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ABSTRACT
Recognizing the crossing behavior of non-motorized traffic at intersections is crucial
for urban transportation safety and efficiency. However, traditional methods often over-
look environmental context, while deep learning approaches require extensive labeled
data. To address these limitations, we propose an unsupervised learning framework that
infers waiting and passing behaviors by combining motion features with spatio-temporal
semantic context. Our model employs a convolutional autoencoder with an integrated
clustering layer, trained through a joint optimization of reconstruction, clustering, and
K-neighborhood contrastive losses. Experimental results show our framework outper-
forms other unsupervised methods. Notably, incorporating semantic features improves
clustering accuracy from 87.3% to 91.3%, validating the effectiveness of our approach in
capturing complex behavior.
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1. Introduction

In urban transportation systems, intersections are critical convergencepointswhere traffic flowsmeet, andvar-
ious traffic participants frequently interact. Non-motorized transport participants, including pedestrians and
non-motorized vehicles, are more vulnerable to fatal and severe injuries in road crashes, compared to vehi-
cle occupants. Recognizing their crossing behaviors is, therefore, essential for improving traffic efficiency and
ensuring safety (Hasain and Ahmed 2024; Malenje et al. 2018; Xin et al. 2022; Zhang and Berger 2023). This
paper aims to infer waiting and passing behaviors of non-motorized transport participants, which is particu-
larly challenging due to factors such as the high density and overlapping nature of trajectories during peak
hours, and the subtle variations in movement patterns that distinguish waiting from passing (Korbmacher,
Dang, and Tordeux 2024).

End-to-end behavioral recognition through video and image is one of the most direct approaches for this
task. Thesemethods utilize continuous sequence of video frames as input and apply techniques such as action
recognition and deep learning to identify specific behaviors of objects within the images (Batchuluun et al.
2017; Dang et al. 2024; Hu et al. 2023). Moreover, some approaches focus on group behavior recognition, but
they primarily emphasize macroscopic features such as changes in density and movement direction within
the group (Thilakarathne et al. 2024). However, these video-based methods often struggle in crowded envi-
ronments due to occlusions, require clear action features for accurate recognition, and their deployment can
be limited by camera coverage, infrastructure costs, varying environmental conditions (e.g. lighting, weather),
andpotential privacy concerns (Buch, Velastin, andOrwell 2011;Dupuis, Subirats, andVasseur 2016). These lim-
itations highlight the need for complementary approaches, particularly for large-scale analysis across diverse
urban settings.

Consequently, another approach, leveraging the increasing availability and precision of Global Position-
ing System (GPS) data, focuses on analyzing trajectories (Bian et al. 2019). Indeed, trajectory data analysis
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has become a vibrant research area, providing foundational insights for a range of advanced applications.
These include sophisticated behavioral modeling using techniques like inverse reinforcement learning (Liu,
Alsaleh, and Sayed 2024), predictive modeling of humanmobility with probabilistic models (Chen et al. 2024).
Historically, micro-behavior analysis using GPS was challenging due to accuracy limitations and difficulties
in data collection for non-motorized transport. While contemporary GPS data offers significant advantages
in terms of broader spatial–temporal coverage, scalability for large populations, and relative insensitivity to
visual obstructions compared to video methods, it inherently lacks the rich visual context and suffers from
lower spatial precision, especially in dense urban environments (Zandbergen 2009; Zheng et al. 2008). Despite
these challenges, GPS trajectory data, comprising ordered time-stamped latitude-longitude pairs reflecting
movement characteristics, hasbecomeaprimary input forbehavior recognition. Traditionalmethodsoftenuti-
lize raw trajectory features for behavior classification, employing techniques like direct clustering or machine
learning models such as decision trees (DT), support vector machines (SVM) (Stenneth et al. 2011; Sun and
Ban 2013; Xiao, Juan, and Zhang 2015). However, these methods heavily rely on the manual feature construc-
tion effects and are susceptible to GPS measurement errors as well as traffic and environmental conditions
(Zheng et al. 2008). In recent years, deep learning has been widely used in trajectory data mining and traf-
fic behavior recognition (Ahmed et al. 2025; Chen et al. 2023; Ismaeel et al. 2023; Yi et al. 2024). Through
automatic feature extraction, deep learning methods effectively overcome the dependence on manual fea-
ture construction of traditional methods, and improve the robustness and accuracy of models (Noor and
Ige 2024). In the field of traffic pattern recognition, researchers have applied deep learning models to pro-
cess large-scale trajectory data, solving problems such as low efficiency and poor accuracy. For example,
the researchers proposed a semi-supervised learning method based on Long Short-Term Memory (LSTM)
autoencoder, which can achieve high-precision detection of traffic patterns usingminimal labeled data, which
achieved good results (Sadeghian et al. 2024). In addition, other deep networks like recurrent neural network
(RNN) (Simoncini et al. 2018) and convolutional neural network (CNN) (Wang et al. 2017), were also widely
used for trajectory data mining. However, despite the progress of deep learning methods in traffic pattern
recognition, their application still faces challenges. Model training relies on a large amount of labeled data and
may be affected by data noise and environmental changes when dealing with complex traffic environments
(Hu et al. 2022).

To address these challenges, unsupervised deep learning has emerged as a promising solution. Unlike
supervised methods, unsupervised deep learning does not require labeled samples, instead embedding orig-
inal features into complex, nonlinear spatio-temporal relationships. Autoencoders, in particular, are favored
for their simplicity and strong performance (Graser et al. 2024). However, traditional autoencoders primarily
focus on minimizing the reconstruction error between input and output data, which does not guarantee that
embedding representation is conducive to clustering (Song et al. 2013). To improve this, much of the litera-
ture has optimized autoencoders for clustering tasks. For instance, some studies pre-train a autoencoder on
the input data and then cluster the low-dimensional learning embeddings by optimizing the clustering loss.
(Yang, Parikh, and Batra 2016) applied agglomerative clustering to the features learned by the autoencoder.
While (Xie, Girshick, and Farhadi 2016) first pre-trains a denoising autoencoder and then replaces the decoder
with a custom clustering layer. Recent approaches have achieved better results by jointly optimizing the clus-
tering and the autoencoder reconstruction loss. (Guo et al. 2017) retained the decoder to reduce feature space
distortion, while DeepCluster (Caron et al. 2019) iteratively groups the outputs of a neural network using K-
Means (KM) and sets the resulting clustering assignments as training labels to update its parameters. These
methods, which have shown success with image and text data, inspire new approaches for trajectory-based
street-crossing behavior recognition.

More recently, contrastive clustering methods have achieved notable success in unsupervised image clas-
sification by leveraging individual similarity (Dang et al. 2021; Li et al. 2020). While typically used in image
domains where significant differences between classes are required, this paper addresses a binary classifica-
tion problem, where class differences are minimal. However, the idea of individual similarity can still improve
clustering accuracy and generalization by incorporating relational information during clustering (Dang et al.
2021; Xu et al. 2022).

