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A B S T R A C T   

Modelling pedestrian movement uncertainty in complex urban environments is regarded as a meaningful and 
challenging task regarding the promotion of geospatial data mining and analysis. However, the traditional un
certainty prediction model only takes the movement distance or speed into consideration and is not able to adapt 
well to time-varying measurement errors. In this paper, a deep-learning framework is proposed for modelling 
pedestrian movement uncertainty in large-scale indoor areas, in which a hybrid deep-learning model combines a 
one-dimensional Convolutional Neural Network (1D-CNN) with a long short-term memory (LSTM) network is 
proposed for enhancing feature extraction performance and reducing time correlation errors. The proposed 
framework takes human motion related measurement features into consideration, in which the moving step- 
length and heading information during a time period are also reconstructed and modelled as the input to the 
deep-learning model. Compared with state-of-art algorithms applied to different real-world trajectory datasets, 
the proposed deep-learning approach demonstrates much better performance of uncertainty region prediction, 
including the different indexes (Euclidean error distance, completeness and density) This study has leaded to the 
provision of an effective and practical framework for modelling trajectory uncertainty of the pedestrian in 
challenging urban environments, and which is expected to benefit smart city and spatial perception related 
applications.   

1. Introduction 

The pedestrian’s trajectory data is regarded as the most important 
feature to better enable the human mobility analysis field, in that it can 
effectively describe the spatial–temporal movements and social dy
namics of an individual or the social activity. With the development of 
Micro-Electro-Mechanical Systems (MEMS) sensors, various mobile 
terminals can be applied to provide pedestrian movement information 
for location based services (LBS), for instance, intelligent transportation 
systems (Zhu et al. 2019), user habits analyses (Liu et al. 2022), 
epidemic prevention and control (Shi et al. 2022), and smart healthcare 
(Pal et al. 2018). Due to the complexity of real-world scenes and the 
diversity of motion information provided by different mobile equip
ment, the movement uncertainty of collected pedestrian trajectories has 
long been considered as an unavoidable problem in the procedure of 

data acquisition, which can significantly decrease the efficiency and 
accuracy of knowledge extraction (Shi et al. 2021, Downs et al. 2018). In 
recent years, how to describe and eliminate the movement uncertainty 
in large amount of trajectory data in changeable application scenes has 
increasingly attracted attention, especially regarding the work related to 
trajectory mining, representation, and spatial query (Chen et al. 2013, 
Pfoser and Jensen 1999, Yu et al. 2021). 

Normally, the collected trajectory in a two-dimensional plane can be 
described as a finite and time-related dataset of location coordinates 
<rt1, rt2,…, rtn>, provided by various kinds of measurement terminals, 
where rt={x, y, t} indicates one of the collected 2D location and cor
responding timestamp (Kuijpers et al. 2010). The main factors which 
cause the uncertainty of the raw trajectory consist of two types: the 
sampling error and the measurement error. The sampling error repre
sents the discontinuous dataset or a collection of sampling points with 
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changing sampling rates, in which the motion information between the 
discontinuous points is unknown (Zheng et al. 2012). The measurement 
error occurs in the procedure of data collection, related to the posi
tioning approachs applied, the changeable application environments 
and the deviation of hardware performance (Zheng et al. 2014, Zheng 
2015). 

The definition of space–time prism (STP) is usually applied in 
movement uncertainty analysis field to describe the potential path area 
(PPA) from the collected trajectory database (Miller 1991, Kwan 1998). 
In previous studies, either the speed or the distance of the moving object 
is adopted to evaluate the PPA in most scenes, while the performance of 
uncertainty estimation is limited to the assumption of constant speed, 
which leads to the overestimated PPA in real-world experiments (Xia 
et al. 2018, Downs and Horner 2014). To solve this challenge, the re
searchers explore effective ways to control the influence of speed esti
mation error added to the PPA prediction, the adaptive speed control 
criteria is developed to realize a more efficient PPA prediction (Zhou 
et al. 2018). Apart from the moving speed, the moving distance also 
proves inevitable effects in the procedure of PPA prediction. Furtado 
et al. (2018) presented a novel AUB (approximate upper bound) model 
using the maximum moving distance instead of the adaptive speed to 
calculate the uncertainty region. In this model, the Manhattan distance 
is adopted to describe the maximum distance after a comprehensive 
comparison with the Euclidean distance based method. However, due to 
the randomness and complexity of pedestrian based movement char
acteristics and movement routes, the proposed Manhattan distance 
cannot fully describe the logical relationship between sampling points. 
In addition, the unstable sampling rate of location information and real- 
time changing measure error further increase the uncertainty of PPA 
region prediction. 

It can be found from previous works that the existing uncertainty 
modelling methods mainly focus on the outdoor trajectory uncertainty 
prediction. Aiming at the pedestrian mobility analysis field, according to 
the report by the U.S. Environmental Protection Agency, people spend 
nearly 70 % to 90 % of their time indoors (WEISER 1991), thus the most 
valuable public trajectories are collected indoors. Compared with the 
outdoor trajectory, the uncertainty analysis of indoor trajectory has the 
following challenges and difficulties: 1) The limited reference points: 
Due to lack of absolute observations such as Global Positioning System 
(GPS), the collected motion information usually contains limited abso
lute location reference, which makes it difficult to reconstruct the useful 
indoor trajectories (Liu et al. 2020); 2) Changing measurement errors of 
reported indoor locations: Because of complex indoor environments, the 
real-time collected pedestrian motion information always contains the 
measurement error that changes with time. The latter should be effec
tively predicted (Liu et al. 2022); 3) The high complexity of collected 
pedestrian indoor trajectories: Different from the outdoor network, the 
pedestrian indoor trajectories are usually disordered because of the 
randomness of pedestrian indoor movement, this makes it harder to 
estimate the uncertainty of trajectory (Li et al. 2021). 

