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Accurately identifying the passing and waiting behavior of pedestrians and non-motorized
vehicles at intersection is essential to planning management measures for non-motorized
transport. Much previous study in this field has focused on methods based on continuous
individual trajectory detection, which are almost ineffective under the poor detection condition
in dense traffic scenarios. To address the task, this paper establish a workable framework for
inferring the probabilities of passing or waiting behavior of pedestrians and non-motorized
vehicles in arbitrary space using disordered trajectory point data. First, a two-channel model
is proposed to perform a formalized grid-level representation of an intersection, in which the
functional attributes and occupancy characteristics of grids are comprehensively defined and
quantified. Then, the quantitative characteristics of the grids are used to detect the real-world
occurrence space of passing and waiting behaviors, by the clustering and expanding operations
on grids. Finally, through feature transfer along path, characteristics is decomposed into passing
and waiting occurrence characteristics for behavior probability computation. Results indicate
that the method achieves over 91% accuracy of behavior recognition, which is better than
compared methods in various Multiple Object Tracking Accuracy (MOTA). Although the method
is sensitive to spatial detection conditions, it obtains steady accuracy under various target
detection settings.

1. Introduction

Statistics show that approximately 1.3 million people die in road traffic accidents each year in the world. Half of these deaths
are among vulnerable road users such as pedestrians, cyclists and motorcyclists [1,2], which are called non-motorized transport.
The abnormal behaviors of non-motorized transport, such as waiting outside safety islands and passing at red lights, are one of the
main causes of accidents [3-5]. While there are numerous strategies to lessen the frequency of abnormal behaviors, they are all
dependent on behavior recognition [6,7]. Therefore, accurately identifying the crossing behaviors (passing or waiting) of pedestrians
and non-motorized vehicles at intersections is a necessary prerequisite for improving traffic safety at intersections.

Previous research on behavior recognition of pedestrians has relied on individual-based continuous tracking methods. These
methods typically use video as the primary input to understand and classify spatio-temporal information of individuals. Depending
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on the technical approach, they can be categorized as either feature-based or neural network-based methods. Feature-based
approaches extract individual features from the video and achieve behavior recognition through a process of feature fusion
and classification [8,9]. Neural network approaches construct an end-to-end route from the video to the behavior classification
results [10-16]. These methods can produce satisfactory results in situations with light traffic and low pedestrian activity. However,
their effectiveness depends on the accurate acquisition of time series data. In intersections with high traffic volume and dense
population, tracking individual targets becomes challenging due to the high degree of similarity and occlusion between individuals.
As a result, individual continuous trajectory would deteriorate into disordered trajectory point (DTP) data when MOTA is low, in
which the above methods may not be effective.

In cases where continuous tracking of individuals is challenging, space-based methods offer an effective alternative way to
recognize stopping and passing behaviors. Some methods delineate spatial behavior by leveraging information from spaces, and
reconstruct overall spatial behavior by integrating spatial topology. In this approach, the grid model is typically employed to analyze
their behavior. The earliest grid motion analysis model is the occupancy grid model for robot motion detection [17], which observes
and calculates the grid occupancy at different times to determine the robot motion. Subsequently, space-based methods are mostly
used for indoor map modeling and location tracking. The method employs a grid-based model to enhance the localization of the
wifi-based system within indoor spaces [18]. This allows for the iterative determination of the traveler’s trajectory by analyzing the
data at each position. However, these studies mostly focus on individual motion recognition and analysis, and ignore address the
analysis of multi-individual movement processes. Therefore, it is necessary to develop a method based on spatial group information
to identify waiting and passing behavior of non-motorized transport, in order to address the challenges posed by inadequate target
tracking in busy crossings.

Due to financial and technical limitations, the data collected from crowded intersections, typically consists of information about
pedestrians and non-motorized vehicles, known as DTP data. DTP data comprises the point ID, time, latitude, and longitude, which
give only the current spatial location of the object but not its trajectory. The absence of tracking information poses a significant
challenge in recognizing multi-target behavior, as this task typically relies on information about the individual’s state both before
and after a given time, rather than just at that moment.

Confronting the challenge, we establish a behavior recognition method using a Dual-Channel Grid Model (DCGM) based on
DTP data. This method utilizes feature analysis in grid-level to identify and calculates the probability of various behaviors and the
occurrence of the behavior in each space. The primary contributions of this study are:

» We develop a DCGM framework to infer passing or waiting probabilities of pedestrians and non-vehicles in any given space.
Using easily gathered unordered trajectory-point data, our approach can handle tasks at crossings with high pedestrian and
non-vehicle, where approaches based on individual-based continuous tracking data are almost useless.