In this paper, we present Deep Embedded Contrastive Clustering (DECC) framework for waiting and pass-
ing behavior recognition using GPS trajectories. First, we pre-train a deep convolutional autoencoder (CAE)
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on fixed-size trajectory segments. A clustering layer is then attached to the embedding layer of the CAE,
with clustering centers maintained as trainable weights. To preserve the local structure of the sample space,
we introduce a K-neighborhood contrastive loss. Finally, we fine-tune the clustering model by balancing
reconstruction, clustering and contrastive losses, encouraging cluster-friendly input data representations. To
further enhance model performance, we design semantic features for intersection scenes, in addition to the
commonly used motion features. The contributions of our approach are as follows:

(1) We propose the DECC model for recognizing non-motorized transport’s wait and pass behavior. This
unsupervised framework is capable of training a deep network without the need for labeled data and
demonstrates superior performance in behavior identification compared to baseline models.

(2) We design semantic features to describe the influence of traffic organization and signal control on
behavior. By incorporating spatial and temporal semantic features, we diversify the input features, which
effectively improves model accuracy.

(3) We introduce a K-neighborhood sample contrastive loss to facilitate model training. This loss function
helps preserve the local structure of the embedded space and reduces the risk of overfitting.

The rest of the paper is organized as follows. After reviewing the related work in Section 2, we present our
framework in detail in Section 3, including trajectory segmentation, input features computation, the structure
of the model, and loss function design. In Section 4, we evaluate our proposed model architecture on a real
trajectorydataset. Section4 also compares our resultswith classical clustering algorithmsandprevious studies.
Finally, we summarize the paper in Section 5.

2. Related works

2.1. Behavior recognition based on GPS trajectory

With the increasing popularity of GPS, studies leveraging GPS data, such as trajectory prediction and activity
recognition (Sadeghian et al. 2025; Sadeghian, Håkansson, and Zhao 2021), have garnered significant atten-
tion in recent years. The recognition of wait-or-pass behaviors studied in this paper is a subset of activity
recognition, both of which aim to distinguish different behaviors from trajectories.

Todevelopamodel capableof extractingvaluable knowledge fromavailableGPSdata, early researchefforts
heavily relied on the intuition of transforming raw trajectory data into a suitable form for training machine
learning models. (Zheng et al. 2010) proposed a method for estimating transportation behavior using only
GPS trajectories. They described a method to segment GPS trajectories by detecting change points in trans-
portation behaviors based on speed and acceleration. A classifier was then used to estimate the transportation
behavior from the features of the road segments.

Earlier, (Zheng et al. 2008) had first proposed fundamental features like distance traveled, speed, and accel-
eration. Building on this work, subsequent studies explored various approaches. For example, (Xiao, Juan,
and Zhang 2015) utilized Bayesian networks, (Zheng et al. 2008) used decision trees (DT), (Stenneth et al.
2011) applied random forests, and (Sun and Ban 2013) employed support vector machines (SVM). Moreover,
(Sadeghian et al. 2022) proposed a stepwise methodology for transport mode detection in GPS tracking data
through the use of multiple supervised methods.

Compared to traditionalmanual features, deep neural networks can automatically extract effective features
from raw images. In fact, supervised learning with deep features has been shown to perform well in recogni-
tion and prediction (Chen et al. 2023; Ismaeel et al. 2023; Yi et al. 2024). In their study, (Endo andHiroyuki 2016)
used a fully connected deep neural network (DNN) to automatically extract deep features and classify trajec-
tories based on transportation behavior. The core idea of their work is to convert GPS trajectories into a 2D
image structure that serves as an input to the DNNmodel. (Dabiri and Heaslip 2018) designed trajectory data
as input for a convolutional network (CNN), utilizing CNN to predict travel patterns based solely on raw GPS
trajectories. Based on a small amount of trajectory data, (Xin et al. 2022) used a gradient booster regression
tree to investigate the wait-or-go (WOG) behavior of pedestrians. Most of these methods are supervised and
rely on labeled data for training. Recently, there has been a growing interest in applying unsupervised deep
clustering methods across various fields.
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Figure 1. Mainstream unsupervised deep clustering methods.

2.2. Mainstream unsupervised deep clustering

Mainstream unsupervised deep clustering approaches are broadly classified into two categories:(i) two-stage
method that apply clustering after learning the representations, and (ii) combined method that co-optimize
feature learning and clustering.

As shown in Figure 1a, the two-stage methods directly leverage unsupervised deep learning frameworks
to learn embedded feature representations prior to clustering. For example, (Tian et al. 2014) used an autoen-
coder to learn the low-dimensional features of the original graph, and then run the KM algorithm to obtain the
clustering results. (Jiang et al. 2017) employed a variational autoencoder to generate embeddings of the input
data, following with a clustering algorithm to group the data points based on the learned representations.
(Wang et al. 2017) proposed a marginalized graph convolutional network that corrupts node content to learn
graph feature representations, and then spectral clustering algorithm is used for graph clustering.

Combined methods attempt to explicitly model the classification error during the embedding learning, as
shown in Figure 1b. Influential early works in this area include Deep Embedded Clustering (DEC) by (Xie, Gir-
shick, and Farhadi 2016), which leverages deep neural networks to map data to a lower-dimensional feature
space and uses a key clustering loss to enhance themodel’s ability to group similar samples. Another example
is DeepCluster by (Caron et al. 2019), which iteratively clusters network-extracted features using K-Means and
uses the resulting assignments as pseudo-labels for network training, pioneering the joint learning of features
and clusterings. However, DEC discards the decoder after pre-training, causing the model to lose guidance
from reconstruction losses in subsequent fine-tuning. This can lead to distortion of the feature space, which
can impair clustering performance. To deal with this issue, (Guo et al. 2017) proposed Improved Deep Embed-
ded Clustering (IDEC), which retains the autoencoder structure throughout training and improves results by
explicitly preserving the local structure of the data through the joint optimization of a reconstruction loss and
the clustering loss.