In this current work, to solve the challenges of uncertainty modelling 
of indoor trajectories, and focus on developing a unified and continuous 
model to describe the uncertainty of both sampling error and mea
surement error by the means of a state-of-art deep-learning approach. 
Different from establishing the uncertainty region by considering only 
two adjacent measurement points, this work regards the pedestrian’s 
previous movement period, which contains a series of location points, as 
a sequence of context. The constructed sequence is further applied as the 
input vector of a training model to get the current uncertainty prediction 
result. In addition, the Euclidean distance is adopted as the output value 
of the training model, and the Euclidean distance coefficient is adap
tively selected according to the expected results of the training phase. To 
establish an effective and compact uncertainty region, this work extracts 
the various features from the pedestrian’s movement information to 
describe the changeable measurement error and sampling error, the 
predicted Euclidean distance is finally applied to construct the 

uncertainty region according to the spatial–temporal comparison re
sults. The comprehensive experiments using generated real-world tra
jectories datasets prove the effectiveness of the proposed deep-learning 
based approach, and the comparison results. Further the developed 
state-of-art algorithms demonstrate the robustness and precision of the 
proposed approach in the field of modelling movement uncertainty in 
pedestrian trajectory datasets. 

The contributions of this study can be summarized as follows:  

(1) Instead of using only reference points for uncertainty analysis, a 
continuous indoor pedestrian trajectory reconstruction model, 
which can be applied in the case of large-scaled indoor areas and 
limited reference points is proposed. The reconstructed trajectory 
can effectively improve the performance of the raw trajectory and 
continuity of sparse reference location points.  

(2) The study presented in this paper proposes a novel deep-learning 
model for uncertainty prediction using the combination of 1D- 
CNN and LSTM networks. Different from the traditional model, 
a series of location points, during a short time period, are 
regarded as the influencing factors to precisely describe the 
time–space relationship of the uncertainty of the pedestrian’s 
trajectory.  

(3) The enhanced training dataset generated in a large-scale indoor 
scene, by adding more complex indoor routes to improve the 
comprehensiveness of the training dataset, is presented. The 
enhanced training dataset contains not only the measurement 
error, but also the sampling error, thus enabling more pedestrian 
motion information to be collected, hence benefitting the per
formance of the final uncertainty prediction. 

(4) This paper adopts the Euclidean distance to describe the mea
surement error of each collected trajectory point, the Euclidean 
coefficient being adaptively selected according to the training 
result. The final uncertainty region is established by taking both 
the sampling and measurement errors into consideration, under 
complex pedestrian motion modes. 

The structure of the paper is organized as follows: Section 2 describes 
the problem definition, dataset preparation, and proposed methodology 
of this study. Section 3 gives the experiment results, to verify the 
effectiveness and robustness of the involved chosen method. Section 4 
presents the novelties and limitations of our work. Section 5 the con
clusions of the study together with the potential applications of our 
method. 

2. Problem statement, Dataset, and methodology 

In this section, the main challenges and difficulties of movement 
uncertainty prediction of large-scaled pedestrian indoor trajectory are 
discussed and an enhanced dataset is prepared and described for 
training purposes. Finally, the deep-learning based methodology is 
proposed to provide a robust and effective approach aiming at solving 
the stated problems. 

2.1. Problem statement 

The purpose of the work described in this paper, is to establish a 
comprehensive and robust model related to pedestrian movement un
certainty in complex and large-scaled indoor areas. Considered are both 
the sampling and measurement errors. In addition, an adaptive scheme, 
the aim of which is to change the measurement errors originating from 
time-related influence factors and location source-related influence 
factors, is presented. The key definitions related to our problem are 
given below: 

Definition 1. Spatiotemporal point. A spatiotemporal point STP pro
vided by different positioning approaches is a two-dimensional spatial 
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point with the timestamp, denoted as STPi = (x,y, t), where (x,y) and t 
indicate the spatial location point and corresponding timestamp of STPi. 

Definition 2. Ground-truth Trajectory. A ground-truth trajectory 
GT = {GT.STP1,GT.STP2, ...,GT.STPn} is an indexed STP collection 
representing an individual’s actual trajectory. The ground-truth trajec
tory is usually provided by the high accuracy measurement approaches 
such as total station or Lidar positioning system. 

Definition 3. Reconstructed Trajectory in Large-scaled Indoor Area. A 
reconstructed trajectory RT is an indexed STP collection representing a 
trajectory reconstructed from algorithms to approximate an individual’s 
ground-truth trajectory RT = {RT.STP1, RT.STP2, ..., RT.STPn}, where 
RT.STPn is the reconstructed trajectory point corresponds toGT.STPn. 

Thus the research problem viz modelling the movement uncertainty 
of large-scaled indoor trajectories is presented as: 

Problems of indoor movement uncertainty: 

(1) Unlike outdoor trajectories with continuous GPS-reported loca
tion points, the first challenge regarding the indoor trajectory is 
that the limited reference points are contained within indoor 
environments, thus a continuous indoor trajectory needs to be 
reconstructed based on limited reference points. 

(2) In addition, based on the ground-truth trajectory GT and recon
structed trajectory RT, the aim is to find the mapping relationship 
M between GT and RT to Dis(GT.STPi, RT. 
STPi):M : RT→Dis(GT.STPi, RT.STPi), in which the Dis(GT.STPi, 
GT.STPi) indicates the measured Euclidean distance between GT. 
STPi and RT.STPi.  

