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Abstract—As an essential component of Internet of Things,
GPS-enabled devices record tremendous digital traces, which
provide a great convenience for understanding human mobility. How to discover transportation modes efficiently from such
valuable sources has come into the spotlight. In this article, the
transportation mode detection is treated as a dense classification task, and a similarity entropy-based encoder-decoder (SEED)
model is proposed. We first design an encoder-decoder backbone
for end-to-end mode detection. Then, a semi-supervised learning module based on similarity entropy is proposed to exploit
numerous unlabeled data. Specifically, we stack several convolutional layers as an encoder to capture hierarchical features from
fixed-length trajectories, and then adopt transposed convolutional
layers as a decoder. For a semi-supervised module, inspired by
entropy regularization, we use the K-Means algorithm to cluster prototype vectors from the encoder’s predictions. We then
fine-tune the encoder by sharpening the similarity distribution
between unlabeled predictions and prototypes, aiming to make
the former close to one prototype only while staying away from
others. A majority-voting post-processing method is used to alleviate jitter impact when inferring. The Experimental results show
that SEED significantly outperforms segmentation-then-inference
methods. Furthermore, the similarity entropy-based module can
improve the generalization performance of the model, and the
metrics such as intersection over union can be increased by 5%
over baselines. All of these verify the superiority of our method.
Index Terms—GPS trajectory, human mobility, semisupervised learning, transportation mode detection (TMD).
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I. I NTRODUCTION
EARABLE devices have become a ubiquitous part
of daily life for many. Thanks to the penetration of
Internet of Things (IoT) devices, context-awareness computing has greatly attracted the attention of researchers [1]–[3].
As an application of IoT, transportation mode detection (TMD)
for crowds is important [4]. By recognizing the travel mode
from digital traces, TMD is instrumental in understanding
travel behaviors and personal context awareness, serving as
an utmost key component for urban planning and intelligent
transportation systems [5]–[9]. Users can benefit from the rich
knowledge about the recorded trajectories. They can not only
know where others have been but also how people reach their
locations, thus allowing service providers to make customized
route recommendations.
Nowadays, despite multisensor fusion methods have already
been studied [10]–[13], the majority of the infrastructures
in transportation systems is equipped with GPS devices
only, which means that the TMD research on single sensor remains general and necessary. If the inherent patterns
of GPS traces are fully exploited, fewer or even no auxiliary devices need to be deployed, thus reducing management
costs.
As earlier work, Zheng et al. [14] released the Geolife
data set-based solely on GPS trajectory, and proposed a
two-stage identification technique. It follows a segmentationthen-inference pipeline, in which the raw trajectory is first
partitioned into several single-mode segments by heuristic segmentation algorithms, and then the mode of each segment is
inferred via the trained machine learning models such as a
decision tree (DT).
Nevertheless, it is extremely challenging to distinguish individual transportation modes, which can be evidenced by: 1) the
data source only records partial motion features, resulting
in unstable inference results. For instance, traffic patterns
generated from driving are similar to those from walking
when traffic congestion occurs; 2) the widely used two-stage
approach requires manual intervention and heuristic design,
which leads to inefficiency; 3) and unlabeled trajectory data
are more than the labeled one, while the latter is rarely used
to strengthen the model.
In response to these issues, in this article, we reframe TMD
as a dense classification problem, in which the features of
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fixed-length consecutive points in GPS records are regarded
as input, and the mode regarding each GPS point is identified. We propose a similarity entropy-based encoder-decoder
(SEED) model to recognize transportation mode in an endto-end manner. Note that due to the noise caused by travel
uncertainty (such as traffic jams), such point-level inference
may cause a jitter problem, which means that the prediction
for a particular point is different from its neighbors.
To achieve such a fine-grained identification, shallow and
deep features from the consecutive points are both required.
We thus use an encoder-decoder in SEED as a backbone to
capture the hierarchical information among GPS points. This
context-awareness structure cannot only extract the features of
an isolated point but also handle the correlations of its neighbors. Moreover, a similarity entropy-based module is adopted
to exploit the unlabeled trajectories to improve a model’s
generalization. Inspired by entropy regularization [15], [16],
we use the K-Means algorithm to cluster several prototype
vectors from the hidden predictions of an encoder, and then
fine-tune the network by sharpening the similarity distribution between unlabeled predictions and prototypes, aiming to
make the former close to one prototype only while staying
away from others. For alleviating the jitter problem, we conduct a post-processing operation via a majority voting [17].
Concretely, we devise a fixed-length window that slides on
the model’s output. For the GPS point located in the center
of the sliding window, its transportation mode is determined
by the majority category in that window. In application, the
trained semi-supervised model can be directly applied to infer
the transportation modes for each trajectory point.
Our contributions are threefold.
1) We reframe the TMD task as an end-to-end dense
classification instead of the commonly used twostage detection. The experimental results demonstrate
that our approach significantly outperforms typical
segmentation-then-inference methods.
2) For the robust inference, we propose an encoder-decoder
backbone to handle the hierarchical features among GPS
points and then adopt a majority-voting method to postprocess the output.
3) We propose a similarity entropy-based module to exploit
massive unlabeled data for semi-supervised learning.
The experimental results show that it is helpful to the
generalization of our model, with up to 5% improvement
over the model without this module.
The remainder of this article is organized as follows.
Section II provides the literature review on related TMD and
advanced semi-supervised methods. Section III states TMD
formulation and data description. Section IV details SEED,
including an encoder-decoder structure, proposed similarity
entropy-based module, and training and inference procedures.
Numerical experiments are performed in Section V. The
concluding remarks and future directions are discussed in
Section VI.
II. R ELATED W ORK
Recently, with the proliferation of IoT devices, numerous
digital traces can be easily obtained and used to provide
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emerging possibilities for mining human activity. This section
first introduces the related literature and IoT-related data sets
on a TMD problem, and then presents the advanced semisupervised learning methods to solve it. We also survey recent
work in Table I in terms of data sets, data sources, modes, used
methods, adopted features, and reported accuracy.
A. Data Sources and Models of TMD
In earlier research, scholars had to collect the mobility
data themselves for the study [29]–[31]. Muller and Ian recognized users’ activities which include still, walking, and
driving via global system for mobile communications (GSM)
data in 2006. They calibrated the context of GSM signal
strength by a hidden Markov model (HMM) and K-means
algorithms, and achieved 80% classification accuracy [27].
Assemi et al. [28] used a nested logit model to infer the mode
from smartphone travel surveys in New Zealand and Australia
and reported high accuracy without any preprocessing operation. Wang et al. recruited 312 participants in Shanghai, and
collected their GPS trajectories through a smartphone application. Then, they constructed a random forest model, which
achieved the classification accuracy of 93% [32].
With the widespread concern of human mobility, many
scholars, institutions, and companies provide open-source
trajectories to support the replication of experiments. The
data availability fosters a strand of literature. As pioneering
work, Zheng et al. released Geolife, which includes the GPS
tracks of 182 individuals from April 2007 to August 2012.
They proposed a two-stage (i.e., segmentation-then-inference)
framework that used a change point-based approach for segmentation and a DT algorithm for inference [14]. They also
performed additional meaningful work based on the data set,
such as exploring human mobility [33], social networking service [34], and interesting locations mining [35]. Subsequent
work focused more on the inference stage, namely, predicting
the transportation mode for the specified segments. To improve
the accuracy of inference, Endo et al. proposed a novel feature extraction method. They mapped each segment into a
2-D image, and trained a convolutional neural network (CNN)
to recognize the corresponding travel mode, achieving 67%
accuracy [18]. Dabiri and Heaslip [19] adjusted all the segments to a fixed length, and utilized a 1-D CNN to extract
the features from the segments. Then, an ensemble learning
method is adopted to improve classification accuracy up to
84.8% from 79.8%. Jiang et al. [20] proposed a multiscale
model that incorporated local and global features, then fed the
concatenated features into a random forest for prediction.
Later, the HTC data set was published in 2012. It has
the data of 224 volunteers and includes ten transportation
modes, such as still, walk, run, bike, and vehicles. The trajectories are collected every 8.5 s by three motion sensors
including accelerometers, magnetometers, and gyroscopes.
Yu et al. [23] employed a support vector machine (SVM)
to classify the modes, and obtained about 91% classification accuracy. With this data set, Vu et al. [24] proposed a
novel control gated-based recurrent neural network (RNN) that
used accelerometers only, obtaining slight improvement over
other RNN variants. Asci and Guvensan [25] extended a series
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S UMMARY OF R ELATED W ORK