The combined method, particularly IDEC-like frameworks that integrate feature learning (e.g. via autoen-
coders) with a direct clustering objective, has shown considerable promise. For instance, (Markos and Yu
2020) successfully applied an IDEC-like structure for clustering GPS trajectory data into transportation modes.
Our proposed DECC framework also adopts this combined approach, leveraging a Convolutional Autoen-
coder for representation learning and a KL divergence-based clustering loss, similar to IDEC. However, many
such combined methods, including the aforementioned application by (Markos and Yu 2020) and the orig-
inal IDEC, primarily consider overall differences between clusters (i.e. point-to-centroid relationships) while
potentially neglecting the finer-grained variations and distributions of samples within clusters and the explicit
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relationships between individual samples. This limitation underscores the need for alternative or supple-
mentary mechanisms, such as contrastive learning, which aim to capture both inter-cluster distinctions and
intra-cluster sample variability. Addressing this, a key innovation in our DECC approach is the integration of
a K-neighborhood contrastive loss. This component, further detailed in Section 2.3 and Section 3.2.2, explic-
itly leverages instance-level relationships. It encourages the learned embeddings of an anchor sample to be
closer to its K-nearest neighbors inferred to be from the same class and further from samples of different
classes. ThismechanismallowsDECC to capture local structuremore effectively andenhanceboth intra-cluster
compactness and inter-cluster separability, which is particularly beneficial for distinguishing the often subtle
differences in trajectory-basedbehaviors. The following subsection examines the advancements in contrastive
learning and its potential for addressing these challenges in clustering.

2.3. Contrastive learning using in clustering

Contrastive Learning (CL) is an unsupervised learning method that learns general features of a data set by
instructing themodel to recognize similarities or differences between samples (Chen et al. 2020; He et al. 2020).
The core idea of this method is to learn meaningful feature representations without labeling by comparing
pairs of samples in away thatbrings similar samples as close together aspossible andpushesdissimilar samples
as far away as possible. It was widely used in clustering, known as Contrastive Clustering (CC).

The most classical approach is Contrastive Clustering (Li et al. 2020), which started with labels as repre-
sentations and performs contrastive clustering at the instance level and at the cluster level. Similarly, Double
Contrastive Deep Clustering (DCDC) (Dang et al. 2021) constructed contrastive loss from both sample view
and class view, which allowed learning more discriminative representations. This method relied on the sim-
ilarity between the original features of the image to achieve automatic clustering, which required high data
requirements and sufficiently large differences between different classes.

SCAN (Van Gansbeke et al. 2020) integrated semantically meaningful nearest neighbors as a prior into a
learnable clusteringmethod that classifies each image and its nearest neighbors together. Unlike SCAN, Near-
est Neighbor Matching (NNM) (Dang et al. 2021) matched nearest neighbors from the perspective of local
and global information, respectively. Nearest Neighbor Comparison Clustering (NNCC) (Xu et al. 2022) com-
bined comparison learning with neighbor relation mining, which was alternately updated during the training
process. The introduction of the K-neighborhood strategy enabled these methods to make better use of the
information of the neighboring samples to aggregate similar samples, which effectively reduced themethod’s
dependence on the underlying features.

3. Deep clusteringmodel for behavior recognition

In this section, we begin by performing trajectory segmentation and feature extraction to obtain normalized
model inputs with fixed length, each representing a single behavior. Next, we describe the CAE framework
and its associated loss function. Finally, we outline the structure of the clustering layer within the framework,
integrating clustering loss, contrastive loss, and reconstruction loss to develop a comprehensive clustering
model. The basic architecture for crossing behavior identification is shown in Figure 2.

3.1. Trajectory segmentation and features extraction

3.1.1. Trajectory segmentation
The original trajectory represents the complete travel process of an object and may encompass multiple
behaviors. To obtain consistent behavior within sub-trajectory segments, we first perform trajectory segmen-
tation. While trip segmentation is crucial in the absence of labels, it is not the focus of this study. Therefore,
we employ an existing method for segmentation. (Izakian, Saadi Mesgari, and Weibel 2020) receives multiple
motion features as input and is able to efficiently deal with noisy trajectories, which is useful in several applica-
tion scenarios. It is pertinent tonote that our study focuses on the analysis of trajectories at intersections,where
the recognition of behaviors is inherently challenging due to the inherent limitations of GPS accuracy and the
complex interactions between objects. The discrepancies in features between the segmented sub-trajectories
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Figure 2. Basic architecture of our method.

are not readily apparent, necessitating the use of a deep clusteringmethod to effectivelymine and classify the
underlying features.

The sub-trajectories resulting fromsegmentation vary significantly inboth thenumberof points and length.
However, our DECC requires the input with a shape of (1, nP, nF), where nP represents the number of points
per segment and nF denotes the number of features per point. In this paper, we set nP to 64, which guarantees
that the sub-trajectory is longer than 1 s, and adapts to the input size of the convolutional network (Dabiri
and Heaslip 2018). Consequently, we divide every segment into 64-unit blocks without overlap, discarding
any segments with fewer than 64 GPS points. This specific length, corresponding to a time span of 1.28 s at our
data’s sampling rate, was chosen based on a comprehensive sensitivity analysis detailed in Section 4.3.3. As
shown in that section, this value provides an optimal balance between capturing sufficient behavioral context
and avoiding the inclusion of mixed behaviors within a single segment.

3.1.2. Motion features
Latitude, longitude and time are the basic properties of GPS point, and used to characterize the motion fea-
tures. However, using latitude and longitude pairs as features directly to train a clustering model can be
problematic. Intuitively, the clustering model must be retrained whenever the user moves to a location that
the model has not seen before (Markos and Yu 2020). Therefore, the advanced features should be designed
to describe trajectories. Commonly used motion features in trajectory-based behavior recognition studies
include velocity, acceleration, direction, and angle difference (Graser et al. 2024). However, the limited spatial
extent of intersections and the accuracy of collected trajectories present challenges for reliable acceleration
computation. Additionally, angle difference proves more effective than directional features at intersections
with multiple travel directions. Given these considerations, this study adopts velocity and angle difference as
the primary motion features.

We are concerned with waiting and passing behaviors, among which speed is a key feature for differen-
tiation. To calculate speed, we use Vincenty’s formula to determine the geographic distance between two
subsequent GPS points, P1 and P2. Denoting the time difference between P1 and P2 as �t (in seconds), the
speed (in meters per second, m/s) is calculated as follows:

Sp1 = Vincenty(P1, P2)
�t

(1)

Since people walking or bicycling have the ability to change direction frequently (Zheng et al. 2008), we use
the angular difference of the trajectory points as one of the motion characteristics. The angle between the
trajectorypoint direction and the referencedirection (usually truenorth) is definedasAzimuth, and theangular
difference is calculated as follows:

Ap1 = |Azimuth(P2) − Azimuth(P1)| (2)

It is demonstrated that stationary individuals have higher localized densities compared to when they are in
motion (Mullick et al. 2022). Therefore, we involve density as one of the motion features in the subsequent
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analysis, calculated as follows:

Np1 = Neighbour(P1, R)
Area(P1, R)

(3)

where R represents the statistical radius, Neighbour(P, R) denotes the number of p neighboring GPS points
exclusively from the same trajectory segment, andArea(P, R) refers to the size of areawithin radius R of point P.

While motion features capture the dynamics of movement, the choice of input features critically influences
model performance. Research in trajectory analysis has shown that supplementingmotion data with relevant
external features can lead to significant improvements (Wang et al. 2025). Therefore, to better capture the
context of crossing behaviors, we introduce spatial and temporal semantic features.