(3) Different from traditional reconstructed GPS trajectories with no 
timestamp information, indoor reconstructed trajectories RT can 
obtain a reconstructed point corresponding to every point of the 
ground-truth trajectory (eg, RT.STPi, t = GT.STPi.t), hence 
enabling the calculation of the pointwise deviations between RT. 
STPi and GT.STPi., also contains the time-related sampling error 
and measurement error. 

2.2. Training dataset generation 

Different from the outdoor trajectories provided by the GPS-reported 
continuous location points with roughly the similar sampling and 
measurement errors, the collected indoor trajectory always has a 
changeable sampling error and measurement error. In addition, the raw 
collected indoor trajectory usually contains limited reference points, 
which need to be reconstructed to better combine with the human 
motion information to enable the provision of continuous indoor loca
tion points. 

The pedestrian indoor trajectory is presented as a graph containing 
the reference points and motion information, and is shown in Fig. 1: 

Shown in Fig. 1 is the procedure of the indoor trajectory recon
struction, in which the pedestrian motion information contains both 
calculated step-length and heading values between two different 
spatiotemporal points. The location of the reference points is provided 

by the absolute location sources such as Wi-Fi stations, BLE nodes, and 
QR codes. 

By using the motion information collected during the trajectory 
period, the total indoor trajectory can be reconstructed as: 

STPi(Li, θi) =R01 +
∑n

i=1

[
Licos(θi)

Lisin(θi)

]

(1) 

In which R01 indicates the first reference point in the selected tra
jectory. Li and θi represent the collected step-length and heading infor
mation between two adjacent spatiotemporal points. The latter can be 
estimated by Yu et al. (2020). 

In this aspect of the study, to further improve the performance of 
indoor trajectory reconstruction, the equation (1) is regarded as the 
optimization problem: 

ξ(Li, θi) = (z − STPi(Li, θi))
Tρ− 1(z − STPi(Li, θi)) (2)  

where ρ indicates the covariance matrix of the measured value. 
Hence, the aim of the graph-based trajectory optimization is to find 

the minimum state vector of the above function: 

(Li, θi)
∗
= argmin

Li ,θi

ξ(Li, θi) (3) 

where (Li, θi) is a vector of collected step-length and heading, which 
reaches the optimal value when the optimal function ξ(Li, θi) is acquired 
using the Gradient Descent (GD) method proposed by Yu et al. (2022). 

After obtaining the optimized reconstructed indoor trajectory, the 
ground-truth trajectory is then required. In this work, the raw sensors 
data is provided by the IPIN-2018 track 3 competition dataset (Renaudin 
et al. 2019), and the reference points are provided by the total station, 
with centimeter-level accuracy, and with each ground-truth trajectory 
being constructed using a number of 5 ~ 8 reference points. According 
to previous work it has been found that an overall accuracy of 0.1 ~ 0.3 
m is able to be acquired (Liu et al. 2022). In the enhanced dataset, more 
trajectories were collected from large-scaled indoor scenes and with 
more complex walking routes. On average, each data vector in the 
constructed dataset contains the following values: 

Vectortrain = {xG/O, yG/O,L, θ, xr, yr} (4)  

where xG/O and yG/O indicate the ground-truth coordinate or the 
reconstructed coordinate, L and θ represent the step-length and heading 
information, xr and yr are the raw coordinates of the trajectory. 

Fig. 1. Description of Indoor Trajectory reconstruction.  Fig. 2. Walking Routes of the Collected Dataset.  
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Parts of the walking routes in the generated dataset are shown in 
Fig. 2, and the reference walking routes and corresponding control 
points are described in the indoor map using pink and yellow markers: 

2.3. Movement uncertainty features extraction 

In order to comprehensively describe the relationship between the 
movement uncertainty index and the reconstructed trajectory, the 
following features were extracted from the latter to identify the mapping 
relationship between the reconstructed trajectory and uncertainty index 
of each spatiotemporal point: 

(1) Estimated step-length value Li between two adjacent spatiotem
poral points.  

(2) Estimated heading value θi between two adjacent spatiotemporal 
points.  

(3) Estimated coordinate update interval Δκi between two adjacent 
spatiotemporal points.  

(4) Estimated step number step(i) at current timestamp.  
(5) Estimated walking speed vi between two adjacent spatiotemporal 

points: 

vi =
Li

Δκi
(5)    

(6) Current recorded distance: 

Discum(i) =
∑k

i=1
Li (6)    

(7) Progress indicator of current distance and overall distance: 

PId(i) =
∑k

i=1Li
∑n

i=1Li
(7)  

where n represents the overall number of steps during in selected tra
jectory, k represents the current steps happened.  

(8) Progress indicator of current used time and overall time period: 

PIt(i) = T(i)/Ttotal (8)  

where Ttotal represents the recorded time period of selected 
trajectory,T(i) represents the used time period at the current moment.  

(9) Progress indicator of current steps quantity and the overall step 
quantity: 

PIs(i) = step(i)/steptotal (9)  

where steptotal represents the overall step quantity of the estimated 
trajectory,step(i) indicates the current counted step quantity. 

(10) Estimated heading variation Δθi between two adjacent spatio
temporal points: 

Δθi = θi − θi− 1 (10)    

(11) Cumulative heading changes compared with the first timestamp: 

Δθi =
∑k

i=1
(θi − θ1) (11) 

The above features can effectively describe the performance of the 
selected indoor trajectory and the corresponding uncertainty index. The 

extracted features are further modelled as the input vector of the deep- 
learning based uncertainty prediction framework. 