of hand-crafted spectrum-domain features by the fast Fourier
transform (FFT) as the input for long short-term memory
(LSTM), thus improving the accuracy by 2%.
The U.S.-Transportation data set1 has nearly 32 h of total
records for 13 participants during their daily activities. The
data set is collected by six sensors in phones with a frequency
of 20 Hz, and distinguishes five transportation modes: 1) walking; 2) car; 3) still; 4) train; and 5) bus. With different
classification algorithms (DT, random forest, SVM, and neural
networks), the maximum accuracy reported in [26] is 93%.
Sussex–Huawei locomotion (SHL) data set is a generic data
set that is suitable for a wide range of research in TMD,
mobility pattern mining, localization, tracking, etc. 2812-h
labeled data for three participants (four smartphones for each
one) is recorded by multiple sensors simultaneously with
high-sampling rate [36]. To recognize eight transportation
modes (still, walk, run, bike, bus, car, train, and subway),
Wang et al. [37] designed several hand-craft features and
used classifiers, such as Naive Bayesian, DT, random forest, K-nearest neighbor, and deep learning-based algorithms.
Finally, a CNN model using spectrum features and postprocessing operation achieved the best performance with an
accuracy of 93.3%.
To sum up, IoT-related devices have evolved by leaps and
bounds, and machine learning approaches are becoming more
1 http://cs.unibo.it/projects/us-tm2017