» Since many pedestrians and non-vehicles do not really use designated passing or waiting spaces, we employ characteristics of
grids to recognize the real-world occurrence space of passing or waiting behaviors. Experiments show that our method yields
94% recognition accuracy.

» We conducted a series of experiments to validate the effectiveness of the current method. The experiments clearly illustrate
the superior outcomes of our method across various detection conditions, showcasing its robust operational efficiency and
stability.

The remainder of this paper is organized as follows: Section 2 summarizes the related literature. Section 3 presents the framework
and detail of proposed approach. Section 4 reports the experimental results. Finally, we conclude the paper in Section 5 and discuss
the future research directions.

2. Related work
2.1. Individual behavioral recognition based on continuous tracking

Multi-individual behavior recognition methods based on continuous tracking are the current mainstream methods. There are
many sources of individual time-series information, such as Red—Green-Blue (RGB), skeleton, depth, infrared sequences, point clouds,
event streams, audio, acceleration signals, radar, and WiFi [19], among which video is used by most of the research institutes due
to its low cost, wide deployment, easy acquisition, and rich data. Video-based behavior recognition methods can be subdivided
into feature engineering-based and deep learning-based methods based on their methodology. Feature engineering needs to extract
individual features from video, and then go through feature fusion and feature classification to achieve behavior recognition, and
the Dense Trajectories (DT) algorithm proposed by Wang is a representative method of this type. DT is to use the optical flow field
to obtain the trajectory in the video sequence, and then extract the trajectory shape features and Histogram of Oriented Gradients
(HOF), Histogram of Oriented Gradients (HOG), and Modified Histogram of Back-projected Descriptors (MHB) features along the
trajectory, and then features are encoded using the Bag of Features (BOF) method, and finally the Support Vector Machine (SVM)
classifier [8] is trained based on the encoding results. Then an improved method based DT called Improved Dense Trajectories (iDT)
appeared, and became the best traditional algorithm in behavior detection. iDT improved motion recognition accuracy by estimating
camera motion to eliminate optical flow and trajectories on the background, which help it to get the good results and robustness,
achieving 91.2% accuracy on the UCF50 dataset and 57.2% on HMDB51 [20].

Deep learning, on the other hand, uses video directly as input to achieve end-to-end behavior recognition, which can be classified
into four main types. Donahue et al. [15] proposed a long-time recurrent convolutional network (LRCN) that incorporates long and
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Fig. 1. Illustrations of some notations.

Table 1
Notations and definitions.
Notation Definition
¢ Grid, the basic units that make up the intersection space.
G(T,c;) Occupancy characteristics, the occupancy duration of the grid ¢; in the time interval 7.
Gp(T,¢) Passing Occupancy characteristics, the occupancy duration by the passing behavior in the grid ¢; in the time interval 7.
Gy (T, c;) Waiting Occupancy characteristics, the occupancy duration by the waiting behavior in the grid ¢; in the time interval T.
Cpy Designed space for passing behavior. A space originally designed for the passing behavior, such as a crosswalk.
Cwa Designed space for waiting behavior. A space originally designed for the waiting behavior, such as a island.
Cp, Actual occurrence space of passing behavior. A space mainly used for the passing behavior in reality, as seen in Fig. 1(a).
Cy Actual occurrence space of waiting behavior. A space mainly used for the waiting behavior in reality, as seen in Fig. 1(a)
Cy, Independent occurrence space of passing behavior. A space exclusively used for the passing behavior, calculating by Cp, — Cy,,,, as
seen in Fig. 1(b).
Ceu Combined occurrence space of behaviors. A space used for both waiting and passing behavior, equal to Cy,, in space, as seen in
Fig. 1(b).
Pp(T,c;) The passing probability of pedestrians and non-vehicles in the grid ¢; in the time interval T.
Py (T, ¢) The waiting probability of pedestrians and non-vehicles in the grid ¢; in the time interval 7.

short-term memory networks to capture motion information. The network considers the persistent episodic changes exhibited by
previous frames in an impact simulation to enhance behavior recognition accuracy. Following the initial use of 3D convolutional
grids for behavior recognition by Ji and Xu [12], Tran et al. [21] introduced C3D, a comprehensive framework for 3D convolution-
based behavior recognition networks, which has significantly advanced the method. Wang et al. [11] introduced a Two-Stream
Network (TSN) that effectively classified behaviors by sampling video frames using both RGB stream branching and optical stream
branching. The TSN addresses the limitation of not considering the behavioral information of the entire video segment by fusing
the classification scores from both branches. This year, the increased popularity of graph convolutional networks has resulted in the
rapid development of several methods for behavior recognition that are based on graph convolutions. One notable example is the
dual-stream graph Convolutional Neural Network (CNN) model [14].