In addition, the proposed deep-learning based uncertainty prediction 
model fully consider the sampling error and measurement error, in 
which the estimated coordinate update interval Δκi between two adja
cent spatiotemporal points and the continuous time period related input 
vector are applied to solve the problem of the sampling error, and the 
other extracted features extracted from the trajectory are applied to 
solve the problem of the measurement error. 

2.4. Proposed deep-learning based uncertainty prediction 

In this section, a hybrid deep-learning structure combining the 1D- 
CNN and LSTM models is applied for uncertainty analysis, which 
comprehensively considers both the time and feature correlations of the 
large-scaled indoor trajectory. To solve the problem of the time corre
lation of the indoor trajectory, the LSTM network is effective as regards 
the consideration of the before-and-after correlation of the trajectory 
data, usually applied in such as the fields of text generation, machine 
translation, speech recognition, generating image descriptions and 
video tagging (Shu et al. 2020). In the study presented in this Paper, 
rather than simply considering the mapping relationship of adjacent 
coordinates, the trajectory data, over a period of time, will be seen as a 
complete unit to present the prediction of uncertainty during a current 
moment. 

In the previous work proposed by Liu et al. (2022), a typical LSTM 
network is applied for uncertainty modeling of indoor trajectories, and 
five different features extracted from the trajectories are modeled as the 
input feature of LSTM. The problems are that the indoor trajectories are 
usually complex, and more features are required in order to compre
hensively describe the performance of the overall trajectory, the single 
LSTM network cannot realize good feature extraction of indoor trajec
tories. Thus, in this work, the 1D-CNN model is connected before LSTM 
network to provide more robust features extraction ability. In addition, 
to realize the better performance of uncertainty analysis in large-scale 
indoor areas, an enhanced dataset contains indoor trajectories that 
cover more complex walking routes are required for training purposes to 
improve the universality of final uncertainty prediction model. 

Additional features are required to enable the presentation of a 
description of the selected trajectory. In section C, the number of 11 
features are extracted and used to solve the feature correlation problem 
of uncertainty regarding indoor trajectory predictions. In order to better 
learn and extract the feature vector used to describe the trajectory, the 
1D-CNN model is applied before the LSTM network for feature learning 
and extraction. The 1D-CNN model can be well applied to the time series 
analysis of one-dimensional data; to analyze signal data with a fixed 
length period and also, to natural language processing tasks (Yu et al., 
2022). 

To combine the advantages of both 1D-CNN and LSTM models and 
also to consider the time correlation and feature correlation of the large- 
scaled indoor trajectory, a hybrid deep-learning structure is proposed in 
this study, using the combination of 1D-CNN and LSTM networks, 
described in Fig. 3: 

In the convolution layer, the relationship between input value and 
output value is described as: 

yj = ζ(
∑M

i=1
xi ∗ kij + bj) (12)  

where xi indicates the input vector, kij indicates the kernel weights, bj 
indicates the biases, ζ(⋅) represents the activation function, yj is the 
output vector of the convolution layer. 

In the LSTM layer, the update model of LSTM parameters is described 
as: 

W. Shi et al.                                                                                                                                                                                                                                      
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⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

ft = σ⋅(Wf ⋅[ht− 1,Xt] + bf )

it = σ⋅(Wi⋅[ht− 1,Xt] + bi)

C̃t = tanh⋅(WC⋅[ht− 1,Xt] + bC)

ot = σ⋅(Wo⋅[ht− 1,Xt] + bo)

ht = ot⋅tanh(Ct)

(13)  

where it ,ft ,ot represent the input, forget and output units,Xt indicates the 
input vector of LSTM model at the timestamp t, and the ht represents the 
hidden state vector, regarded as the output of the LSTM model at that 
moment.σ indicates the sigmoid function, and Ct is the candidate vector 
which is combined with output vector as the memorized state at time
stamp t. 

Finally, the output layer of LSTM units is modelled as the input 
vector of a fully-connected network function MLP(⋅) and the predicted 
uncertainty error and is presented as: 

Êi = MLP(yi) (14) 

The Euclidean distance is adopted to describe the measurement error 
of each collected trajectory point and mean squared error as the loss 
function, in order to evaluate the difference between the predicted un
certainty error Êi and ground-truth error Dis(GT.Pi, RT.Pi). 

3. Experimental Results 

Given in the following section, is a comprehensive comparison be
tween the proposed deep-learning structure and state-of-art approaches. 
In addition, an enhanced dataset is developed and presented, for the 
better performance of the final uncertainty prediction. This dataset 
contains more comprehensive training trajectories, while different ac
curacy indexes are applied for evaluating the performance of uncer
tainty prediction of large-scaled indoor trajectories. 

3.1. Dataset preparation and parameter settings 

In the headlined work, the raw sensors data and locations of refer
ence points are provided based on the IPIN-2018 training dataset, in 
which the original data is collected in a multi-floor contained indoor 
shopping mall in Nantes, France. The ground-truth trajectory is esti
mated using the optimization results of raw trajectory and high- 
accuracy control points, which have been described in Section 2. The 
trajectory comparison and uncertainty error comparison between 

reconstructed trajectory (RT) and ground-truth trajectory (GT) is shown 
in Fig. 4: 

Details in Fig. 4 indicate that the reconstructed trajectory has a sig
nificant difference from the ground-truth trajectory. In the previous 
dataset proposed by Liu et al. (2022), 18 indoor trajectories, containing 
ground-truth references and reconstructed references have been pro
vided, regarding the enhanced dataset in this work, the additional 12 
indoor trajectories which cover more comprehensive and complex in
door walking routes to acquire a better performance of the uncertainty 
prediction of large-scaled indoor trajectories. 

