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Abstract. Landmark detection technology has a wide range of applications in
people’s lives, including map correcting, localization and navigation, etc. Besides,
landmarks are also utilized to label different areas for automatic floor plan con-
struction. Currently, vision-based landmark detection methods have some lim-
itations, such as light, camera shaking, and privacy-invasive. In addition, deep
learning-basedmethods increase the time consumption ofmarking labels due to the
huge requirement for data. Targeting the above challenges, our work first proposes
a landmark detection approach based on Human Activity Recognition (HAR) for
automatic floor plan construction, which introduces a self-attention model to rec-
ognize various landmarks by walker’s daily activities due to their strong correla-
tion. First, the accelerometer and gyroscope sensor data are extracted and elimi-
nated by a Gaussian filter and are divided into the same length segments by slide
window. Next, it is input into the self-attention network to train a human activity
recognition model. Finally, the corresponding relationship between human activi-
ties and landmarks is created to detect landmarks through the trained HARmodel.
Empirical results on two publicly available USC-HAD and OPPORTUNITY
datasets show our proposed approach can recognize landmarks effectively.

Keywords: Landmark detection · Automatic floor plan construction · Human
activity recognition · Sensors · Self-attention

1 Introduction

Recently, localization is the technique to determine the position of an object or a person
[1]. An indoor localization system is a system that attempts to find the accurate position
of the object inside a building, mall, etc. The popularity of mobile computing [2–6]
stimulates extensive research on the localization of persons or assets. In the present era
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of mobile devices, location information is crucial in a wide range of applications such as
manufacturing, healthcare, etc. In order tomeet the user’s needs, the location information
of persons or assets is required which can be provided by the indoor localization system,
which tries to identify the position of moving devices with the help of some fixed nodes
and somemobile computing devices [7].However, floor plan construction is an important
stage to achieve accurate indoor localization.

Currently, there are numerous approaches to automatic floor plan construction that
have been proposed [8–10], because floor plan construction is an important stage to
achieve accurate indoor localization. Most maps lack labels for different spaces, they
just construct the outline of buildings [11]. However, it is necessary to name some special
places, such as where is a bedroom, where is a stair, where is the door of the kitchen,
etc. Thus, labeling these spaces using landmarks becomes a good choice. Landmarks
that are frequently used include some special structures of buildings or roads, some
symbolic objects, etc. In an indoor environment, daily landmarks include doors, stairs,
beds, chairs, etc., which often cause humans to perform some special actions, such as
walking upstairs or downstairs, opening or closing a door, and sleeping, as shown in
Fig. 1.

Fig. 1. Landmarks in our daily life

A great deal of landmark detection methods has been published [12–15] due to their
importance in marking areas for automatic floor plan construction and assisting in the
construction of sparse maps. These landmark detection approaches can be divided into
two categories: signal-based [16–18] and vision-based [19–21]. Vision-based are using
computer vision technology to detect special objects as landmarks, but the limitation of
these approaches includes two aspects, on one hand, the estimation accuracy is signifi-
cantly affected by light and camera shaking. Meanwhile, the vision-based methods have
a common privacy-invasive issue that are people concerned about. On the other hand,
the data-driven landmark detection method based on deep learning algorithms [22, 23]
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is more popular due to its automatic feature extraction capabilities rather than mandate
domain knowledge to craft shallow heuristic features, but deep learning methods require
massive training data, which means people have to spend a lot of time labeling a large
amount of data for training a reliable model, as a result, it dramatically increases the
workload of manually signing labels. Compared to vision-based methods, signal-based
such as radar, lidar,wifi, etc. have themultipath effect issue, and the performance changes
with surroundings, which causes an unstable system. Meanwhile, deployment is more
complex than mobile sensors. For example, in [16], scattering information from the
polarimetric radar is used to detect point-shaped landmarks, which don’t consider line-
shaped landmarks, meanwhile, the scattering information is unstable and easily changes
with surroundings. In [21], drogue’s landmark detection is developed for autonomous
aerial refueling of unmanned aerial vehicles, but the jitter of the camera or drogue in
the air and the change of light will have a great impact to measure the position. But
mobile and wearable sensors, particularly tiny sensors not only avoid being disturbed
by the shape and surroundings of landmarks but also overcome the limitation of light
and shaking of the camera.

