    0.037635    0.001416    0.256256    25.62563    0.999295  
  CNN    0.07138    0.08258    0.006819    0.717825    71.7825    0.996621  
  LSTM    0.101372    0.117246    0.013747    0.931887    93.18872    0.993343  
  MLP    0.149465    0.17196    0.02957    0.82649    82.64904    0.98573  

     Table 6      Y-position prediction evaluation of 80% training    
    Y-position  

  MAE    RMSE    MSE    MARE    MAPE    Correlation  
  Proposed    0.031221    0.03689    0.001361    0.086152    8.615244    0.999325  
  CNN    0.073411    0.084503    0.007141    0.194983    19.49833    0.996523  
  LSTM    0.10837    0.126459    0.015992    0.284618    28.4618    0.992568  
  MLP    0.147601    0.170963    0.029228    0.400549    40.05489    0.986114  

     Table 7      Z-position prediction evaluation of 80% training    
    Z-position  

  MAE    RMSE    MSE    MARE    MAPE    Correlation  
  Proposed    0.031196    0.037267    0.001389    0.081713    8.171324    0.999309  
  CNN    0.07085    0.082496    0.006806    0.184394    18.43945    0.996634  
  LSTM    0.109495    0.127431    0.016239    0.285357    28.53574    0.99245  
  MLP    0.149516    0.171548    0.029429    0.387789    38.77895    0.98566  
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   dt+1 = Sin (πdt) ∗ LF (x)     (9)     defi nes the tail behavior of the distribution. The term  |v| 1
β    

represents the stochastic step size.  
  The chaotic map was improved by LF is given in Eq. ( 9 ).  

   Fig. 4       a  Correlation  b  MAE  c  MAPE  d  MARE  e  MSE  f  RMSE   
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others in all measures. It shows a Mean Absolute Error of 
0.031224, a RMSE of 0.037021, and a MSE of 0.001371, 
all smaller in magnitude compared to its counterparts. 
Additionally, its MARE is 0.214809, and its MAPE is 
21.4809, meaning proportionally much smaller errors. 
Most importantly, the Proposed model also has a sig-
nifi cant correlation coeffi  cient of 0.999319, meaning an 
almost perfect linear correlation between its predictions 
and true X-positions. Conversely, the MLP model fares 
the worst, with highest errors thereof, such as a MAE of 
0.149202, and a correlation of 0.985835. In general, the 
Proposed model demonstrates better predictive perfor-
mance in the X-position.  

    This Table  3      shows the comparison of diff erent models 
to predict Y-position, trained on 70% of the dataset. Fol-
lowing the same pattern with X-position predictions, the 
Proposed model outperforms in all the metrics. It has the 
minimum Mean Absolute Error at 0.03135, Root Mean 
Square Error at 0.037317, and Mean Squared Error at 
0.001393, indicating its accuracy. The Proposed model 
also has the lowest MARE of 0.077372 and a MAPE 
of 7.737195, refl ecting very slight proportionate devia-
tions from the true Y-positions. Additionally, its correla-
tion coeffi  cient is a remarkable 0.999312, demonstrating 
a very strong positive linear relationship between its 
predictions and the actual Y-values. On the other hand, 
MLP model again has the poorest performance with the 
greatest errors and the lowest correlation of 0.985697. 
The Proposed model is obviously the best for predicting 
Y-position.  

    This Table  4      shows a comparison of several models for 
forecasting Z-position, with 70% of data applied for train-
ing. Similar to X and Y positions, the Proposed model 
also performs the best on all the evaluation measures. It 
has the best MAE of 0.031643, RMSE of 0.037742, and 
MSE of 0.001424, refl ecting very accurate forecasts. The 
Proposed model also has the lowest MARE at 0.085749 
and a MAPE of 8.574911, indicating negligible relative 
and percentage-based prediction errors. In addition, its 
correlation coeffi  cient of 0.999291 is very high, validat-
ing a very strong linear relationship with the true Z-posi-
tions. The MLP model is always the weakest, with the 
largest errors and the lowest correlation of 0.985198. The 
Proposed model is evidently the best for precise predic-
tion of Z-position. Figure  3     a–f shows graphical represen-
tation of XYZ position prediction with 70% training in 
terms of the measured parameters.  

    This Table  5      compares diff erent models for X-position 
prediction, with a higher percentage of training data at 
80%. The Proposed model still outperforms others, with 
the lowest MAE at 0.031727, RMSE at 0.037635, and 
MSE at 0.001416. These values confi rm very accurate 

  For improving the effi  ciency, the Chaotic-Levy-based Parti-
cle Swarm Optimization (CL-PSO) algorithm is employed.  