The overall parameters of the enhanced training dataset are sum
marized in Table 1: 

It is seen in Table 1 that the enhanced dataset prepared for this work 
contains over 30 trajectories and 6526 spatiotemporal points. The 
average length of trajectory reaches 121.3 m, with 123.8 s average time 
period. In addition, the collected trajectories have different sampling 
intervals due to the changeable step period. 

In the proposed deep-learning framework, the 1D-CNN, LSTM, and 
fully-connected network are combined to integrate the advantages of 
each. For the presented model setting, the Adam, because of its effi
ciency regarding a large amount of training dataset, is applied as the 
optimizer. The dimension of the input vector of the deep-learning 
structure is set as 11, and the dimension of the output hidden state 
from the last unit is set as 30. Sensitivity analysis indicates that the 
above settings can, in general, effectively reflect the model’s average 
performance when using different settings. 

To realize the training purposes of the proposed deep-learning 
framework, we randomly selected 70 % of 6526 spatiotemporal points 
collected from 30 trajectories as the training dataset and remained 30 % 
as the test dataset. After the training phase, the trained uncertain pre
diction model will be applied for the evaluation of the test dataset and 
statistics the final uncertainty prediction accuracy. 

3.2. Accuracy comparison with LSTM model 

In previous work proposed by Liu et al. (2022), a novel LSTM 
network has been proposed for uncertainty analysis of indoor trajectory. 
The limitations of a single LSTM model are that the LSTM model just 
considers the time correlation, to improve the performance of feature 
correlation of the proposed model, hence the 1D-CNN has been applied 
to enhance the ability of feature learning. ‘ 

The main objective of the following section is section to compare the 
uncertainty prediction accuracy between the single LSTM model in the 
previous work of the authors and the hybrid deep-learning (HDL) model 
in the current work. During the comparison procedure related to 
different uncertainty prediction models, the previous dataset (PD) and 
enhanced dataset (ED) are compared. To do so, the uncertainty esti
mation error of each trajectory is statistically analyzed as one complete 
identity, while the Euclidean error distance index calculated between 
positioning error originated from the optimized trajectory and posi
tioning error provided by HDL model is applied as the reference stan
dard for the uncertainty prediction, the predicted results using different 
models and datasets are compared in Table 2 and Fig. 5: 

It can be seen from Table 2 and Fig. 5 that the enhanced dataset 
provides a better performance regarding indoor trajectory uncertainty 
prediction when using the same trained model. In addition, the proposed 
HDL structure further improves the performance of the uncertainty 
prediction of the indoor trajectory when compared with the perfor
mance of the single LSTM model, by using the combination of 1D-CNN 
and LSTM network, and uses more features extracted from indoor tra
jectories for realizing more accurate uncertainty prediction results. For 
the PD, the proposed HDL model realizes the error prediction accuracy 
ranged from 0.67 m to 0.88 m, compared with the LSTM model ranged 
from 1.26 m to 1.45 m. For the ED, the proposed HDL model realizes the 
error prediction accuracy ranged from 0.46 m to 0.68 m, compared with 
the LSTM model ranged from 0.94 m to 1.25 m. In addition, the 

Fig. 3. Deep-learning Structure of 1D-CNN and LSTM.  
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proposed HDL model significantly improves the performance of error 
prediction under each evaluated trajectory compared with LSTM model, 
and the increment rate of each track is also different mainly due to the 
different pedestrian movement patterns and the complexity of the 
movement route and distance under each trajectory. Notably, the 

average prediction error was enabled to decrease from 1.11 m to 0.58 m. 

3.3. Indexes comparison of completeness and density 

In this section, three state-of-the-art uncertainty prediction models 
are compared with those which have been proposed. In these models, 
completeness and density indexes are adopted as the reference stan
dards for the uncertainty prediction of each trajectory under the same 
dataset for comprehensive evaluation of different models. The 
completeness index is proposed to describe the overall coverage of 
ground-truth trajectory using generated uncertainty region, which is 
effective for evaluating the degree of general completion of proposed 
uncertainty prediction framework. The density index is proposed to 
further calculate the ratio between the total area of the generated un
certainty region and the covered spatiotemporal points from the ground- 
truth trajectory, which is more fine-grained than the completeness 
index. Thus, two indexes are combined for comprehensively evaluating 
the performance of our proposed deep-learning based uncertainty pre
diction algorithm. 

Together with the LSTM model using data-driven approach, pro
posed by Liu et al. (2022), a further three traditional uncertainty pre
diction models are also compared:  

(1) A traditional upper bound (UB) model, the purpose of which is to 
generate the region of uncertainty by considering the starting/ 

Fig. 4. (a) Comparison Between RT and GT. (b) Deviation Error Between RT and GT.  

Table 1 
Parameters of Enhanced Dataset.  

Number of 
Trajectories 

Number 
of 
Location 
Points 

Average 
Trajectory 
Length 

Average 
Time 
Period 

Largest 
Walking 
Speed 

Average 
Sampling 
Interval 

30 6526 121.3 m 123.8 s 4.94 m/s 0.57 s  

Table 2 
Accuracy Comparison Between Different Models and Datasets.  