and more convenient to mine the underlying patterns from
trajectories. For the mode detection of GPS trajectory, the twostage framework is commonly used, in which some heuristic
rules should be defined to distinguish segments. Therefore, it
is necessary to develop a point-wise end-to-end classification
framework for TMD.
B. Semi-Supervised Methods
The essence of semi-supervised learning is to enhance
a model’s generalization [38], [39]. In practice, it is less
expensive and easier to obtain the unlabeled data, while avoiding the challenges of annotating a large amount of data.
In our task, there is both label and unlabeled data. Neither
supervised nor unsupervised learning algorithms can make
full use of them. So an opportune semi-supervised methods should be developed. The taxonomy of semi-supervised
approaches can be categorized as unsupervised learning with
labeled data and supervised learning with unlabeled data.
As an instance of the former, Zhu et al. [40] constructed
a graph according to the correlation among samples, and
then used the Gaussian random field to handle unlabeled
data, which is a typical clustering-then-labeling method. For
the latter, diverse approaches are proposed under different
hypotheses, such as pretraining and surrogate-task learning. To
make the model more robust, researchers have implemented
consistency regularization methods, including teacher-student
architecture [41], mixup [42], and mixmatch [43]. Virtual
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adversarial training [44] added noise where a model’s output
varied dramatically, to ensure that the prediction remained consistent. The low-density separation between classes assumes
that the decision boundary is located in a low-density region.
Self-training for unlabeled data [45] was proposed by using
the class with the maximum predicted probability as pseudo
labels. In co-training, two different classifiers were trained separately and provided pseudo labels for each other, which can
be viewed as label propagation [46].
From the perspective of TMD, Yazdizadeh et al. [47]
proposed a semi-supervised GAN model (DCGAN) which output the classes of transportation modes rather than “real” or
“fake.” Under the framework of self-training, James developed
proxy labels for unlabeled data by a trained model, and both
true and proxy labels were used to train a stronger model [22].
Dabiri et al. [21] proposed a semi-supervised framework
semi-supervised convolutional autoencoder (SECA) based on
a surrogate reconstruction task to enhance a model. Their
surrogate-task model achieved 5% improvement over the
pseudo-label learning approaches.
The minimizing prediction entropy has been exhibited to
act as a strong regularizer in semi-supervised learning [15].
Aiming to penalize low-confidence predictions, entropy regularization can be used to effectively handle unlabeled data
when training samples are limited [48]. Google brain team
systematically evaluated a confidence penalty method based
on entropy maximization on six benchmarks, such as machine
translation and speech recognition, and found that the penalty
could further enhance the advanced models [49]. Dean [50]
explored the effectiveness of regularizing the entropy of
prediction with an uncertain number of classes, and verified
that the entropy regularization was a promising method to
de-bias the weakly supervised learning system. The entropy
regularization is also researched in computer vision, especially
for domain-awareness image segmentation [51]–[53]. In this
article, we harness the power of a generalized entropy module to implement a semi-supervised learning method for more
accurate TMD from GPS trajectory.
III. P RELIMINARIES
A. Problem Statements
In this section, we introduce notations in TMD, and more
details can be found in [19].
GPS Point and Trajectory: GPS devices log subscribers’
locations periodically. Each recorded point p is a triplet
consisting of geographic location and timestamp, namely,
p = [latitude, longititude, timestamp]. The trajectory T for
each subscriber is a series of time-stamped GPS points
T = [p1 , p2 , . . . , pN ], where N represents the length of the
sequence.
Change Point and Segmentation: The change point is
defined as the location where subscribers switch their transportation mode. There may be zero or several change points
in a particular trajectory. The segmentation operation means
partitioning a trajectory into multiple segments according to
change points. Consequently, the transportation mode within
a segment of GPS points is identical.
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TMD Problem: The objective of the study is to detect
transportation modes for each GPS trajectory. Typical twostage methods first implement trip segmentation from raw GPS
records and then classify modes for each segment [14], [21].
Such segmentation-then-classification pipeline requires experiential design for detecting the change point, thereby leading
to inefficiency. By contrast, we treat the problem as an endto-end task, i.e., detecting transportation mode for each point
from raw GPS records directly, which is a dense classification
problem. The features of GPS points are taken as input, and
the corresponding transportation modes are output.
Since the neural networks can only handle a fixed-length
sequence, the trajectories are divided into many fragments with
length L for detection. Different from the term “segment,” the
modes of the points within each fragment can be different. A
fixed-length fragment [p1 , p2 , . . . , pL ] with size (L × K) is set
as input x, where K is the dimension of motion features of
GPS points. The prediction y is of size (L×C), and encoded by
one-hot labeling. C is the number of classes. In this task, five
transportation modes are concerned as the labels, including
walk, bike, bus, drive, and railway, namely, C = 5.
B. Motion Characteristicsof GPS Points
Based on the geographic location and timestamp recorded
by GPS devices, researchers have performed various handcrafted features to represent a GPS trajectory. Zheng et al. [14]
took length, mean velocity, covariance of velocity, top three
velocities, and top three accelerations from each segment to
classify a mode. Further, bearing rate, velocity change rate,
and stop rate were adopted as enhanced features to improve
the inference accuracy in their subsequent work [33]. However,
these segment-level features are tailored for the mode detection
of segments and are not applicable for the point-level mode
classification in this article.
Recently, the relative distance R, speed S, acceleration A,
and bearing rate B of consecutive GPS points have been
evaluated as effective features for mode detection [19], [21].
Therefore, we adopt the above hand-crafted features for the
point-wise classification. The first three terms can be calculated by