3.1.3. Semantic features
The behavior of non-motorized transport at intersections is influenced by traffic organization and signal con-
trol plan. For instance, pedestrians and non-motorized vehicles are significantlymore likely towait at red lights
than to pass. To better understand and reflect these patterns, we introduce spatial semantic features, which
assess stopping behavior based on proximity to safety islands, and temporal semantic features, which eval-
uate stopping behavior in relation to the red phase of traffic signals. These features enhance our ability to
recognition non-motorized transport behavior at intersections.

3.1.3.1. Spatial semantic feature. In this paper, spatial semantic feature is used to quantify the likelihood of
waiting behavior for non-motorized transport at intersections, based on their distance to safety islands. Com-
monly, pedestrians and non-motorized vehicles display distinct behaviors at safety islands and crosswalks:
safety islands function as designated waiting areas, while crosswalks are meant for passing through. Conse-
quently, pedestrians and non-motorized vehicles are more likely to remain stationary at safety islands than at
crosswalks.

To model this pattern, we employ the density function of the Generalized Gaussian Distribution (GGD),
which encompasses a broader range of symmetric probability densities compared to the classical Gaussian
model. This flexibility allows for more accurate representation of real data distributions. Specifically, com-
pared to a standard Gaussian, the GGD’s shape parameter provides greater flexibility to model different types
of human behavior, such as the sharper, more concentrated stopping patterns observed near safety islands,
which may not be perfectly captured by a standard Gaussian curve. The GGD function is defined as follows:

Ki(x) = e
− (x−ui)

2

σ2i (4)

where x denotes theprojected coordinates of the trajectory point, andui denotes the coordinates of the center
of the safety island i. The parameter σi influences the shape of the curve, with a smaller value of |x − ui| result-
ing in a larger value of Ki. This relationship is illustrated in Figure 3a, where K1(P1) > K1(P2). The parameter σi
is defined as σi = Li

2 , where Li is the radius of the safety island i. A decrease in the radius Li leads to amore con-
centrated stationing behavior, thereby increasing the value of Ki. As depicted in Figure 3a, it can be observed
that K1(P1) > K2(P3). The choice of

Li
2 ensures that Ki captures themajority of the stationing probability within

the radius of the safety island Li, thereby encompassing the most likely stationing locations.

3.1.3.2. Temporal semantic feature. Temporal semantic feature is used to quantify the likelihood of wait-
ing behavior for non-motorized transport at intersections, based on their proximity to the red phase of traffic
signals. Signal control creates specific red light intervals during which pedestrians and non-motorized vehi-
cles must wait before crossing the street. With the exception of a few non-compliant individuals, the majority
of the population follows the rule of waiting during the red light and crossing the street during the green
light. To model this behavior, we utilize the Generalized Gaussian Distribution (GGD) density function, which
is expressed as follows:

Ti(t) = e
− (t−ti)

2

σ2i (5)

where t represents the moment of the trajectory point, ti denotes the moment corresponding to the center
of the red light phase. The parameter σi influences the behavior of the function, with a smaller value of |t − ti|
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Figure 3. Illustration of spatial and temporal semantic features usingGGD. (a) TheGGD curvemodels the likelihood ofwaiting
based on distance to a safety island center (ui); a point P1 closer to the center has a higher feature value than P2. (b) The GGD
curve models the likelihood of waiting based on time relative to the red light phase center (ti); a point P1 closer to the center
of the red phase has a higher feature value.

Figure 4. The overall architecture of our proposed unsupervised contrastive deep Learning framework, DECC.

resulting in a larger value of Ti. This relationship is illustrated in Figure 3b, where T1(P1) > T1(P2). The σi is
defined based on the duration of the red light phase, denoted as δi, and is set as σi = δi

2 .
Prior to being fed into the model, all input features are normalized to a range of [0, 1] to ensure stable

training.

3.2. DECC architecture

Our approach, depicted in Figure 4, comprises two co-trained components: the CAE and clustering layer.
The CAE uses a series of convolutional and transposed convolutional operations to extract key information

from the original features, which is known as feature embedding. Concurrently, the clustering layer attempts
to train a classification model that guides the feature embedding process based on the classification effect of
the features.

In the following sections, we will describe these two components in detail and present the proposed
objective function.
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3.2.1. Convolutional autoencoder
Convolutional Autoencoder (CAE) is a popular feature embedding framework. It processes data through a
convolutional layer that is able to reconstruct the input to extractmeaningful latent representations or embed-
dings that help themodel better understand the data features. In our paper, themotion and semantic features
from previous process are used as input of our CAE.

Specifically, our CAE is designed with a symmetric structure for both the encoder and the decoder, each
comprising three convolutional layers and one fully connected layer. The encoder initially extracts significant
features through three consecutive convolutional operations followed by max pooling. Subsequently, these
features are mapped into a low-dimensional space using the fully connected layer. The decoder, on the other
hand, performs inverse operations to restore the features through inverse convolution and upsampling. To
enhance training efficiency and stability, a batch normalization layer is appended after each convolutional
and inverse convolutional layer, except for the last one.

The filter sizes for all convolutional and maximum pooling layers are (1 × 3 × C) and (1 × 2 × C), respec-
tively. For each layer, C indicates the number of channels in the input volume of the layer. Using smaller
receptive fields reduces the number of parameters and mitigates the overfitting problem (Simonyan and Zis-
serman 2015). We multiply the number of channels of the model, which enables the network to learn a richer
representation of the features. This setup has often been used in previous research (Dabiri and Heaslip 2018).

During training, we try to minimize the reconstruction loss Lrec of the CAE, quantified as the mean square
error between the original input si and the reconstructed input ŝi:

Lrec = 1
n

n∑
i=1

(si − ŝi)
2 (6)

3.2.2. Clustering layer
The clustering layer of the CAE, as proposed by (Xie, Girshick, and Farhadi 2016), serves as a feature cluster-
ingmechanism attached to the embedding layer. The clustering layer obtains the feature representation from
the CAE and then classifies the features. The DECC model’s training, specifically for its clustering objective,
is guided by a combination of loss functions designed to improve cluster quality. This primarily involves the
clustering loss (Lclu), which is the KL divergence between predicted and target soft assignments, and is com-
plemented by a contrastive loss (Lcon) to enhance the separability of learned features. Together, these losses
steer the model towards forming distinct clusters.

This layer comprises trainable weights {μj}Cj=1, where C represents the number of desired clusters and μj

denotes the coordinates of the j-th center of mass. In this paper, we set C is set to 2 based on the number of
behaviors we are analyzing.