Traj No. LSTM (PD) LSTM (ED) HDL (PD) HDL (ED) 

T01_01 1.38 m 1.04 m 0.72 m 0.61 m 
T01_02 1.33 m 1.07 m 0.82 m 0.58 m 
T01_03 1.31 m 0.99 m 0.67 m 0.67 m 
T02_01 1.36 m 1.04 m 0.69 m 0.54 m 
T02_02 1.33 m 1.18 m 0.88 m 0.55 m 
T02_03 1.43 m 1.09 m 0.75 m 0.59 m 
T03_01 1.29 m 1.11 m 0.77 m 0.62 m 
T03_02 1.26 m 1.24 m 0.85 m 0.57 m 
T03_03 1.34 m 1.15 m 0.75 m 0.54 m 
T04_01 1.45 m 1.15 m 0.77 m 0.62 m 
T04_02 1.28 m 1.23 m 0.69 m 0.57 m 
T04_03 1.31 m 1.13 m 0.86 m 0.59 m 
T05_01 1.44 m 1.25 m 0.83 m 0.65 m 
T05_02 1.39 m 0.94 m 0.67 m 0.62 m 
T05_03 1.28 m 1.12 m 0.86 m 0.57 m 
T06_01 1.41 m 1.16 m 0.73 m 0.53 m 
T06_02 1.31 m 1.02 m 0.74 m 0.61 m 
T06_03 1.29 m 1.09 m 0.83 m 0.66 m 
T07_01 – 1.14 m – 0.58 m 
T07_02 – 1.05 m – 0.54 m 
T07_03 – 1.04 m – 0.68 m 
T08_01 – 1.23 m – 0.51 m 
T08_02 – 1.05 m – 0.46 m 
T08_03 – 1.14 m – 0.63 m 
T09_01 – 1.04 m – 0.49 m 
T09_02 – 1.11 m – 0.55 m 
T09_03 – 0.99 m – 0.66 m 
T10_01 – 1.25 m – 0.59 m 
T10_02 – 1.01 m – 0.53 m 
T10_03 – 1.17 m – 0.61 m 
Average 1.34 m 1.11 m 0.77 m 0.58 m  

Fig. 5. Average Errors of Different Models.  
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ending points of the selected trajectory and further, define an 
error ellipse by using both the period and maximum speed as the 
effect factors (Lu et al. 2016, Li et al. 2018).  

(2) An approximate upper bound (AUB) model, the purpose of which 
is to generate the uncertainty region by using the constrained 
error ellipse with the application of “Approximate Upper Bound 
Distance” (Furtado et al. 2018).  

(3) A broad adaptive error ellipse (BAEE) model, which extends the 
AUB model, by introducing the Minkowski distance metric for 
model enhancement. The maximum speed for UB is set as 4.94 m/ 
s, (refer to Table 1), and the Minkowski coefficient p-value for 
error ellipse generation in the BAEE model is set as 1.5. The above 
methods are used to enable comparisons, given that all three al
gorithms are applied for uncertainty analysis and uncertainty 
region generation by Shi et al. (2021). 

To comprehensively evaluate the performance of each approach, the 
uncertainty area, generated by the UB model, is applied as the reference 
baseline, and the proportional coverage of the ground-truth trajectory 
points aligned to the constructed uncertainty region. At the beginning 
and ending points of each optimized trajectory, the measurement error 
is smaller than other location points because of the high-accurate 
reference points, thus the uncertainty error of beginning and ending 
points is set as the accuracy of reference points 0.3 m. The latter provides 
the completeness index of the proposed uncertainty prediction model. 
In addition, the density of covered ground-truth trajectories is an 
important index, which also presents the precision of the generated 
uncertainty region. 

By taking the consideration of both the completeness and the 
density indexes, five different uncertainty prediction models are 
compared. For the HDL method proposed in this paper, the final un
certainty region is generated based on the combination of a single un
certainty region generated at each coordinate point. The HDL model 
provides a robust uncertainty prediction result at the location of each 
spatiotemporal point using the extracted features from a period of 
pedestrian motion data, in which each spatiotemporal point contains a 
standard circular uncertainty region and the final generated uncertainty 
region of the whole trajectory is the union of all the spatiotemporal 
points from the trajectory. Because our proposed HDL model uses a 
period of trajectory data to predict the uncertainty value at the current 
moment, thus, the uncertainty value is set as a higher accuracy at the 
beginning of the trajectory, the same as the location error of the 
deployed control point. The typical generated uncertainty region using 
our proposed HDL algorithm is described in Fig. 6: 

It is seen in Fig. 6 that, in general, the proposed HDL algorithm can 
comprehensively predict the uncertainty region of the large-scaled in
door trajectories, which comprehensively considers both completeness 
and density indexes and achieve balanced performance. 

For the comparison of ellipse models proposed by the UB, AUB, and 
BAEE models, the same method applied in previous studies are seen to 
have been used (Liu et al. 2022). The generated uncertainty region of the 
traditional UB model is much larger than that of other approaches, 
which are further applied as the reference baseline of other models. The 
uncertainty region comparison using UB, AUB, BAEE, and proposed HDL 
is shown in Fig. 7: 

It is seen in Fig. 7 that the proposed HDL realizes a higher 
completeness index of uncertainty region prediction of selected tra
jectories (93 %), compared with the UB (100 %), AUB (69 %), and BAEE 
(86 %). Regarding the density index, the results show that using down- 
sampled trajectory points, the realized density index of HDL is 0.15/m2, 
compared with BAEE (0.11/m2), AUB (0.14/m2), and UB (0.02/m2), and 
acquire comprehensively better uncertainty region prediction perfor
mance by considering both completeness and density indexes. 