Nevertheless, landmark detection approaches based on mobile or wearable sensors
avoid the huge workload of labeling, because the label is just recorded when collecting
data rather than marking objects from pictures one by one. Meanwhile, it also does
not need to extract features from pictures to detect landmarks. Motivated by the above
reasons, we introduce a unified and novel landmark detection method for automatic floor
plan construction based on human activity recognition (HAR) using the self-attention
network, where HAR is firstly adopted to detect the landmark in an indoor environment
owing to the close relationship between human daily activities and landmarks. The
reason whywe choose a self-attention network is that it not only gets the global and local
connection synchronously within one step but also will not be limited by the sequence
length for the capture of long-term dependence like the RNN network. Meanwhile, the
results of each step do not depend on the previous step and can be made into a parallel
mode. Compared with CNN and RNN, the parameters are fewer and the complexity of
the model is lower. Compared to the other landmark detection methods, our approaches
not only avoid the negative impact of light and camera shaking but also solve the privacy-
invasive problem. Meanwhile, the workload of labeling data decreases significantly for
experiment operators due to the convenience of only recording the labels when collecting
sensor data of different activities. The process of our approach is as follows, firstly,
the timestep records, accelerometer, gyroscope, and IMU data are input into a sensor
modality attention to calculate the attention score, and then, these attention scores are
utilized to infer the relative weights of each time-step in the sequence and transform
the presentation of each time-step. Following that, global temporal attention is used to
rank the importance when predicting the categories of human behaviors. What’s more,
the human activity model based on self-attention is trained. Finally, the trained HAR
model is utilized to recognize human daily activities, which means the landmarks also
are detected according to the corresponding relationship between human activities and
landmarks, so the name of labels in the floor plan can be obtained. The main novelties of
this paper include 1) firstly proposing to build the corresponding relationship between
waypoints and human daily activities for the automatic landmark detection task, which
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is different from vision-based methods in this domain, this approach is a scheme with
fewer privacy issues for detecting landmarks automatically through human behaviors
rather than using images. 2) developing a novel landmark detection based on human
activity recognition for automatic floor plan construction. Currently, the state-of-the-art
vision-based landmark detection approaches have common issues: camera shaking and
light changing. For signal-basedmethods, the surroundings changes will cause landmark
estimation error, which is unstable. But our proposed method overcomes the limitation
of vision-based and signal-basedmethods and enhanced the robustness. 3) automatically
labeling areas, such as where is the bedroom, kitchen, etc.

The rest of the paper is organized as follows. The related work is covered in Sect. 2.
Section 3 will present the proposed methodology, including the framework, sensor
modality attention, self-attention block, global temporal attention, and landmark detec-
tion. Finally, in Sect. 4, the performance of the proposed approach will be shown, and
the following is the conclusion and future work.

2 Related Work

With the development of automatic floor plan construction technologies, more and more
landmark detection methods are being used to assist in labeling different areas in a
floor plan using these recognized landmarks. Typical landmark detection can be divided
into three categories: image-based and signal-based. The image-based methods extract
features from a set of pictures near the landmarks, while the signal-based is to receives
the flection signals as the features to identify landmarks.