3.2.2.1. Clustering loss. The original clustering layer employs a clustering loss to guide the training process,
defined as the Kullback-Leibler (KL) divergence between two distributions: the distribution P and the distribu-
tion Q. The KL divergence measures the difference between these two distributions, effectively guiding the
model to produce cluster assignments (via Q) that are increasingly aligned with the desired target distribu-
tion (P). Here, Q (defined in Equation [q]) represents the probability of assigning sample i to cluster j based on
the similarity between its latent embedding zi and the cluster centroid μj using the Student’s t-distribution.
These qij values are dynamically calculated for each sample in every training iteration based on the current
state of its latent embedding zi and the cluster centroids μj. The target distribution P (defined in Equation
[p]) is computed from Q itself by squaring and normalizing, which helps to strengthen confident assignments
and attenuate uncertain ones. This helps sharpen cluster assignments during training and the closer cluster
assignments to desired target distribution, the better the model perform.

qij = (1+ ‖ zi − μj‖2)−1

∑
j (1+ ‖ zi − μj‖2)−1 (7)

pij =
q2ij/

∑
i qij∑

j

(
q2ij/

∑
i qij

) (8)
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Thus, the clustering loss is defined as:

Lclu = KL(P ‖ Q) =
∑
i

∑
j

pijlog
pij
qij

(9)

Minimizing KL(P ‖ Q) drives the learned distribution Q towards the target P. This encourages the model to
produce more confident, less ambiguous soft assignments. In the context of our binary classification task
(distinguishing ‘wait’ vs. ‘pass’ behaviors), this process is particularly beneficial. By iteratively sharpening the
assignments, the loss function guides the autoencoder to learn a latent feature space (zi) where the embed-
dings corresponding to the two distinct behaviors become more separable and cluster more tightly around
their respective centroids (μwait and μpass). Even though the assignments remain soft, this increased sep-
arability in the latent space directly facilitates the differentiation between the two behavioral classes. This
KL divergence-based loss is a well-established technique in deep unsupervised clustering, proposed by (Xie,
Girshick, and Farhadi 2016) and refined by (Guo et al. 2017), demonstrating its effectiveness in learning
discriminative features without direct supervision.

The initial clustering center μj is obtained by KM with pre-trained data embedding, and subsequent zi are
optimized together in turn. The original method by (Xie, Girshick, and Farhadi 2016) updates the target dis-
tribution P at the end of each epoch. In our approach, to achieve a more adaptive learning process where
the target distribution P responds rapidly to changes in the learned features, we update P after each training
iteration. This highly frequent update strategy ensures that P provides an immediate and dynamic target for
the clustering loss Lclu, facilitating a tighter coupling between representation learning and cluster assignment
refinement.

3.2.2.2. K-nearestneighborcontrastive loss. Previousworks (Danget al. 2021;Guoet al. 2017) pull instances
belonging to the same class together while pushing samples from different classes. However, this often con-
centrates instances of a given class into a narrow region near the class center, reducing intra-class diversity,
which is essential for capturing nuanced variations within a class. (Zhao et al. 2021) and (Li, Cheng, and Han
2024) found that larger intra-class diversity helps transfer knowledge to downstream tasks. To address this
issue, we proposed a K-nearest neighbor contrastive loss, which preserves local sample similarity and relaxes
the constraints by focusing only on the k-nearest neighbors of each sample. This approach avoids collapsing
all class instances into a single point while maintaining meaningful local structure.

The key idea behind this loss is to balance the benefits of pulling similar samples closer while avoiding
excessive concentration, thereby fostering a more dispersed intra-class distribution. By emphasizing only the
nearest neighbors of the same class, the method accounts for local variations and ensures that meaningful
relationships within the data are preserved. This approach reflects the natural structure of data distributions,
where samples of the same class often form small and coherent clusters. We formulate the loss as follows.

Lcon = − 1
|Ki|

Ki∑
j=1

log
exp(zi · zj/τ)∑|Aij|
k=1 exp(zi · zk/τ)

(10)

where Ki is the set of k nearest neighbors that have the same category as the i-th sample. Aij denotes the
concatenation of positive and negative samples that have different categories from the i-th sample.

3.2.2.3. Overall objective. In summary, our overall objective is:

L = Lrec + γ Lclu + βLcon (11)

where the hyperparameters γ , β control the influence of clustering loss, constrastive loss on the total loss. In
Section 4.3, we discuss the values of the hyperparameters.

4. Model evaluation with the observed dataset

This section first describes our simulation setup, including the configuration of model parameters, clus-
tering hyperparameters, and the selection of evaluation metrics. It then presents the findings from two
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case studies. The first case study compares the clustering performance of our proposed method against
established baselines. The second case study examines the sensitivity of our methodology to variations in
hyperparameters.

4.1. Simulation setup

4.1.1. Datasets
This dataset is collected using a DJI Mavic 2 ZOOMmodel drone, capturing road traffic in 2 K resolution at 50
frames per second. For target identification, we employed the YOLOv7 model, which facilitates the detection
of objects. Subsequently, the Bot-SORT model is utilized for tracking, allowing us to extract individual labels
and behavioral trajectories. The dataset consists of 3 million GPS points that cover the morning rush hour on
theworkday, frommore than 8000 pedestrians and non-motorized vehicles. Each GPS point is annotatedwith
ID for detected objects, their class labels (e.g. pedestrian, non-motorized vehicle), time, longitude and latitude.
The other irrelevant or inaccurate fields have been discarded.

4.1.2. Comparingmethods
To comprehensively evaluate the performance of our Deep Embedded Contrastive Clustering (DECC)
algorithm, we have carefully selected a range of representative comparisonmethods. Thesemethods encom-
pass not only traditional clustering algorithms but also newest unsupervised deep clustering approaches that
align with the research focus of our algorithm. The selected methods are categorized as follows:

(1) Traditional clustering on original features. This category includes widely used clustering algorithms
that operate directly on the original feature space, such as K-means (KM) and Spectral Clustering (SC),
implemented in Python’s scikit-learn library.

(2) Two-stage clustering on embedded features. These methods involve transforming the original features
into amore compact representation using anCAE, followedby clustering the embeddingswith traditional
methods like K-means or Spectral Clustering. This approach, referred to as CAE+ KM and CAE+ SC, helps
assess the impact of feature embedding on clustering performance.

(3) DeepclusteringwithCAEandcontrastive learning. This category includesdeepclustering frameworks that
combine feature learning and clustering. We compare Improved Deep Embedded Clustering (IDEC) (Guo
et al. 2017), Contrastive Clustering (CC) (Li et al. 2020) and Transformer AutoEncoder for K-means Efficient
clustering (TAKE) (Wu et al. 2024). IDEC integrates clustering loss into the autoencoder framework, while
CC leverages contrastive learning to enhance feature separability. TAKE is a state-of-the-art method that
combines a Transformer-based autoencoder with soft K-means to achieve unsupervised clustering. These
methods provide a comparison to evaluate the effectiveness of the contrastive learning approach used in
DECC.