2.2. Behavior analysis based on grid

Contrary to tracking individuals over time, spatial-based behavior recognition methods gather information from groups of people
at various spatial locations. This information is then used to analyze behavior patterns based on spatial topology. The grid model
is a classical and widely used model that can represent different scene spaces and accurately describe and recognize the movement
of pedestrians [18]. Grid models were first used for robot motion detection by constructing a behavioral probabilistic lattice of
the indoor space and integrating the possibility of integrating sensor readings over time through Bayesian networks to obtain the
probability and direction of motion of the robot at each position [17,22]. In the field of pedestrian behavior analysis, the grid model
was mainly applied to the simulation study of the motion of traffic objects, and the simulation of pedestrian motion is carried out
by combining the pedestrian motion characteristics through metacellular automata [23-26]. Grid model-based pedestrian position
estimation is another application. Some scholars used sensors to obtain the pedestrian’s position in indoor grid space and estimate
the direction of the pedestrian’s movement based on the Alman filter to recognize the pedestrian’s movement in the indoor area [27].

Grid models rely solely on spatial features to estimate the behavior of objects, thus requiring less temporal data compared to
the trajectory analysis approach. Simultaneously, the data from multiple objects is consolidated into a grid for analysis, resulting
in a reduction in the impact of data noise and outliers, and enhancing its robustness. Furthermore, the grid model exhibits
superior performance in terms of processing speed, making it well-suited for tasks involving behavior recognition in scenarios where
numerous objects need to be recognized.
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Fig. 2. Process of dual-channel grid model to infer probabilities of passing or waiting behaviors of pedestrians and non-vehicles in any space.

3. Method
3.1. Notations and definitions

Table 1 provides basic definitions and explanations of the symbols that appear in our paper.

3.2. Framework

We have created a framework that identifies the actual occurrence space where behaviors occur and their probability in each
grid. These two components are essential for the task of behavior recognition. The structure of our approach is depicted in Fig. 2.

Firstly, by building a two-channel grid model, we discretize the intersection into a space made up of grids, which is then
utilized for storing the occupancy and semantic characterizes. Then, based on the semantic characteristics, the actual pedestrian
non-motorized occupancy characteristics are used to cluster and extend the space to recognize the main occurrence space of the
two types of behaviors. Finally, the behavioral probability of the grid is calculated by decomposing the occupancy characteristics
through the transfer of passing behavior characteristics.

3.3. Dual-channel grid model based on DTP data

3.3.1. Model description
A dual-channel grid model is designed to describe signal-controlled intersections that contain geometric, topological, semantic,
and temporal occupancy information about the intersection space. The dual-channel grid model is expressed as C = {c;}, where

¢ = (X, E,G).
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Fig. 3. Grid-level properties of street-crossing behaviors.

X = (x;, x,) denotes the row and column numbers of the grid, describing the relative position of the grid in the scene. Through
X it is possible to know the spatial location of the mesh and its spatial topological relationship with other meshes. E denotes the
semantic channel of the mesh, describing the semantic information represented by the mesh space in the scene, which depends on
the type of facility the space is in. We focus on the slow crossing facilities, such as safety islands, pedestrian crossings, non-motorized
crossing lanes, which are semantically represented by the grid as E(c;). G denotes the occupancy channel of the grid, describing the
occupancy characterizes of non-motorized transport in the grid space, which is expressed using the proportion of time occupancy.
As in Eq. (1), we compute the time occupancy ratio for each grid by dividing the number of occupancy frames to the total number
of frames, where x, denotes if frame t contains pedestrians or non-motorized vehicles in time interval T, 1 indicates yes, 0 indicates
no; ny denotes the total number of frames in time interval T.

G(T,c) = Zn—x @

T
3.3.2. Grid-level properties of street-crossing behaviors

Superposition of behaviors in a grid. Over a period of time, the grid can be used for waiting and passing sequentially, and this
superposition of behaviors leads to a decomposition of the grid occupancy characteristics into two parts: occupancy characteristics
due to passing behaviors and occupancy characteristics due to waiting behaviors (Fig. 3a).