The majority of landmark detection is based on images, with machine learning or
deep learning algorithms extracting features. For instance, Rous et al. [20] developed a
natural landmark detection model based on a priori knowledge of the shape and func-
tionality of searched structures, which combines region based as well as edge-based
elements to detect indoor landmarks, especially for these have clear line structures and
large homogenous color surfaces. But the model is unstable due to the lighting fluc-
tuations. Zheng et al. [22] designed an efficient and robust landmark detection model
using 3D deep learning in volumetric data, which greatly improves the detection speed
and generalization capability, however, it is still more time-consuming than the current
methods due to the double training process. Han et al. [24] proposed a multi-resolution
regression-guided landmark detection frame to recover Haar-like appearance features
from CT pictures and locate human organs, this framework overcame the problem of
inaccurate matching due to the distant and changed corresponding structures. Unfortu-
nately, the performance is poor for identifying larger organs. Likewise, A large-scale
anatomical landmarks detection approach is presented by Zhang et al. [25], compared
to other methods, this algorithm greatly reduces the requirement for training data, how-
ever, the fixed patch size used caused the high difference between various landmarks.
Jheng et al. [26] demonstrated a convolutional neural network (CNN)-based algorithm
(GUTAID) for landmark detection, which achieved and further characterize polyps for
optical diagnosis. But the experimental images are not enough, and some images are not
high-definition images. On the whole, the common limitations of these landmark detec-
tion approaches are the high requirement for light and heavy workload of data labeling.
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Zhang, Z. et al. [27]. Designed an optimal facial landmark detection model based on
Deep Convolutional Network (TCDCN), which successfully uses the back-propagation
algorithm to enhance the generalization, unfortunately, the number of tasks is limited.
Liu et al. [28] confuse millimeter-wave radar and camera to improve the performance
of target recognition and the environmental awareness capabilities of the autonomous
vehicle under severe weather conditions but the efficiency will face the challenge of one-
way sensor failure. Wang et al. [29] introduce the fine-grained channel state information
(CSI) from off-the-shelf WiFi to detect users’ baggage, this scheme is low-cost and eli-
gible for deployment, but the performance is easily disturbed by bag material. Beltrán
et al. [30] first design an efficient LiDAR-based 3D object detection for driving environ-
ments by using a state-of-art CNN framework, which is suitable for on-board operation,
however, the number of channels is limited, which causes the loss of some discrimina-
tive features and lower the performance of this method. Zhou et al. [11] introduce an
Activity Landmarkbased Indoor Mapping system via Crowdsourcing (ALIMC), which
constructs the landmark-based indoor map without any prior knowledge by connecting
human activity patterns with the landmarks, but all these activities can not be recognized
by a common model and the accuracies of the traditional detection algorithms are not
better than deep learning methods. Zhou et al. [31] develop a fast, fine-grained, and
low-cost floor plan construction system using sound signals suitable for heterogeneous
microphones on commodity smartphones, which achieves good performance, unfortu-
nately, the sound signals are easy to be distributed by noise from surroundings, which
causes the bad robustness.

Many publications focus on human activity recognition [32, 33], including wearable
sensor-based HAR and vision-based HAR. Varshney et al. [34] introduced the multiple
CNN streams to recognize human activities from video by fusing spatial and temporal
information, where the average and convolution fusion methods are discussed. Although
this method outperforms other approaches, the model does not support multiple input
modalities. Liu et al. [35] proposed a compound deep neural network including two
sub-networks to generate optical flow images and extract the spatial-temporal informa-
tion fromRGB images respectively, and the spatial-temporal information is integrated to
recognize human activities. Although this method achieves a good result, the complexity
of network the remains to be improved. A human activity behavior based on stacked
sparse autoencoder, and the history of binary motion image is shown by Gnouma et al.
[36], which simplified the complexity of silhouette extraction, the limitation of this
method is only some special behaviors can be identified. Snoun et al. [37] recognized
activities using fine-tuning pre-trained CNNs via human skeletons from the frames,
although it almost achieved good accuracy, the performance heavily relies on the result
of pose estimation. Murad et al. [38] develop a HAR framework based on deep recur-
rent neural networks (DRNNs), which can process the variable-length sequences from
the input layer, however, the data used is small scale and the generalization is poor.
The embedding-based inception neural network and recurrent neural network landmark
detection are developed by Xu et al. [39] to classify actions with multi-dimensional
features, achieving high accuracy and good generalization, but the kernel size of the
model remains optimized. A pattern-based HAR model is proposed by Zhang et al.
[40], which established a correlation between signal variation from diffraction sensors
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and human actions so as to match them. Similar to Zhang, Yan et al. [41] designed a
WiAct to recognize activities through the correlations between body movement and the
changes of Channel State Information (CSI) signals changes due to various human activ-
ities. However, the two approaches are disturbed heavily by noise and the signal is easy
to be sheltered. Bashar et al. [42] produced a time-frequency-based human activities
recognition model using activity-driven hand-crafted features, which achieve compa-
rable accuracy and reduce the computation time, but the production of hand-crafted
features is time-consuming.