(4) Newest adaptive clustering methods. Recent developments have introduced adaptive methods aimed
at overcoming the limitations of traditional algorithms. Adaptive Marine Traffic Behavior Recognition
Algorithm (AMTBRA) (Wei et al. 2024), an extension of DBSCAN, is included as a comparison to assess its
effectiveness in handling large-scale, spatially complex data.

4.1.3. Evaluationmetric
All clustering methods are evaluated by clustering accuracy (ACC), Normalized Mutual Information (NMI),
Adjusted Rand Index (ARI) and Silhouette Coefficient (SIL) which are widely used in unsupervised learning
scenario. Higher values of these metrics indicate better clustering performance.

4.1.4. Parameters setting
The CAE encoder consists of three convolutional layers with 32, 64, and 128 filters, followed by one fully con-
nected multilayer perceptron (MLP). The convolutional layers utilize a kernel size of 1 × 3 with same padding.
The MLP flattens the output of the convolutional layers into a vector and then applies a linear transformation
to a hidden layer with dimension d. All internal layers, except for the input, output, and embedding layers,
employ the ReLU activation function (Glorot, Bordes, and Bengio 2011). The CAE is pretrained for 200 epochs
using the Adam optimizer with an initial learning rate of 0.01. After attaching the clustering layer, we retrain
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the composite model using a reduced learning rate of 0.001. According to experiment, we determine γ = 0.2,
β = 0.1 when clustering based on motion, semantics, or all features. Training stops when fewer than 0.1% of
samples are reassigned to a different cluster during an iteration.

The proposed DECC model comprises approximately 195,000 trainable parameters. All experiments were
conducted on a workstation equipped with an Intel Core i9-10900 K CPU and an NVIDIA GeForce RTX 3080
GPU with 32GB of RAM, using PyTorch 1.12.0. In terms of processing speed for the primary experiments, we
observed that a data segment corresponding to approximately 3 million GPS points (after pre-processing and
segmentation) could be processed by the DECC framework in roughly 5 minutes, indicating efficient batch
processing capabilities.

4.2. Clustering evaluation

4.2.1. Comparison of clustering performance
To evaluate the effectiveness of integrating motion and semantic features, we assess clustering performance
under three scenarios: (i) using motion features, (ii) using semantic features, and (iii) using a combination of
both. Results, presented as mean % ± standard deviation over 30 independent runs (as detailed in Table 1),
are compared against seven baselinemethods outlined in Section 4.1. Statistical significance of the differences
between DECC and key baselines (IDEC and TAKE) was evaluated using paired t-tests (α = 0.05).

As shown in Table 1, our proposed DECC framework achieves the best performance across all scenarios,
with an ACC of 91.3±1.0% and a silhouette score (SIL) of 84.3±0.4% when using the full feature set. This
performance is statistically significantly higher (p < 0.05, based on paired t-tests) than that of traditional clus-
tering methods (KM and SC), embedding-based methods (CAE+ KM and CAE+ SC), and the self-supervised
approach TAKE (ACC: 82.9±2.4%, NMI: 39.7±0.7%, ARI: 43.3±3.4%) († in Table 1). Notably, DECC statistically
significantly surpasses IDEC (ACC: 86.9±1.2%, NMI: 46.4±2.0%, ARI: 54.3±2.3%) (∗ in Table 1) in ACC, NMI, and
ARI when using all features. For instance, DECC’s average ACC is 4.4% higher than IDEC’s and 8.4% higher than
TAKE’s under this condition, with these differences being statistically significant. These results demonstrate
the critical role of contrastive loss and semantic feature fusion in enhancing discriminative power. The supe-
riority of DECC in terms of cluster quality is further validated by its SIL score (84.3±0.4%), which is statistically
significantly higher than those of TAKE (71.5±4.0%) and IDEC (79.9±0.5%) (∗ and † respectively), indicating
more compact and well-separated clusters.

The advantage of DECC becomes particularly pronounced in complex scenarios. While TAKE leverages
Transformer architectures to model global spatio-temporal dependencies, its performance declines sharply
with semantic features alone (ACC = 59.0±2.1%, SIL = −0.4±7.0%), as it struggles to interpret contex-
tual semantic indicators like traffic signal phases, which differ significantly from the dense spatio-temporal
sequences Transformers typically model. In contrast, DECCmaintains robust performance even with semantic
features alone (ACC = 63.4±1.5%, SIL = 78.1±0.9%), owing to its adaptive fusion mechanism that weights
semantic contexts based on spatial proximity and temporal alignment. This capability allows DECC to resolve
ambiguities in crowded intersections – for instance, distinguishing pedestrians waiting near safety islands
during red lights from those temporarily pausing in crosswalks.

Motion features alone yield strong results across most methods, reflecting their fundamental role in cap-
turing dynamic patterns. With motion features, DECC achieves an ACC of 87.3±0.9% and a SIL of 73.7±1.2%.
This performance is statistically significantly higher (p < 0.05 based on respective markers in Table 1) in
terms of ACC, NMI, andARI compared to both TAKE (ACC = 77.2±1.2%, NMI = 22.0±2.3%, ARI = 21.3±2.5%)
and IDEC (ACC = 79.4±1.0%, NMI = 34.2±2.5%, ARI = 37.8±2.8%). This gap in accuracy metrics stems from
DECC’s contrastive loss, which enforces local similarity preservation among trajectory segments. For exam-
ple, abrupt deceleration patterns (characteristic of waiting behaviors) are clusteredmore cohesively in DECC’s
embedding space,whereas TAKE’s global attentionmechanismoccasionally conflates themwith slow-moving
passing trajectories.

The integration of motion and semantic features consistently improves performance. DECC’s average ACC
increases by 4.0% (from 87.3±0.9% to 91.3±1.0%) when combining both features, while TAKE shows a larger
averagegainof 5.7% (from77.2±1.2% to82.9±2.4%), thoughDECC’s final combinedperformance remains sig-
nificantly higher. This discrepancy in overall leading performance highlights DECC’s unique ability to synergize
heterogeneous features: semantic constraints (e.g. proximity to safety islands) refine cluster boundaries that
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Figure 5. Visualization of clustering results for KM, CAE+ KM, and DECC. Red lines indicate trajectories classified as ‘wait’
behavior, blue lines indicate ‘pass’ behavior, and yellow lines highlight ‘pass’ trajectories misclassified as ‘wait’ by DECC. The
rightmost panel shows a zoomed-in view.

motion features alone cannot disambiguate. The SIL metric corroborates this observation, with DECC’s aver-
age score rising from 73.7±1.2% to 84.3±0.4%, compared to TAKE’s decrease from 78.5±0.8% to 71.5±4.0%
when all features are combined.