Variability of waiting and passing behaviors. The waiting and passing behavior of non-motorized transport exhibit distinct
spatio-temporal characteristics. On one hand, the duration of the green light for a specific direction at an intersection is usually
shorter than the duration of the red light. Consequently, the time spent waiting (7p) is longer than the time spent passing (ty,),
which can be expressed as 7, > ty;,. On the other hand, occupancy during waiting behavior is confined to a limited number of grid
cells, whereas passing behavior covers a larger array of grids. This difference is captured by the relationship between the set of grids
for passing (Cp) and those for waiting (Cy, ), where |Cp| > |Cy/|.

Essentially, waiting behavior concentrates time usage within a restricted spatial area, while passing behavior distributes it across
multiple pathways (Fig. 3b). This difference in spatial and temporal allocation results in varying occupancy characteristics between
the two behaviors, as demonstrated by the ratio Iéﬁ < ‘é—”v;l Thus, the grid occupancy impact of waiting behaviors is more
pronounced than that of passing behaviors.

Consistency of passing behavior along the path. It is assumed that pedestrians and non-motorized vehicles maintain a steady
speed and direction when crossing a roadway. Under the assumption, the behavior of passing through multiple grids in a forward
direction can be estimated. As in Fig. 3c, this behavior manifests as similar occupancy characteristics across these grids. In this
context, w! represents the slope coefficient of the direction of passage, and k denotes the linear intercepts. The mathematical
model describing this behavior is expressed as:

Gp(T.c)~Gp(T,c)), if wle-X=k and wle;-X=k )

3.4. Recognition of the actual occurrence spaces

3.4.1. Actual occurrence space of waiting behaviors

The recognition algorithm is illustrated in Fig. 4. It consists of three main steps: edge detection, clustering, and convex hull
construction. During the edge identification process, the grid occupancy characteristics are transformed into pixel values. The Canny
operator is then employed to detect boundaries of space where the waiting behavior primarily occurs. Clustering is performed using
the classical k-means algorithm, modified to incorporate the center of the designated residency space as the cluster center. This
adjustment guarantees that the clustering results precisely mirror the true distribution of spaces. Convex hulls are used to enclose
the scattered grids, identifying the actual occurrence spaces for waiting behavior. These spaces are indicated as Cy, ;i = 1,2.....k,
where k is the total number of identified spaces.
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(a) Space designed for passing behavior (b) Schematic diagram of the regional growth algorithm

Fig. 5. Recognition of the actual occurrence space of passing behaviors.

3.4.2. Actual occurrence space of passing behaviors

A grid ¢; is considered part of the passing behavior space if G(T,¢;) >0 and ¢; & C,,. Our study specifically examines regular
spaces that serve as connecting pathways between two designed waiting space for waiting, which are used as actual spaces for
people to pass. These spaces function as a platform for enlarging the area according to the grid’s occupancy, thereby establishing
the actual occurrence space.

As shown in Fig. 5(a), we consider the designed space of passing behavior as a regular quadrilateral. Its border is defined by
two sets of parallel lines (shown by the red lines and yellow lines in Fig. 5(a)). The yellow lines in Fig. 5(b) represents the actual
boundaries of the occurrence space. To determine the actual occurrence spaces for passing behaviors, denoted as Cp,;, i = 1,2.....k, the
region growth algorithm (Algorithm 1) is used to extend the left and right boundaries (the yellow line in Fig. 5(b)). The borderlines
are depicted by normal vector w” and intercept k, and the space decided by these borderlines is denoted as B. In Algorithm 1,
Getgrids() is the function designed for archiving a set of grids which are located between the borders, defined in Eq. (3). Additionally,
the function Coveragerate() as defined in Eq. (4) calculates the coverage rate for Cp,.

GetGrids(B) = {ID(c;) | V¢; € C,¢; is within B} 3)

Il

Coveragerate(Cp,) = ———
1Cpul

,C ={clc; € Cp, and G(T,c;) >0} @
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Algorithm 1: Regional Growth Algorithm

Data: C: the whole intersection space, Cp,: design passing space, wlT - X = k;: left and right boundaries of the design
passing space, F: coverage rate threshold, S: growth step
Result: Cp,: main occurrence space of passing behaviors

1 begin
2 ¢; < max(G(T, Cp,));
3 k' < Findintercept(w”, ¢,);
4 k; < ks
5 ky < K';
6 | f<0
7 while f < F+(1-F)/2 do
8 ki < ki =S,
9 Cp, < Getgrids(w”, ki, ky);
10 f < Coveragerate(Cp,);
11 end
12 while f < F do
13 ky < ky +S;
14 Cp, < Getgrids(w’, k;, k,);
15 f <« Coveragerate(Cp,);
16 end
17 return Cp,
18 end
Cru Cru  Cwu G(T, Cu) =Avg(G(T, ¢1).... G(T, C)) Gp(T. ;) G(T.cy) G(T.Cp)
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Fig. 6. Process of characteristics transfer.