Ri = G [lati , loni ], lati+1 , loni+1
Ri
Si =
ti − ti+1
Si
Ai =
ti − ti+1

(1)
(2)
(3)

where Ri , lati , loni , ti , Si , and Ai represent the relative distance, latitude, longitude, timestamp, speed, and acceleration
of point pi , respectively. G([lati , loni ], [lati+1 , loni+1 ]) stands
for the geodesic distance between points pi and pj . As depicted
in Fig. 1, bearing measures the degree between the line connecting two successive points and true north. The bearing rate
for point pi is the absolute difference between two consecutive
bearings
Bi = |αi+1 − αi |
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Demonstration of the bearing in GPS trajectory.

Fig. 3. Violin plot shows the probability distribution of the four motion
features after Z-score transformation. There is a plain box plot inside each
bar, and the white dot stands for the median. (a) Relative distance. (b) Speed.
(c) Acceleration. (d) Bearing rate.
Fig. 2.

Visualization of the adopted data set in Geolife.

where αi and αi+1 are the bearing of pi and pi+1 , respectively,
and computed as



G [lati , loni ], lati+1 , loni
 
 .
αi = arctan 
(5)
G lati+1 , loni , lati+1 , loni+1
C. Data Process
We adopt the Geolife2 data set, which contains 182 individuals’ daily trajectories recorded every 1–5 s with fine-grained
resolution. Traces of 69 users are labeled with travel modes.
The studied trajectories are visualized in Fig. 2, which locate
in the urban area of Beijing, China.
We obtain individual trajectories and arrange the GPS points
in a chronological order, respectively. The following three criteria are utilized to filter abnormal records and choose the
aforementioned motion features.
1) Interval i between two consecutive GPS points pi and
pi+1 is examined, i.e., i = ti+1 − ti . If i ≥ 20 min,
the features of point pi are not calculated but replicated
from its previous one pi−1 directly.
2) We check the proceeded features and filter out the
points whose speed or acceleration exceeds the realistic
range of their transportation mode. The GPS points with
abnormal geographic location are also discarded.
3) For the labeled trajectory, the segments with less than
ten GPS points are abandoned. The remaining points
are concatenated as new trajectories in a chronological
order.
Then, the treated trajectories are partitioned into fragments
with length 2048 (i.e., L = 2048), which is the average length
2 https://www.microsoft.com/en-us/research/project/geolife-building-socialnetworks-using-human-location-history/