3 Methodology

This section describes the details of our landmark detection approach, the aim of this
method is to train a landmark detection model based on human activity pattern recog-
nition by introducing a self-attention mechanism without any recurrent architectures.
The method includes four parts: sensor modality attention, self-attention block, global
temporal attention, and landmark detection, the detailed specification is shown in the
below subsequent sections.

3.1 The Framework of Our Proposed Method

The framework of the proposed approach is illustrated in Fig. 2, the accelerometer and
gyroscope data are denoised through a Gaussian filter and then the sensor modality
attention is utilized to calculate the weight of the two sensor’s data according to their
attention score respectively. Following this, the weighted sensor data are transferred
into a fixed-size vector over single time steps through a 1-D convolution. Afterward,
the values of the two math functions: sine and cosine, are added to the fixed vectors for
encoding the position information of the samples in the sequence. Except for that, the
feature presentation is scaled through the sqrt function and input into the self-attention
block model.

In the self-attention block, the dot product is applied to obtain the new feature
presentation of each time step and this newpresentation is the input of the global temporal
attention layer, and this layer generates the final feature presentation through learning
parameters to set varying attention across the temporal dimension [43], Finally, the final
feature presentation is utilized by the fully connected and soft-max layers.

3.2 Sensor Modality Attention

The aim of the sensor modality attention mechanism is to obtain the various contribution
from the different modalities of sensors and then reduce the impact of lower contribution
sensor data, taking sitting as an example, the data from these sensors placed on people’s
legs contain lower information, so the sensor modality attention mechanism is used
to reduce the related weights. It means the sensor modality attention can capture the
dependencies through learning such relationships using 2-Dconvolution across time-step
and sensor values [43].
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Fig. 2. The framework of our proposed method.

Firstly, the sensor data is converted to single-channel data, and then k convolutional
filters are introduced to reshape the single-channel data into k channels data. Following
this, the k channel data are converted back to one-channel data using a single convolution.
To generate different attention scores for the variousmodality of sensors, the sensor-wise
soft-max function is applied, the definition of this sensor-wise is as follows:

S(ti)
k = exp(qtik )∑

k
exp(qtik )

(1)

In this equation, k is the label of sensors. Thus, the weight of the input can be
calculated by this equation. Besides, the sensor modality attention also provides feature
maps to show the interpretation of this model.

3.3 Self-attention Block

Self-attention layer is the core layer, which consists of self-attention blocks and each
block also contains one multi-headed self-attention and one position-wise feed-forward
layer [Saif Mahmud]. There are two main functions for this self-attention, one is to infer
the relative weights of each time step in the sequence according to the similarity between
this time step and all other time steps, and the other is that the feature presentation of
each time step is transformed through building the relationship between the weights and
the importance of information from other time-steps. Equation (2) show the process of
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calculation [Attention Is All You Need].

Ahs(Q,K,V ) = softmax(
Q · KT

√
dk

)V (2)

In Eq. (2), the (Q, K, V) indicates the learned linear transformation of input, Q, K,
and V are key, query, and value respectively. In other words, the transformed vector
of one specific time step can integrate the query, which is compared to the key vector
at every other time step using a dot product. Following that, the dot product value is
scaled by

√
dk and the soft-max function is used to normalize these values, the output of

softmax is the attention score. Finally, the weighted representation of the value vectors
for each of the time steps is inferred by the attention score.

To capture muti-aspects attention score, multi-headed self-attention is developed,
and each head can parallel compute the attention value of the corresponding aspects.
As shown in (2), the hs presents the output of the head s, when all attention heads are
concatenated to calculate the corresponding attention scores, these scores are converted
back to the score dimension produced by the single attention head using the learned
parameter. As shown in Eq. (3).

M = R · concat(Ah1 ,Ah2 , ...Ahn−1 ,Ahn) (3)

In this equation,R is the learned parameter. In addition, every position in one block is
corresponding to the position-wise feed-forward layer independently, which means the
weights of the same block are consistent, but it is different across the blocks. Meanwhile,
both sub-layers include one normalization layer and one residual connection.