In addition, a comprehensive comparison between the proposed HDL 
structure and state-of-art four approaches: UB, AUB, BAEE, and LSTM, 
using the enhanced dataset (ED) with 30 whole indoor trajectories, is 

made. The uncertainty prediction approaches are divided into classical 
algorithms (UB, AUB, BAEE) and deep-learning algorithms (LSTM, 
HDL). The comparison results are described in Table 3: 

It is seen in Table 3 that the LSTM based uncertainty prediction 
provide higher precision compared with that of UB, AUB, BAEE, by 
using the enhanced dataset. Particularly, the results marked in bold 
present several trajectories with the most obvious improvement using 
proposed HDL model, compared with the LSTM model, which are pre
sented in Fig. 8. In general, the proposed HDL approach further im
proves the performance of overall uncertainty prediction, and the 
average completeness and density indexes comparison of five different 
algorithms is described in Table 4: 

Table 4 gives a comprehensive comparison of the average 
completeness and density indexes of four existing algorithms and our 
proposed HDL framework. It can be found that deep-learning algorithms 
(LSTM, DHL) provide higher accuracy and adaptability compared with 
the more classical algorithms (UB, AUB, BAEE) regarding both 
completeness and density indexes using enhanced dataset (ED), while 
the HDL algorithm further increases the performance of the uncertainty 

Fig. 6. Generated Uncertainty Region of HDL.  

Fig. 7. Comparison of Generated Uncertainty Regions.  
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prediction of LSTM model, with improvement ratio of completeness 
and density indexes of 3.2 % and 9.4 %, respectively. 

Finally, we evaluate the dependency of our proposed HDL frame
work under a new generated test dataset (ND), in which the ground- 

truth trajectories are provided by the centimeter-level Lidar backpack 
indoor mapping system (Bao et al. 2022), and a number of 20 test tra
jectories with an average time period of 2 min are collected under a 
large-scale office building. Also we compared the average complete
ness and density indexes using five different uncertainty prediction 
models, the comparison results are described in Table 4 and Fig. 9: 

It can be found from Fig. 8 that the proposed HDL model maintains 
the robustness and accuracy of uncertainty prediction, the final evalu
ated completeness and density indexes prove highest performance 
compared with the other four algorithms, including UB, AUB, BAEE, and 
LSTM. As for the completeness index, the proposed HDL realizes an 
average accuracy of 94.9 %, compared with the other four algorithms 
with precisions of 100 %, 68.6 %, 86.2 %, and 91.5 %, respectively. As 
for the density index, the proposed HDL realizes an average accuracy of 
0.171/m2, compared with the other four algorithms with precisions of 
0.019/m2, 0.142/m2, 0.105/m2, and 0.154/m2, respectively. In 
conclusion, the proposed deep-learning based uncertainty prediction 
model proves stable and accuracy uncertainty prediction performance, 
which also does not depend on the characteristics of the specific datasets 
and test environments. 

4. Discussion on Contributions and Limitations of Proposed 
Deep-learning Structure 

In this section, the contributions and limitations of our proposed 
uncertainty prediction framework is presents, and we also point out the 
future work. 

4.1. Contributions of proposed structure 

This work presented in this Paper, proposes a novel deep-learning 
based framework for indoor pedestrian movement trajectory model
ling and uncertainty region prediction. The latter is aimed at contrib
uting to the enablement of significant contributions in various 

Table 3 
Performance Comparison of completeness and density indexes.  

Traj UB (ED) AUB (ED) BAEE (ED) LSTM (ED) HDL (ED) 

No. Complete-ness 
(%) 

Density 
(/m2) 

Complete-ness 
(%) 

Density 
(/m2) 

Complete-ness 
(%) 

Density 
(/m2) 

Complete-ness 
(%) 

Density 
(/m2) 

Complete-ness 
(%) 

Density 
(/m2) 

T01_01 100  0.008 74.5  0.158 100  0.131 100  0.251 96.8  0.288 
T01_02 100  0.015 68.3  0.192 100  0.153 99.5  0.222 99.5  0.199 
T01_03 100  0.028 71.2  0.140 100  0.122 99.5  0.163 100  0.147 
T02_01 100  0.028 82.9  0.148 93.8  0.101 92.2  0.106 97.9  0.107 
T02_02 100  0.027 82.5  0.158 92.1  0.107 86.2  0.106 98.4  0.127 
T02_03 100  0.024 84.5  0.158 92.3  0.105 98.3  0.139 97.8  0.139 
T03_01 100  0.031 42.0  0.135 79.7  0.125 89.2  0.182 95.2  0.206 
T03_02 100  0.027 81.6  0.189 100  0.119 100  0.231 99.5  0.256 
T03_03 100  0.032 51.0  0.148 88.0  0.116 92.3  0.201 85.1  0.197 
T04_01 100  0.034 94.8  0.217 100  0.124 94.8  0.248 99.6  0.279 
T04_02 100  0.031 51.1  0.126 67.5  0.089 99.1  0.165 85.3  0.160 
T04_03 100  0.031 92.7  0.199 100  0.120 99.1  0.261 100  0.349 
T05_01 100  0.029 43.0  0.086 56.6  0.067 89.5  0.108 98.2  0.123 
T05_02 100  0.031 44.5  0.091 66.4  0.080 99.2  0.130 97.1  0.126 
T05_03 100  0.026 41.9  0.086 57.7  0.069 99.6  0.123 99.1  0.124 
T06_01 100  0.011 84.9  0.170 94.4  0.118 93.7  0.177 98.0  0.262 
T06_02 100  0.038 100  0.191 100  0.121 89.9  0.200 93.9  0.383 
T06_03 100  0.006 59.6  0.144 73.8  0.099 96.3  0.114 96.6  0.117 
T07_01 100  0.016 41.0  0.136 88.5  0.163 92.3  0.137 98.1  0.155 
T07_02 100  0.012 59.3  0.184 85.6  0.141 72.5  0.121 95.8  0.135 
T07_03 100  0.026 64.4  0.140 96.8  0.116 60.7  0.185 88.7  0.248 
T08_01 100  0.030 90.6  0.200 100  0.120 90.6  0.255 93.7  0.278 
T08_02 100  0.024 70.4  0.119 100  0.108 70.4  0.216 94.2  0.303 
T08_03 100  0.021 99.2  0.142 100  0.089 100  0.390 100  0.431 
T09_01 100  0.023 100  0.173 100  0.104 99.3  0.249 100  0.256 
T09_02 100  0.028 100  0.151 100  0.100 100  0.354 95.2  0.446 
T09_03 100  0.025 100  0.165 100  0.101 100  0.373 88.1  0.626 
T10_01 100  0.028 50.5  0.097 70.0  0.080 95.2  0.104 93.8  0.109 
T10_02 100  0.025 40.2  0.063 62.2  0.062 96.7  0.066 90.5  0.062 
T10_03 100  0.021 71.5  0.189 96.3  0.175 95.9  0.264 98.4  0.309  

Fig. 8. Four Most Visibly Improved Trajectories.  