of three transportation modes. Each GPS point is denoted by
a 4-D tuple (i.e., K = 4).
In Fig. 3, we demonstrate the distribution of chosen motion
features with respect to five transportation modes after zscore transformation. For a particular motion feature, the
transformation can be formulated as
x−μ
z=
(6)
σ
where x is a raw value, z is its standard score, and μ and
σ are the mean and standard deviation of the population,
respectively.
IV. P ROPOSED M ETHODOLOGY
In this section, we elaborate on the proposed approach of
end-to-end TMD. The proposed SEED architecture is illustrated in Fig. 4. An encoder-decoder network is used as the
backbone, and a similarity entropy-based module is utilized
to exploit the unlabeled data. When inferring, we harness
a heuristic post-processing method to overcome the jitter
problem.
A. Encoder-Decoder Backbone
The proposed model adopts an encoder and a corresponding
decoder as a backbone, followed by a point-wise classification layer. A shortcut operation is used to model the
correlations between shallow and deep features when restoring input size. The batch normalization layers are applied to
each feature map. First, the encoder module is used to extract
hierarchical features. Then, the decoder module is established
to predict a point-wise probabilistic map according to the
context-awareness features.
The encoder network is composed of four convolutional layers to implement feature extraction from motion characteristics
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Fig. 4. Architecture of the proposed semi-supervised model, which is composed of a encoder-decoder backbone and a similarity entropy-based module.
{XL , Y} is the set of labeled samples and {XU } is the unlabeled set. The term “unlabeled predictions” means the hidden predictions of the encoder with the
unlabeled input. The entropy module uses the unlabeled samples to calculate point-wise similarity with the prototypes, and sharpens the similarity distribution
between the unlabeled predictions and all prototypes, aiming to make the former close to one prototype only while keeping away from others.

of GPS points. For each convolutional layer, we apply the
max-pooling operation to enlarge the receptive fields and adopt
the exponential linear unit (ELU) as activation. The transposed
convolutional layers are used as a decoder. Hence, there are
also four layers that are responsible for restoring input size
from the generated feature maps and yielding multichannel
prediction. The last output layer is activated by softmax to
calculate the probabilities of predicted labels.
The supervised loss Ll is a negative log-likelihood term
among the predictions and corresponding point-wise ground
truth for all labeled samples. Specifically, for a sample {xl , y}
from the labeled data set {XL , Y}, we can get the loss
Ll = −

C


yi log p(yi |xl ; we , wd )

(7)

i=1

where we and wd stand for the parameters of the encoder
and decoder, respectively, y is the one-hot encoding for C
categories, and p(·) is the predicted probability.
B. Similarity-Based Entropy for Semi-Supervised Learning
Entropy regularity was introduced to measure the overlap
of categories in [15], which is related to the hypothesis of
low-density separation in semi-supervised learning. The unlabeled trajectory can provide us with rich information regarding
their similarity to labeled data. The entropy module is illustrated in Fig. 4. First, when inputting labeled data, the features
H ∈ Rh×d in the last hidden layer of the encoder network are
predicted, where h is the number of features and d is their
dimension. Then, the K-Means algorithm is adopted to cluster
prototypes for each class as the embedding representations.
Hence, the dimension of each prototype is also of size d. In
this stage, the ground truth is subsampled to match the size of
h. When unlabeled samples are input, the score si is calculated

to represent the similarity between the hidden predictions with
the unlabeled input (termed as “unlabeled predictions”) and the
prototype zi , i.e.,
F(xu ; we ), zi 
(8)
si =
F(xu ; we ) × zi 
where si stands for the cosine similarity between the unlabeled
predictions of encoder and the ith prototype vector zi , and
F(xu ; we ) means the unlabeled predictions with input xu from
the unlabeled data set {XU }, ,  and · represent the inner
product and the vector norm operations, respectively. The principle of entropy regularization for s is to sharpen the similarity
distribution between the unlabeled predictions and all the prototypes, resulting in the unsupervised loss term. Namely, the
regularizer penalizes the low-confidence predictions to make
them close to one prototype only while staying away from
others. The unsupervised loss Lu is
Lu = −p(s|xu ; we , z) log p(s|xu ; we , z)