3.4 Global Temporal Attention

TO rank the importance when predicting the categories of human behaviors, the atten-
tion score of each time-step output from the self-attention blocks and learned related
parameters are input into the global temporal attention model. Firstly, the function Cs is
built for capturing the temporal context when calculating the attention score, as shown
in Eq. (4).

C(ti) = tanh(R · S(ti) + P) (4)

In Eq. (4), R and P are the learned parameters generated from self-attention blocks.

ψ(ti) = exp((C(ti))T · Cs)
∑

t exp(C
(ti) · Cs)

(5)

As for the ranking, which is calculated by Eq. (5) and utilized to produce a weighted
average of the representations of all the time steps in an activity window [], meanwhile,
it is input into the feed-forward layers as a feature vector to classify human behaviors.

Ni =
∑

t

ψ(ti)S(ti) (6)

Finally, the weights of all time steps are used to calculate the weighted summation
by Eq. (6), which also forms a feature vector. To improve the efficiency of training, the
dropout layer is added to the self-attention blocks and the fully connected layer, which
is also used after positional encoding.
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3.5 Landmark Detection

Compared to image-based and appearance-based landmark detection technology, our
approach estimates landmarks through human activity recognition based on a self-
attention mechanism, the advantage of our method is that it is not affected by the light
and appearance of objects. However, how constructing the relationship between human
behaviors and landmarks is a key stage. As we know, the area of human activities and
landmarks are the same placewhen people take activities, which indicates human actions
and landmarks are interchangeable. Thus, the correlation between human behaviors and
landmarks of our work is constructed and shown in Table 1. 12 kinds of human daily
activities, containing: walking upstairs and downstairs, up and down elevators, sitting
and sleeping, opening and closing doors, opening and closing fridges, and opening and
closing dishwashers, are correlated with 6 common landmarks: stair, elevator, chair, bed
(bedroom), door, fridge, and dishwasher (kitchen).

From Table 1, it is obvious that different human activities have corresponding land-
marks. So, these landmarks are recognized easily when the related human behaviors are
classified accurately through the self-attention mechanism.

Table 1. The correlation between human behaviors and landmarks.

Behavior Landmark Behavior Landmark

Up/downstairs Stair Open/close a door Door

Up/down elevators Elevator Open/close fridges Fridge

Sitting Chair Open/close dishwashers Dishwasher (kitchen)

Sleeping Bed (bedroom) \ \

To estimate the performance of different algorithms for landmark detection, this
paper introduces the macro average F1-score (MAF1-score) as the metric, as shown in
Eq. (7).

MAF1_score = 1

|N |
N∑

j=1

2 ∗ Pj ∗ Rej
Pj + Rej

(7)

In this equation, N is the class quantity of human activities, j is the label of each
class, Pj and Rej indicates the precision and recall of the j class.

4 Experiment Results

To verify the efficiency of this landmark detection algorithm based on human activity
recognition, the two publicly available USC-HAD and OPPORTUNITY datasets are
chosen to carry out experiments, because various daily activities data is included in both
datasets, and the hardware of this experiment is a computer with an intel i7-9750H CPU,
and the working frequency of this CPU is 2.6G Hz.
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4.1 Dataset and Preprocessing

4.1.1 Dataset Description

1) USC-HAD Dataset: The USC human activity (USC-HAD) dataset [44] collected a
triaxial accelerometer and gyroscope data using the MotionNode sensing platform,
which contains 12 general human activities, and invites 14 participants to install
the MotionNode sensors on their front right hip to collect data. Meanwhile, the
sampling frequency is set to 100 Hz, and everyone repeats each activity five times,
the parameters include: the activity’s name, subject number, etc. are recorded by
a nearby observer. The human daily activities include walking downstairs/upstairs,
turning left/right going along with a circle, sitting, etc.