   X
t+1
i = Xt

i + V t+1
i ∗ dt+1    

    The Chaotic-Levy-based Particle Swarm Optimization 
(CL-PSO) enhances global search ability and avoids 
local minima by introducing chaotic sequences and Lévy 
fl ights. It improves convergence speed and model accu-
racy by effi  ciently exploring the solution space. This 
leads to better parameter tuning and robustness in noisy 
GPS-INS navigation data.  

    This optimization layer fi ne-tunes the parameters of 
the entire model, leading to more accurate and reliable 
position predictions, ultimately supporting effi  cient and 
intelligent navigation.The fi nal output of the optimized 
Hybrid RNN based Kalman fi lter model is the accurate 
predicted position of the objects. This prediction lever-
ages the learned spatial and temporal features from the 
GPS/INS data, with the attention mechanism focusing on 
the most relevant historical information.  

       Results and discussion  

    This section contains results and a discussion of the 
proposed model. This paper presents a Novel Attention 
based RNN based Kalman fi lter for Accurate Position 
Forecasting Framework. The performance eff ectiveness 
of the recommended technique is assessed using diff er-
ent metrics like Mean Absolute Error (MAE), Root Mean 
Square Error (RMSE), Mean Square Error (MSE), Mean 
Absolute Relative Error (MARE), Mean Absolute Per-
centile Error (MAPE).  

    Performance analysis of the models  

    The performance analysis consistently demonstrates the 
superiority of the proposed hybrid RNN based Kalman 
fi lter model, enhanced by chaotic-Levy-based PSO, for 
predicting X, Y, and Z positions. Across diff erent train-
ing data percentages (70% and 80%), the proposed model 
exhibits signifi cantly lower error rates (MAE, RMSE, 
MSE, MARE, MAPE) and near-perfect correlation com-
pared to individual CNN, LSTM, and MLP models. This 
highlights the eff ectiveness and robustness of the pro-
posed architecture in accurately predicting object posi-
tions, showcasing its advantage in the navigation system 
context.  

    This Table  2      is a performance comparison of vari-
ous models’ ability to predict X-position using 70% of 
the data for training. The Proposed model surpasses the 
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Z-positions. The MLP model, on the other hand, always 
provides the poorest performance, indicating the largest 
error values and the least correlation of 0.98566. This 
strengthens the Proposed model’s better and stable abil-
ity for precise Z-position prediction even with a greater 
training dataset. Figure  4     a–f shows graphical represen-
tation of XYZ position prediction with 80% training in 
terms of the measured parameters.  

     Overall prediction comparison  

    This Table  8      is a total estimate of XYZ position forecasts, 
70% having been utilized for training. The Proposed 
model always demonstrates superior performance when 
all three axes are treated as an entity. It possesses the 
lowest MAE of 0.031406, RMSE of 0.03736, and MSE 
of 0.001396, which signifi es highly precise and accu-
rate overall position forecast. In addition, the Proposed 
model posts the lowest MARE of 0.125977 and a Mean 
Absolute Percentage Error of 12.59767, indicating mini-
mal proportional errors on all dimensions. Its correlation 
coeffi  cient is still unusually high at 0.999307, affi  rming 
an extremely strong linear association between its com-
bined predictions and true XYZ positions. Conversely, 
the MLP model always has the poorest performance with 
the largest values of error and the lowest correlation 
overall of 0.985577. This table eff ectively indicates the 
Proposed model’s thorough eff ectiveness for predicting 
combined XYZ position.  

    This Table  9      shows the overall XYZ position pre-
diction performance evaluation using a higher training 
data split of 80%. The Proposed model still outperforms 
in all the combined metrics. It has the lowest MAE of 
0.031381, RMSE of 0.037264, and MSE of 0.001389. 
These consistently low error rates refl ect its high overall 
precision and accuracy of predicting 3D positions. Even 
with its Mean Absolute Percentage Error of 14.1374, it 
is still lower compared to the remaining models. The 
Proposed model also possesses a very high correlation 

predictions. Though its MAPE rose to 25.62563 from the 
70% training condition, it is still lower than other models 
by far. The Proposed model also has an extremely high 
correlation coeffi  cient of 0.999295, which indicates a 
strong linear relationship to actual X-positions. The MLP 
model invariably has the poorest performance with larger 
error measures, e.g., a Mean Absolute Error of 0.149465, 
and a lower correlation of 0.98573. This again verifi es 
the Proposed model’s performance in X-position predic-
tion with increased training data.  