3.5. Estimation of grid-level passing or waiting probabilities

The waiting probability Py, (T, ¢;) of pedestrians and non-motorized vehicles at time interval T is estimated using Eq. (5) in grid
¢;. The passing probability Pp(T,c;) is determined using Eq. (6).

Gp(T.c,

Py (T,c)=1- % ®)
 Gp(T,c)

Pp(T,c;) = m (6)

In independent occurrence space of passing behavior C;, (shown in Fig. 6a), grids are exclusively utilized for passing, and thus,
the occupancy characteristics of a grid are solely determined by the passing behaviors, i.e. G (T,¢;) = Gp(T,¢;). Consequently, the
probability of passing in this space is unequivocally 1.

The grids within the combined occurrence space exhibit dual behaviors where Gp(T,¢;) > 0 and G, (T.¢;) > 0. Gp(T,¢;) is
achieved by utilizing the behavioral transmissibility inferred from the occupancy characteristics of the independent occurrence
spaces. The computation entails the subsequent key procedures:
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Step 1. Identify independent occurrence space of passing behavior. As shown in Fig. 6a, determine the grids from
independent occurrence space connected with waiting behavior occurrence space Cy,,. Define these spaces as C;, = {¢l¢; €
Cp, and c; & Cy,}.

Step 2. Calculate occupancy characteristics of passing behavior. As shown in Fig. 6b, calculate the average occupancy
characteristics of passing behavior on each pass path in C;,. These pass paths are straight lines that generate by the start grids
and direction of C;,. As an example, for path /; : wlT - X =k, the average is calculated using Eq. (7).

G
2 G (T.¢;)
Gp (T,Cll) = G 7)

Step 3. Transfer occupancy characteristics of passing behavior. As shown in Fig. 6c, for each grid ¢; in the waiting behavior
occurrence space that falls on a passing path, ascertain the occupancy characteristics of passing behavior by transferring the features
of all pertinent paths. The function Gp (T, ¢;) represents the sum of the values of Gp (T,C;) for all paths in the set L that include
the element ;.

Step 4. Determine behavioral probability in combined occurrence space. After calculating the occupancy characteristics
for both passing and waiting behaviors, determine the behavioral probability of each grid. The probability of waiting and passing
behaviors at grid ¢; is determined by Egs. (5) and (6).

4. Experiment

Section 4.1 provides a brief introduction to the experimental setup, while Section 4.2 discusses the recognition accuracy using
various methods under different MOTA metrics. Following that, the paper presents an analysis of sensitivity, runtime, and an ablation
research. The practical significance of our approach will be examined in Section 4.6.

4.1. Experiment setup

Experiment datasets. We adopt infrastructure data and trajectory data from the real-world as our experiment datasets, where is
collected using a DJI Mavic 2 ZOOM model drone. The detailed descriptions of these datasets are as follows:

+ infrastructure data: The data comes from the intersection of Jiangnan and Changgang Road within the city of Guangzhou,
China. There are infrastructure of Slow moving transportation, seen in Fig. 1(b).

» trajectory data: This dataset is collected using a DJI Mavic 2 ZOOM model drone. The road traffic was recorded in 2k
resolution at 50 FPS. The yolov7 model is used for target identification, based on which the tracking Bot-sort model is used for
target tracking to extract the individual labels and behavioral trajectories of the travelers’ non-motorized vehicles. The DTP
data comes from the trajectory, after processed with the 0% MOTA.

Comparison methods. In this paper, we compare our DCGM framework with three baseline methods. The details of the compared
methods are as follows:

+ CB-SMoT [28]: The CB-SMoT method is a velocity-based spatio-temporal clustering method for processing single trajectory
data. It not only finds the user’s expected stops and moves, but also discovers interesting locations that the user did not expect.

+ Hwang [29]: The method is an algorithm for segmenting GPS trajectory data into wait and pass segments. By filling time gaps,
state-dependent path-based interpolation and spatio-temporal clustering-based segmentation methods, it effectively handles
signal loss and noise, extracts meaningful trajectory segments, and is able to accurately identify and estimate wait and
movement segments.