2) OPPORTUNITY Dataset: The OPPORTUNITY dataset [45] is a public dataset,
which is published on the UCI Machine Learning repository and records both
static/periodic and sporadic activities from wearable, objects, and ambient sensors
in daily living. This dataset records 4 subjects performing 16 types of activities, and
each person undertakes oneADL session and one drill session five times, and the drill
run consists of 20 repetitions activities. The difference between the ADL session and
the drill run session is that the ADL collects a series of human morning activities,
which is continuous, and the drill run records some repetitive activities, includ-
ing opening/closing a door, opening/closing a fridge, sleeping, etc. The frequency
sampling of the Drill run is 32 Hz.

4.1.2 Data Preprocess

1) USC-HAD Dataset Preprocessing
In this dataset, there are six types of human daily activities: sitting and sleeping,

walking upstairs and downstairs, up-elevators, and down-elevators, which are chosen
to perform our experiments. These activities are corresponding to four common
landmarks in our daily life: chairs, beds, stairs, and elevators. To accurately estimate
the four landmarks through the six actions, Firstly, the raw data of the six activities
from the accelerometer and gyroscope are extracted and input into a gaussian filter
for reducing the noise produced from collecting data. Then, these filtered data are
divided intomany segments by the fixedwindowswith 50%overlapping, thewindow
size is 32. Finally, the Leave-One-User-Out (LOOCV) strategy is adopted to split
the data of 14 users into 14 different groups respectively.

Figure 3 shows the signal changes of the accelerometer and gyroscope when users
perform taking up-elevator and down-elevator, walking upstairs and downstairs, as can
be seen from these pictures, the accelerometer and gyroscope signals have a strong
periodicity totally. Compared to (a) and (b), the pictures from (c) and (d) show more
regular changes. In Fig. 3 (a) and (b), the value of the z-axis decreases or increases
obviously because taking the up-elevator and down-elevator only causes the acceleration
changes in the vertical direction, but (c) and (d) are different due to producing acceleration
changes in three directions,which indicates that up-elevator anddown-elevator are harder
to recognize than walking upstairs and downstairs.
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2) OPPORTUNITY Dataset Preprocess
The six kinds of activities from theOPPORTUNITYdataset: opening and closing

a door, opening and closing a fridge, and opening and closing a dishwasher are
introduced to identify three types of landmarks. The reason why we choose the
six activities is that the three corresponding landmarks with the six actions are an
indispensable part of our life, which exist in our office, home, supermarket, etc.
Firstly, an interpolation algorithm with the “movmedian” method is utilized to fill in
the missing data due to the incomplete collected data from IMUs, where the window
size is set to 10. Then, the Gaussian filter is adapted to relieve the negative impact
of noise and the size of the window is designed to be 20. Followed by this, a fixed
window with 50% overlapping divides these signals into the 32 points segments in a
row. Finally, the accelerometer and gyroscope data of five Activities of Daily Living
(ADLs) and the Drill from Subject 1, the Drill data and the data range from ADL1
to ADL3 of subjects 2 and 3, are extracted from the public dataset for training data,
and the rest data from subject2 and subject3 are abstracted for testing the efficiency
of the trained model [46].

Fig. 3. Accelerometer and Gyroscope signal changes of different activity patterns, (a)–(d) present
different activities using different color curves, X-axis presents the number of sampling points, Y-
axis presents sensor value. (a) up elevator. (b) down elevator. (c) walk upstairs. (d) walk downstairs.
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Fig. 3. (continued)

The signal changes of the accelerometer and gyroscope to different patterns from the
sensors on the right wrist are shown in Fig. 4. As can be seen in this picture, the four
types of daily activities are not sensitive to the accelerometer and gyroscope, and the
value of three axes change less. Compared to walking upstairs or downstairs, the signal
changes are more irregular than the signals from other activities due to the complexity
of hand gestures when opening or closing a door, fridge, etc.

4.2 Experiment Result Analysis

We perform extensive experiments based on the two benchmark datasets discussed in
the last section with Convolutional Autoencoder Long Short-Term Memory (ConvAE-
LSTM) [46], and Deep Convolutional LSTM (DeepConvLSTM) [47]. The experiment
results are listed in Table 2.