(9)

where we is the parameters of the encoder and p(·) represents
the similarity distribution between the unlabeled predictions
and all prototypes.
C. Training and Inference
Total loss LOSS is the summation of supervised loss Ll and
unsupervised losses Lu , i.e.,
LOSS = Ll + λ × Lu

(10)

where λ is the weight of the unsupervised loss term. The training process is illustrated in Algorithm 1. We first pretrain a
model using the labeled data and obtain the hidden predictions
of encoder H. Then, the K-Means algorithm is conducted to
cluster the point-wise features and gather K embedding representations (i.e., prototypes) for each transportation mode.
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Algorithm 1: Simplified Process for the Proposed SEED
Model
Inputs: The number of prototypes for each class: K;
Weight: λ; Max training epochs: T1 , T2 ;
Learning rate: α1 , α2 ; Training data:
D = {(xl , y)}l∈L ∪ {(xu , −1)}u∈U .
Outputs: The weights we and wd
1
2
3
4

Initialize encoder and decoder weights we , wd arbitrarily;
for t = 1 to T1 do
p(y|xl ; we , wd ) ← softmax F(xl ; we , wd );
L←

C 

−yi log p(yi |xl ; we , wd );
i=1

6
7
8
9

10

11
12
13
14

15

we ← we − α1 ∇we L;
wd ← wd − α1 ∇wd L;
## Group K × C prototypes

Output the hidden predictions for labeled data xl
assigned by encoder: H ← F(xl ; we );
Cluster K prototypes on each class from H:
z ← [z1 , z2 , . . . , zK×C ];
## Fine-tuning

for t = T1 to T1 + T2 do
p(y|xl ; we , wd ) ← softmax F(xl ; we , wd );
F(xu ; we ), zi 
;
p(s|xu ; we , z) ← softmax
F(xu ; we ) × zi 
Negetive Log-Likelihood loss term

C

−yi log p(yi |xl ; we , wd ) ) + λ ×
L←
i=1
K×C
 

Similarity entropy-based loss term

−p(si |xu ; we , z) log p(si |xu ; we , z);

i=1

16
17

V. E XPERIMENTAL R ESULTS AND A NALYSIS
In this section, we provide the performance of our proposed
method and analyze the numerical results compared with
commonly used models.

## Pre-training

Negetive Log-Likelihood loss

5

automatically output the transportation mode regarding each
point.

we ← we − α2 ∇we L;
Return we , wd

A total of K × C prototypes are obtained when there are C
categories. Finally, we employ all the labeled and unlabeled
data to optimize the LOSS with a smaller learning rate, aiming to make the unlabeled predictions from encoder F(xu ; we )
close to one prototype only.
In the inference stage, to alleviate the jitter problem in
which the prediction of a particular point is different from
its neighbors, we leverage a majority-voting algorithm [17]
for post-processing to smooth the model’s predictions. It
works by traversing all the output through a sliding window
with size M, and the final prediction of point pi is adjusted
to follow the majority of predicted labels in the window
[pi−(M/2) , pi−(M/2)+1 , . . . , pi+(M/2) ], where M is the voting
scope.
In practice, the trained semi-supervised model can be
directly applied to infer the mode for each trajectory point.
Specifically, when the GPS trajectories are obtained, the
four features (i.e., distance, speed, acceleration, and bearing rate) can be calculated according to the relative distance
and time interval in trajectories. Then every 2048 points are
regarded as input into the trained model, and the model will