Table 4 
Comparison of Average Completeness and Density Indexes.  

Indexes UB AUB BAEE LSTM HDL 

Completeness (ED) 100 70  87.7  92.6  95.6 
Completeness (ND) 100 68.6  86.2  91.5  94.9 
Density (ED) 0.021 0.147  0.107  0.159  0.174 
Density (ND) 0.019 0.142  0.105  0.154  0.171  
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application fields: 
Firstly, this paper presents the development of an accurate and 

effective way for indoor trajectory modelling using daily-life mobile 
sensing data provided by the public, and presents high granularity based 
uncertainty prediction results during each step period, with the latter 
making a significant contributions to mobile applications, such as indoor 
network reconstruction (Zhou et al. 2021), autonomous indoor naviga
tion database generation (Yu et al. 2021), and public motion data 
mining (Hwang and Jang 2017). The uncertainty of such public trajec
tories is essential for the realization of final indoor location based 
services. 

Secondly, the proposed HDL model comprehensively takes the pe
destrian’s motion features and time-related features into consideration, 
using a period of mobile sensing data rather than the data acquired from 
only two adjacent time periods, which realizes much higher uncertainty 
prediction accuracy compared with traditional models and has a much 
better error evaluation performance compared with previous work. 

Thirdly, from the theoretical level, this newly presented work is 
regarded as an advanced attempt at modelling the indoor trajectories’ 
potential path area (PPA), by taking both changeable sampling error and 
measurement error into consideration. It is of note that the traditional 
approaches only consider the constant sampling error or the measure
ment error. Much better completeness and density indexes are ach
ieved compared with the four traditional algorithms which use a real- 
world dataset, hence benefitting various indoor location based appli
cations such as indoor pedestrian behavior analysis (Ridel et al. 2018), 
indoor contact tracking of COVID-19 (Munzert et al. 2021), smart 
healthcare and elderly care (Gogate and Bakal, 2016). 

4.2. Limitations of proposed structure 

The proposed HDL-based pedestrian indoor movement uncertainty 
also has limitations as regards real-world applications in complex urban 
environments., Contained are the following aspects: 

Firstly, the pedestrians’ daily-life trajectories usually involve both 
indoors and outdoors. In outdoor areas, Global Navigation Satellite 
System (GNSS) can also provide continuous location information. Thus, 
except for considering the indoor motion features of pedestrians, the 
seamless localization trajectory is also an important application direc
tion and a more comprehensive model is required by taking both indoor 
and outdoor trajectory features into consideration. 

Secondly, the performance of final uncertainty prediction is affected 
by the input features and capacity, and more trajectory-related features 
are required to enhance the training dataset performance of final un
certainty region prediction. In addition, the labeling accuracy of the 
training dataset also affects the training performance accuracy because 
the ground-truth trajectory is usually difficult to acquire in indoor areas 

due to the missing of accurate GNSS signal Thus, in such cases, unsu
pervised learning is a training method that can be explored to autono
mously, better enable learning of the uncertainty-related trajectory 
features and the acquisition of the optimal model. 

Thirdly, there are many other location sources in the indoor envi
ronment, which contain such as rich wireless signals and magnetic field 
information. These observations can also be served as constraints for 
indoor trajectory optimization and uncertainty error prediction. 
Therefore, the following goal of the newly suggested uncertainty pre
diction framework is to comprehensively integrate the rich features 
provided by different indoor location sources and thereby, enhance the 
performance of uncertainty region prediction by providing more ob
servations. In addition, the relationships between features extracted 
from different location sources also needs to be considered in our further 
algorithm, which is different from single location sources acquired from 
this work, and more input features and the corresponding relationships 
between different extracted features need to be modeled for better 
prediction of uncertainty region. 

5. Conclusion 

Human indoor mobility trajectory plays an important role in the 
fields of smart city and smart travel based application, while the un
certainty of indoor human mobility trajectory has a significant influence 
among the final analysis results of large-scaled spatiotemporal data 
regarding an urban city. The traditional uncertainty prediction models 
normally consider the constant sampling error or the measurement 
error, neither is always effective in real-world applications. 

A novel deep-learning framework is proposed in this paper in order 
to realize accurate uncertainty region predictions of pedestrian move
ment trajectories in large-scale indoor areas. In such cases, both sam
pling error and measurement error are considered, and the multiple 
features extracted from public daily life trajectories are adopted as the 
major vector of the proposed HDL framework. In addition, the proposed 
model has achieved a strong level of adaptability by considering a period 
of measured values rather than only adjacent data. The enhanced 
training data set applied during this study, was collected in large-scale 
real-world indoor areas, while the robust uncertainty prediction accu
racy is expressed by the three important indexes: Euclidean error dis
tance (<0.58 m), completeness (>95.6 %) and density (>0.174 / m2), 
which can benefit various mobile applications related to the trajectories 
estimation. 
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