As canbe seen from this table, the landmarkdetection approachproposed in this paper
outperforms DeepConvLSTM and ConvAE. Compared to the two methods, the Macro
F1-score of our method improves from 0.69 (DeepConvLSTM) and 0.76 (ConvAE) to
0.84 respectively for the USC-HAD dataset and increases by 0.08 (DeepConvLSTM)
and 0.05 (ConvAE-LSTM) for OPPORTUNITY dataset.
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Figure 5 presents the classification details of different human activities from the
USC-HAD dataset when the self-attention model is used. As shown in the figure, the
four landmarks can be recognized totally through the corresponding human activities.
However, sleeping and upstairs have the highest f1-score (more than 0.94), while down-
stairs has the lowest F1-score (0.61) with the greatest misclassification (0.26). To mea-
sure the performance of this landmark detection algorithm, the average F1-score of the
corresponding activities from the same landmark is applied to present the f1-score of
this landmark. Thus, based on the correlation between human behaviors and landmarks
(Table 1), we can conclude that the bed (bedroom) has the highest recognition efficiency,
while the elevator and stairs have lower F1 scores, which means the bedroom is easy to
label automatically when constructing the floor plan.

The classification of human daily activities from the OPPORTUNITY dataset is
shown in Fig. 6. It can be seen from these pictures, Opening the door1 and the fridge
outperform other activities, and the F1-score is up to 0.985 and 0.9 respectively, but
closing the dishwasher has the highest misclassification (up to 0.4). The average F1
scores of doors1, doors2, fridge, and dishwasher are 0.91, 0.66, 0.79, and 0.69, separately.

Fig. 4. Accelerometer and Gyroscope signal changes of different activity patterns, (a)–(d) present
different activities using various color curves, X-axis presents the number of sampling points, Y-
axis presents sensor value. (a) open a fridge. (b) close a fridge. (c) open a door. (d) close a
door.
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Fig. 4. (continued)

Table 2. Macro F1-score for landmark detection

Dataset Proposed method DeepConvLSTM ConvAE-LSTM

USC-HAD 0.84 0.69 0.76

OPPORTUNITY 0.76 0.68 0.71

Thus, door1 and the fridge are easier to identify than others, in contrast, door2 is difficult
to be categorized. In total, all of these landmark classification results are considerable
and beneficial to constructing floor plans.
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Fig. 5. The confusion matrix of the USC-HAD dataset.

Fig. 6. The confusion matrix of the OPPORTUNITY dataset.

5 Conclusion and Future Work

Landmark detection technology is growing in popularity due to its widespread use in
localization and mapping research, and image-based landmark detection methods have
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achieved cutting-edge performance. The limitation of image-based approaches, how-
ever, is that detection accuracy is severely hampered by light. Meanwhile, it necessitates
amassive amount of training data, which significantly increases the workload of labeling
labels. Therefore, an algorithm capable of balancing the trade-off between performance
and labeling workload is required. In this paper, we first propose a novel landmark
detection method for floor plan construction based on human daily activity recogni-
tion using the self-attention mechanism. Unlike vision-based methods, our approach
estimates landmarks around people based on a strong correlation between landmarks
and human activities that extends beyond the limits of light. The proposed landmark
detection methods are evaluated on two public HAR benchmark datasets: USC-HAD
and OPPORTUNITY datasets, achieving considerable performance. On the whole, the
landmark detection algorithm not only estimates landmarks accurately in low-light envi-
ronments but also significantly reduces the workload of data labeling, which is advanta-
geous for landmark detection with strict latency constraints, therefore, these landmarks
can be used to label some places in automatic floor plan construction.

Although our proposed landmark detection algorithm overcomes the constraints of
light conditions and the camera shaking problem, several issues remain to be considered
in the future. Some human activities that are performed, may have landmarks that can
be ad hoc. For example, to improve the estimation efficiency, not all landmarks need to
be detected, which is a challenge to decide what types of landmarks should be detected.
What’s more, the physical design of the same type of landmark can vary. For example,
the doors of many public places, such as transport hubs, school libraries, supermarkets,
etc., may be push or pull, have different types of handles, or be automatic, so estimating
these different types of landmarks, e.g., doors through human activities become more
challenging in real life.
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