Traditional methods (KM, SC) and recent approaches (CC, AMTBRA) exhibit limited adaptability. CC’s
reliance on sample-wise differences results in poor performance (ACC = 54.7±2.0%), as subtle distinctions
between GPS trajectories are insufficient for effective contrastive learning. AMTBRA, designed for large-scale
spatial data, underperforms (ACC = 71.3±1.3% with All Features) due to insufficient trajectory length in our
dataset. In contrast, DECC’s hybrid design – jointly optimizing reconstruction, clustering, and contrastive
losses – enables robust performance across diverse feature configurations, achieving statistically significant
state-of-the-art results in most key metrics even in noisy, short-trajectory scenarios.

4.2.2. Visualization of clustering
We visualize the results on a map to intuitively demonstrate the clustering effects of various methods,
as illustrated in Figure 5. Most waiting behavior trajectories at intersections are expected to exhibit clus-
tered geometries concentrated near safety islands, while passing behavior trajectories typically display linear
geometries that span a larger area. These characteristics enable an evaluation of clustering effectiveness based
on trajectory distribution andmorphology. However, the visualization of KM and CAE+ KM shows suboptimal
performance, with numerous passing behaviors incorrectly classified as waiting behaviors near safety islands
and along pedestrian crossings. Our method clearly distinguishes between the two types of behaviors, with
waiting andpassing trajectories aligningwith established expectations.Weobserve thatwaiting behaviors are
predominantly concentrated in the edge regions of the safety island, withmany extending beyond its bound-
aries. In contrast, the visualizations for KMandCAE+ KMare less encouraging, as they incorrectly classifymany
passing behaviors within the safety island and pedestrian crossing.

It is important to note that our method also encounters instances of misclassifying crossing behavior, as
highlighted in the black box. These misclassifications are more prevalent among trajectories with geometric
variations, such as the yellow trajectory, where segments are tighter at the start and end points but sparser
in between. We believe this issue arises from trajectory segmentation that does not adequately separate
segments for waiting and passing behaviors.

4.2.3. Performance analysis during training
Figure 6 illustrates the performance of our method during training, revealing several key observations. First,
the overall loss and reconstruction loss are nearly identical and significantly larger than the clustering loss. This
can be attributed to the high initial clustering accuracy achieved through pretraining, which provides a strong
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Figure 6. Losses and accuracies during training.

initialization, and the limited number of clusters, which reduces the complexity of the clustering task. A similar
phenomenon has been reported in preview work (Xie, Girshick, and Farhadi 2016).

The rapid decline of contrastive loss in the initial phase is attributed to its local nature. By focusing on K-
nearest neighbors (K = 20), the contrastive loss quickly identifies and reinforces local similarities between
trajectory segments (e.g. waiting behaviors near safety islands). This enables the model to form preliminary
clusters even before global alignment is achieved. In contrast, cluster loss decreases gradually because it opti-
mizes the global alignment of cluster assignments. The high initial accuracy of K-means (73.6% in Figure 6(b)
red line) provides a strong starting point, but further refinement requires iterative adjustments to the cluster
centroids and the target distribution P. This phased optimization ensures that local structures are preserved
while global clusters becomemore compact and separable. These observations align with the design philoso-
phy of DECC, which leverage local contrastive learning to bootstrap clustering, followed by joint optimization
to consolidate global behavior patterns.

Additionally, we note that the losses remain relatively stable, with a notable decrease in contrastive loss
at the beginning of training, while model accuracy improves significantly. This indicates that even though the
reconstructed features closely resemble theoriginals, our loss function effectivelymanipulates the embedding
space to enhance the representation of intermediate embeddings, thereby improving clustering accuracy.

4.2.4. Visualization of the feature learning
We further prove our assumption about the role CAE acts by visualizing the embedded feature space during
training. The t-SNE (van der Maaten and Hinton 2008) visualization of dataset is shown in Figure 7. In the initial
(epoch 0) embedding space, although there is a clear clustering phenomenon, the two classes of samples are
notwell separated and the clustering spaces overlap.With trainingproceeding, different categories of samples
gradually separated to form two regions independent of each other. From the final results, the distribution of
thesemisclassified samples is also relatively concentrated, although there is still amixof samples fromdifferent
categories.

4.3. Hyperparameter sensitivity

In the process of model construction, the selection of hyperparameters has a significant impact on the per-
formance. We carry out an in-depth study on the three key hyperparameters γ , β and K , and determine their
optimal values through a series of experiments.

4.3.1. Sensitivity in loss function weight
To assess the proposed model’s sensitivity to hyperparameters γ and β , we conduct experiment by sampling
γ and β in range [10−1; 102]. The Figure 8 shows the corresponding clustering accuracy results for different γ
and β .
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Figure 7. Visualization of features on dataset during training at Epoch 0, Epoch 25, and Epoch 50. Different colors mark
different clusters. The t-SNE visualization was generated with a perplexity value of 30 to ensure reproducibility.

Figure 8. Sensitivity of accuracy to strength of clustering loss and contrastive loss.

The selection of γ and β was guided by their roles in balancing the clustering loss Lclu, contrastive loss
Lcon, and reconstruction loss Lrec. Specifically, γ controls the influence of the clustering loss, which is based
on the Kullback-Leibler (KL) divergence between the target distribution P and the predicted distribution Q.
A small γ (e.g. γ < 0.1) reduces the impact of clustering loss, leading to suboptimal cluster formation, while
a large γ (e.g. γ > 0.5) may distort the latent feature space by overemphasizing clustering at the expense
of reconstruction accuracy. Similarly, β controls the contribution of the contrastive loss, which preserves the
local structure of the data by pulling similar samples closer and pushing dissimilar samples apart. However,
experiments have shown that clustering based solely on contrastive loss is ineffective, so the value of β should
be set lower to ensure that the contrastive loss complements the clustering loss without overwhelming it.

When both γ and β are set to 0, the model deteriorates into a purely convolutional autoencoder, resulting
in the lowest accuracy.When γ = 0 and β > 0, themodel accuracy increases but not significantly. Conversely,
with β = 0 and γ > 0, the model accuracy is sensitive to the value of γ . γ and β are related hyperparameters,
and when β is set to be greater than γ (upper right part of Figure 8), the clustering accuracy tends to be lower
compared to when β is less than γ (lower left part of the Figure 8). Adjusting these coefficients can improve
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Table 2. Clustering performance in different K Values (metrics in %).

K Value 1 2 5 10 20 50 100

ACC 85.1 85.7 87.2 86.6 91.3 85.5 85.8
NMI 43.1 44.7 46.7 48.7 57.1 43.2 44.0

Table 3. Clusteringperformancewithdifferent segment lengths (metrics
in %).

Metric 32 64 128 256 512 1024

ACC 87.7 91.3 90.6 79.8 67.8 63.6
NMI 43.6 57.1 59.5 30.0 1.7 12.0

clustering accuracy, but the relationship is not linear. When the coefficients take on excessively large values,
the clustering accuracy actually decreases.