    This Table  6      compares the performance of various 
models in Y-position prediction, with an increased train-
ing data allocation of 80%. The Proposed model uni-
formly registers better performance on all parameters. It 
obtains the best MAE of 0.031221, Root Mean Square 
Error of 0.03689, and MSE of 0.001361, refl ecting very 
precise and accurate predictions. The Proposed model 
also has the lowest MARE of 0.086152 and a MAPE of 
8.615244, which indicates very small proportional errors. 
Its correlation coeffi  cient is still very high at 0.999325, 
which indicates a very strong linear positive correlation 
with the actual Y-positions. In contrast, the MLP model 
still performs the worst, with the highest error values and 
the lowest correlation of 0.986114. This table again con-
solidates the Proposed model’s effi  cacy and resilience in 
Y-position prediction even with increased training data.  

    This Table  7      provides a comparison of diff erent 
Z-position predictive models using an 80% training data 
ratio. The Proposed model is shown to have outstand-
ing performance at all times, and it maintains the lead in 
all measurements. It has the lowest MAE at 0.031196, 
RMSE at 0.037267, and MSE at 0.001389. These are 
indicators of high prediction precision and low dispersion 
of errors. In addition, the Proposed model has the small-
est MARE of 0.081713 and a MAPE Error of 8.171324, 
suggesting very tiny proportional errors in its Z-position 
predictions. Its correlation coeffi  cient is still extremely 
high at 0.999309, affi  rming an extremely strong positive 
linear relationship between its predictions and the true 

    Table 8      Combined XYZ prediction evaluation (70% Training)    
    MAE    RMSE    MSE    MARE    MAPE    Correlation  
  Proposed    0.031406    0.03736    0.001396    0.125977    12.59767    0.999307  
  CNN    0.071978    0.0831    0.006906    0.354671    35.46708    0.996602  
  LSTM    0.105399    0.122659    0.015071    0.368069    36.80695    0.992853  
  MLP    0.150827    0.173449    0.030086    0.624379    62.43793    0.985577  

    Table 9      Combined XYZ prediction evaluation (80% Training)    
  80–20    MAE    RMSE    MSE    MARE    MAPE    Correlation  
  Proposed    0.031381    0.037264    0.001389    0.141374    14.1374    0.99931  
  CNN    0.071881    0.083193    0.006922    0.365734    36.57342    0.996593  
  LSTM    0.106412    0.123712    0.015326    0.500621    50.06209    0.992787  
  MLP    0.148861    0.17149    0.029409    0.538276    53.82763    0.985835  
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shows the worst performance with the highest error 
measurements and lowest of 0.985835 correlation. This 
table further supports the Proposed model’s eff ectiveness 

coeffi  cient of 0.99931, which confi rms there is a very 
strong linear relationship between its overall XYZ pre-
dictions and actual values. MLP model, however, still 

   Fig. 5       a  MAE  b  RMSE  c  MSE  d  MARE  e  MAPE  f  Correlation   
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       Conclusion  

    This paper introduces a new hybrid Kalman fi lter model 
constructed on RNN to improve the object position 
prediction accuracy in GPS/INS navigation. The pro-
posed model is capable of capturing temporal relation-
ships using recurrent neural networks and leverages the 
strength of the Kalman fi lter to handle the non-linear 
and dynamic characteristics of the real world. A pre-pro-
cessing pipeline that is systematic guarantees that input 
data are well-conditioned, time-aligned, and prepared 
for the analysis of sound. The platform was developed 
with MATLAB and tested with conventional metrics like 
MAE, RMSE, MSE, MARE, and MAPE. The outcome 

and strength for generalized XYZ position prediction, 
even under the presence of a larger training dataset. Fig-
ure  5     a–f shows graphical representation of XYZ position 
prediction with 70% and 80% training in terms of the 
measured parameters.  

    Figure  6     a–d represents XYZ position prediction over 
various time instants for diff erent models with 70% 
training.  

    Figure  7     a–d represents XYZ position prediction over 
various time instants for diff erent models with 80% 
training.  

   Fig. 6      XYZ position prediction over various time instants for diff erent models with 70% training   
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like LiDAR and UWB for increased robustness. Real-
time deployment on embedded devices will be explored 
for autonomous mobility. The model is also generalizable 
to multi-agent tracking in dynamic environments.  
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validates that hybrid model performs better than conven-
tional CNN, LSTM, and MLP models across all three 
axes (X, Y, and Z) of estimation of position. The sug-
gested method continued to yield nearly ideal correlation 
values (0.999 +) and much lower levels of errors, verify-
ing its stability and reliability. RNN with Kalman fi lter-
ing provides adaptive correction of errors and learning in 
sequential data and is thus well suited for real-time navi-
gation. Overall, the model’s excellent prediction accu-
racy and low computational cost make it a good candidate 
for complete deployment in smart positioning systems, 
especially for GPS-degraded or denied environments like 
urban canyons, tunnels, or indoor buildings. Future work 
will involve the addition of other modalities of sensors 

   Fig. 7      XYZ position prediction over various time instants for diff erent models with 80% training    
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