A. Experimental Setup
In the experiment, 50% of a specific data set is used for
training, 30% of data is used as unlabeled samples, and
the remaining 20% is used for testing. The twofold cross
validation is also carried out. The hyper-parameters are as
follows.
1) The size of voting scope: M = 100.
2) The weight of the unsupervised term: λ = 0.4.
3) The number of pretraining epochs: T1 = 200.
4) The number of fine-tuning epochs: T2 = 50.
5) The number of prototypes for each class: K = 20.
The neural networks are all implemented using Pytorch and
optimized by the Adam method. All experiments are conducted on a workstation with an Intel Core E5-2620 CPU and
a 12-GB Nvidia GeForce GTX Titan Xp Graphics Card.
The performance metrics for evaluation are as follows.
1) Accuracy by length
N
Rj , if ŷj = yj
j=0 Vj
, Vj =
(11)
AL = N
0,
else
i=0 Ri
where N stands for the total number of GPS points, Rj
represents the relative distance feature of the jth point
pj , and ŷj and yj are the predicted and true label of pj ,
respectively.
2) Accuracy by duration
N
j , if ŷj = yj
j=0 Wj
(12)
, Wj =
AD = N
0, else
i
i=0

where j is the time interval between pj and its successive point pj+1 .
3) Intersection over Union (IoU) across each class
TP
IoU =
(13)
TP + FP + FN
where TP , FP , and FN are the true positive, false positive, and false negative points, respectively.
4) Precision
TP
.
(14)
Precision =
TP + TN
5) Recall
TP
Recall =
.
(15)
TP + FN
6) Mean IoU (IoU)
IoU =

C
1
IoUn
C

(16)

n=1

where C represents the number of classes.
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TABLE II
P ERFORMANCE OF S UPERVISED AND S EMI -S UPERVISED M ODELS

B. Benchmarks
To illustrate the advantages of our approach, we compare
the proposed model with two-stage methods based on the DT
algorithm, which are the same as that in [14].
1) Same-Length-Based DT (SLDT): First, GPS trajectories
are partitioned into several segments, and each segment
has the same length after being partitioned. Then, the
C4.5 DT is used to infer the mode of each segment.
2) Same-Duration-Based DT (SDDT): The segments are of
the same duration instead of the same length while other
steps remain the same as model 1). Additionally, we also
conduct four competitive end-to-end models:
3) CNN: The model has six CNN layer.
4) SECA [21]: The model has six CNN layers, and follows the autoencoder framework for semi-supervised
learning;
5) Pseudo Label [21]: The model has six CNN layers,
and uses the self-training strategy for semi-supervised
learning;
6) Ensemble CNN [17]: The model ensembles six CNN
submodels and uses majority voting strategy for supervised learning.
7) BiLSTM CNN: The model has one-layer bidirectional
LSTM module and a CNN layer;
8) ResNet With 8-Times Up Sampling [ResNet-Up(8×)]:
The 1-D “ResNet18” [54] is taken as a backbone
to capture hierarchical correlations and the predictions
are generated by a 8-times upsampling layer with the
“nearest” interpolation.
It should be noted that the benchmarking models 4–6 are originally proposed for the segment-level inference, which can not
process the point-level input. So we partition GPS trajectories into several segments. Each segment has the same length
and is assigned with the majority class as a label after being
partitioned.

C. Performance
First, we validate the superiority of our proposed semisupervised model over its peers. With varying amounts of
labeled data, we build the supervised and semi-supervised

TABLE III
P ERFORMANCE OF D IFFERENT M ODELS

models separately, and then evaluate them on the same
test set. Table II provides the evaluated results between the
supervised-only and semi-supervised algorithms. The best
performance is shown in bold. With 25% labeled data, our
semi-supervised model demonstrates slight improvement. As
the labeled data increases, the proposed method has a more
significant enhancement, especially in the IoU of “Drive”
class. The average improvement among all the performance
metrics is calculated in the last row in Table II. Our semisupervised model increases the IoU of “Drive” by +5.1%
maximally and reduces 0.4% in “Bike.” Table III exhibits the
comprehensive performance between SEED and its competitive methods. It can be seen that the end-to-end manners outperform the two-stage models generally. The Ensemble-CNN
outperforms all the benchmarks and achieves 7% improvement
against the CNN model. Compared with the Ensemble-CNN,
the improvement of our method is encouraging (+5.1%) on
Recall metric. The remaining metrics of the proposed model
are also increased by 1.5%–4.0%. These indicate that SEED
works well for end-to-end point-wise mode detection.
Fig. 5 illustrates the precision and recall of compared models
under different proportion of labeled data, i.e., 25%, 50%, 75%,
and 100%. Compared with the two semi-supervised methods

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on June 15,2022 at 07:54:41 UTC from IEEE Xplore. Restrictions apply.