Considering the results shown in Figure 8, we recommendusing the combination of γ = 0.2 and β = 0.1 to
achieve high performance from themodel. This specific setting of the hyperparameters strikes a goodbalance,
allowing the model to leverage the strengths of both the clustering loss (weighted by γ ) and the contrastive
loss (weighted by β) to produce accurate clustering results.

4.3.2. Sensitivity in K-neighboring values
We further investigate the influence of the K value on the accuracy of results in the K-neighborhood contrast
design. The experiment was conducted using the optimal values of γ and β , with K values ranging from 1 to
100. Table 2 presents the corresponding clustering accuracy results. The parameter K determines the size of
the neighborhood used in the contrastive loss, which plays a critical role in preserving the local structure of
the data. A small K (e.g.K < 10) is susceptible to noise and fails to capture sufficient local structure, while a
large K (e.g. K > 50) dilutes the discriminative power of the contrastive loss by including too many dissimilar
samples. To strike a balance, we chose K = 20, which allows the model to effectively leverage local similarity
information without excessive concentration of samples around cluster centers. This choice is supported by
previous studies, such as SCAN (Van Gansbeke et al. 2020), where clustering performance was optimal when
K was set to values around 20. As shown in Table 2, when K = 20, the model achieves the highest clustering
accuracy (91.3%) andNMI (57.1%). This value effectively captures the local structure of the data while avoiding
the pitfalls of overly small or large neighborhoods.

4.3.3. Sensitivity to input segment length
To assess the influence of the fixed-length segmentation on model performance, we conducted a sensitivity
analysis by varying the input segment length. Trajectories were sampled at 50 frames per second (0.02 s per
point). We evaluated segment lengths from 32 points (0.64 s) to 1024 points (20.48 s), keeping other DECC
hyperparameters (γ = 0.2,β = 0.1, K = 20) optimal.

As shown in Table 3, the segment length of 64 points (1.28 s), utilized in ourmain experiments, achieved the
highest ACC (91.3%) and NMI (57.1%). With shorter segments, such as 32 points (0.64 s), performance moder-
ately decreased (ACC: 87.7%, NMI: 43.6%). This very short durationmight lead to features being susceptible to
transient data fluctuations or not capturing sufficient contextual information to robustly represent a distinct
‘wait’ or ‘pass’ behavior. Increasing the segment length to 128 points (2.56 s) maintained high performance
(ACC: 90.6%, NMI: 59.5%), with NMI even slightly improving, suggesting this duration still effectively captures
coherent behaviors. However, further increasing the segment length to 256 points (5.12 s) and beyond led to
a notable decline in both ACC and NMI. For instance, at 256 points, ACC dropped to 79.8% and NMI to 30.0%;
at 1024 points (20.48 s), ACC was 63.6% and NMI 12.0%. This degradation with these longer durations (over 5
s) is likely because such segments have a higher probability of encompassing multiple distinct behaviors (e.g.
a short wait followed by a pass).

These results indicate that while performance is robust within a certain temporal range (e.g. approximately
1–3 s for this dataset), very short or excessively long segments can be detrimental. The chosen length of 64
points (1.28 s) is thus a reasonable and empirically supported selection for our primary analysis, effectively
balancing contextual information and behavioral homogeneity.
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5. Discussion and conclusion

This paper presents the Deep Embedded Contrastive Clustering (DECC) framework for recognizing the wait-
or-pass behavior of non-motorized transport participants using GPS trajectory data. By integrating semantic
features with motion features and employing a K-nearest neighbor contrastive loss, the proposed frame-
work achieves state-of-the-art performance, with clustering accuracy reaching 91.3%. The results validate the
importance of combining semantic information and motion characteristics to enhance behavior recognition
at intersections.

Despite its strengths, the proposed method faces challenges related to trajectory segmentation. The use
of fixed-length segmentation can sometimes produce sub-trajectories that do not align with the natural
boundaries of behaviors. Addressing this limitation through adaptive segmentation methods or integrating
segmentation into the learning process is a promising direction for future research. Furthermore, while the
framework focuses on binary classification, its extension to multi-class behavior recognition would enhance
its applicability in more complex traffic scenarios.

Fromapractical perspective, theDECC framework offers substantial potential for urban trafficmanagement
and safety applications. Real-time recognition of non-motorized transport behaviors can enable dynamic traf-
fic signal adjustments, such as extending green light durations for crowded pedestrian crossings, to improve
traffic flow and reduce congestion. The generated behavior data can also inform urban planning decisions,
such as optimizing road layouts, enhancing infrastructure for non-motorized transport, and developing tar-
geted safety policies. Moreover, the framework’s unsupervised learning approach eliminates the reliance on
extensive labeled datasets, making it adaptable to a wide range of urban environments.

From a practical perspective, the DECC framework offers substantial potential for urban traffic manage-
ment and safety applications. The efficient recognition of non-motorized transport behaviors, supported by
the model’s computational performance (as discussed in Section 4.1 where model size and processing speed
observations are noted), can enable dynamic traffic signal adjustments, such as extending green light dura-
tions for crowdedpedestrian crossings, to improve traffic flowand reduce congestion. Thegeneratedbehavior
data can also inform urban planning decisions, such as optimizing road layouts, enhancing infrastructure for
non-motorized transport, and developing targeted safety policies. Moreover, the framework’s unsupervised
learning approach eliminates the reliance on extensive labeled datasets, making it adaptable to a wide range
of urban environments.

From a practical perspective, the DECC framework offers substantial potential for applications within intel-
ligent transportation control systems and urban planning. The model’s capability for rapid processing of
trajectory data (as evidenced by its efficiency in handling GPS data in Section 4.1) facilitates the timely recog-
nition of non-motorized transport behaviors. This timely behavioral information can, for instance, enable
adaptive traffic signal adjustments on a periodic basis. For example, insights derived from the behavior
patterns of one signal cycle or a short time window could be used to optimize signal timings for subse-
quent cycles, such as extending green light durations for crowded pedestrian crossings, thereby improv-
ing traffic flow and reducing congestion. The generated behavior data can also inform longer-term urban
planning decisions, such as optimizing road layouts, enhancing infrastructure for non-motorized trans-
port, and developing targeted safety policies. Moreover, the framework’s unsupervised learning approach
eliminates the reliance on extensive labeled datasets, making it adaptable to a wide range of urban
environments.

While the DECC framework demonstrates strong performance in the studied intersection, its generaliz-
ability to diverse urban environments is an important consideration for future research. The current study
focuses on validating the framework’s core capabilities in a specific context, but future work will explore
adaptive feature engineering and robustness improvements to enhance its applicability to varying intersec-
tion designs, signal controls, and traffic conditions. Additionally, we will investigate techniques to improve
the robustness of motion and semantic features in environments with low GPS accuracy or high noise
levels.
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