7850

Fig. 5. Precision and recall of compared models under different proportion
of labeled data. (a) Results of precision with 25%, 50%, 75%, and 100%
of labeled data, respectively. (b) Results of recall with 25%, 50%, 75%, and
100% of labeled data, respectively.
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Fig. 7. Percent stacked bars for the point-wise prediction. The horizontal
axis indicates the ground-truth transportation modes, while the vertical axis
represents the proportion of predicted labels in the ground truth.
TABLE IV
A BLATION E XPERIMENT A L R ESULTS ON THE P OST-P ROCESSING
AND S IMILARTY E NTROPY-BASED C OMPONENTS

Fig. 6. 2-D t-SNE embedding representations of the hidden features predicted
by the encoder.

SECA and pseudo-label models, our proposed model gains
remarkable performance across all metrics. When the labeled
data is with a small proportion (25%), the performance of our
model does not surpass its three peers. The reason may be
that there are so little labeled data that the clustered prototypes
becomes biased, resulting in unimpressive performance.
Then, we illustrate the hidden predictions H of the encoder
after dimension reduction by t-SNE [55] in Fig. 6, where the
blue triangles represent the clustered class-wise prototypes. In
the experiment, we find that the model works well when setting
K = 20, namely, there are total 100 prototypes since C = 5.
From the embedding representations, the hidden features for
“Walk” (red dots), “Bike” (purple dots), and “Railway” (brown
dots) are all with promising discrimination. However, the
decision boundary between classes “Bus” (orange dots) and
“Drive” (green dots) is ambiguous. This may be since they are
both motorized and therefore the similar motion characteristics arise, leading to difficulties for the model to distinguish
the two modes. Such a phenomenon also affects the follow-up
analysis of the predicted results. Fig. 7 displays the percent
stacked bars, in which the horizontal axis indicates the groundtruth transportation modes and the vertical axis represents the
proportion of predicted classes in the ground truth. The color
of each rectangle corresponds to the predicted labels, whose
length is determined by the corresponding occupancy in the
total result across the class. It can be seen that about 20% of
“Drive” GPS points are predicted as “Bus,” while about 10%

and 15% of “Bus” GPS points are predicted as “Drive” and
“Walk,” respectively. “Walk” gets a higher precision (90%),
but it also accounts for a large occupancy in other classes,
indicating that the model prefers to classify the GPS points as
“Walk” mode.
D. Ablation Study
Since SEED contains semi-supervised and post-processing
modules, we perform the following ablation experiments to
provide insights into these two components of the proposed
objective function specifically.
1) w/o SE: A model without similarity entropy-based (SE)
component, namely, the supervised learning-only model.
2) with GE: Replacing the similarity entropy-based component by a generalized-entropy (GE) loss.
3) w/o PP: A model without majority-voting postprocessing component.
Their performance is summarized in Table IV. The model
without post-processing (w/o PP) component causes the
largest degradation (−2.9% ∼ −5.1%), which proves that
the post-processing method is most crucial. The model with
the GE module (with GE) demonstrates worse results (about
−0.2% ∼ −1.3% degradation) than the proposed method and
even becomes inferior to the supervised-only model (w/o SE),
which indicates that the GE component may hurt the model
and the proposed similarity entropy-based module is effective.
VI. C ONCLUSION
With the proliferation of IoT devices, extensive digital
traces have been collected and become valuable sources for
understanding human behavior. In this article, we propose a
semi-supervised learning approach to identify transportation
modes from individual GPS trajectories. Contrast to previous
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studies, we reframe a two-stage detection pipeline to an end-toend manner and exploit unlabeled data to improve the model’s
generalization ability. The proposed approach convincingly
outperforms benchmarks which include typical two-stage and
other end-to-end methods. Moreover, the effectiveness of the
similarity entropy-based module is verified by ablation experiments. The semi-supervised learning model can also be used
in other off-line sequential classification tasks, such as trip
purpose identification or signal analysis.
The limitation of our method is that the proposed model can
only handle fixed-length input. Additionally, the model tends
to make more predictions about the “Walk” mode, and needs to
be strengthened for the recognition between “Bus” and “Drive”
modes. Therefore, efforts should be made to further employ the
free-length input and take advantage of the road network for
better discrimination during mode detection. Considering the
motion features may vary from person to person, the difference
among individuals is also worthy to be discovered. These may
provide novel insights to tackle the issues.
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