» SVBDSA [30]: This method proposes an algorithm for discovering stay regions in indoor dynamic trajectory data. The new
algorithm, SVBDSA, determines the stabilization value by calculating the distance and velocity between two points, which
leads to the discovery of stay regions.

The canny algorithm model employs the default parameters (100, 150), and the growth threshold F is set at 0.9 for the growth
algorithm.

4.2. Recognition results with different methods in various MOTA

4.2.1. Recognition results of actual occurrence spaces of behaviors

We aim to evaluate the effectiveness of space recognition from three dimensions: shape, size, and spatial arrangement. The shape
is quantified by the contour index, while the size is measured by the number of grid cells. Mean Squared Error (MSE) is used to
assess errors related to shape and size, whereas spatial discrepancies are calculated using the non-overlap rate. The recognition
accuracy of the actual occurrence spaces for waiting and passing behaviors are denoted as WSA and PSA, respectively.

Fig. 7 illustrates the fluctuation in recognition accuracy across different methods for behavior occupancy space at various levels
of MOTA. The graph demonstrates a positive correlation between the rise in MOTA for all compared methods. Nevertheless, it is
clear that our procedures regularly attain the utmost precision.
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Surprisingly, our method is not influenced by MOTA, maintaining an accuracy of over 92% in recognizing both actual occurrence
spaces of waiting and passing behaviors. In contrast, the competing methods demonstrate significantly lower performance at reduced
MOTA levels, particularly in identifying the occupancy space of waiting behaviors. This decline in performance is attributed to
inadequate tracking of non-motorized pedestrians at low MOTA levels, where only short movements can be detected, therefore
posing a challenge in precisely identifying behaviors.

As depicted in Fig. 8, the occupancy space identified by our method is strategically distributed around several safety islands,
aligning closely with actual conditions. On the other hand, the space that is recognized by the comparison approaches is significantly
bigger. This is because our methodology focuses exclusively on significant actions within the group, whereas comparison methods
are susceptible to incorrectly recognizing individual behaviors.

Fig. 9 displays the box plots that illustrate the performance of each approach in different spaces recognition at MOTA levels
of 30%, 60%, and 90%. From Fig. 9(b), it is clear that the different methods consistently achieve high recognition accuracy for
spaces occupied by passing behaviors. This consistency is observed not only in the average values but also across each individual
passing space. In contrast, Fig. 9(a) highlights the inefficiency of the comparison methods in identifying actual occurrence spaces of
waiting behavior. The results of the comparative approaches exhibit substantial variety, with certain areas being highly recognized
while others are poorly recognized. As depicted in Fig. 8, the comparative method achieves high recognition accuracy in space 5
but performs poorly in space 4, displaying significant error in terms of shape, size, and spatial attributes.

4.2.2. Recognition results of grid-level probability of behavior
To evaluate the accuracy of the model’s predictions, we used the mean square error (MSE) between the predicted values and the
actual data in grid-level. In Eq. (8), p'(c;) and p(c;) represent the actual and estimated probabilities of waiting behavior, respectively.
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Fig. 9. Box plots of recognition results of actual occurrence spaces.

100 A

BPA (100%)
3

0

0.4
—8— our model
~#—  CB-SMoT
20 4 =l Hwang
/ SVBDSA
6 26 4I0 6I0 8 160
MOTA

Fig. 10. Accuracies of grid-level probabilities for waiting behaviors under different MOTA.

C
E.(¢)= |F1| Z(P'(Ci) - p(e))’

We evaluated the accuracy of several behavior identification methods at different MOTA values, as depicted in Fig. 10. Our
method demonstrated stable accuracy above 91% across all MOTA levels. In contrast, the accuracy of comparison methods,
particularly the Hwang method, was highly sensitive to changes in MOTA. Although in the case of full tracking (MOTA = 100%),
the behavior recognition accuracy of the comparison method exceeds that of our method. These approaches demonstrated enhanced
precision with larger MOTA values, but performed inadequately compared to our approach when the tracking rate dropped below

80%. This trend of decreasing accuracy with declining tracking rates was consistent among the comparative methods.
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Fig. 11. Waiting probability under various methods.

Fig. 11 illustrates the actual and estimated distribution of grid-level probabilities in the intersection at MOTA levels of 30%, 60%
and 90% . The green resident grids in the junction are primarily located around the eight safety islands, functioning independently
of one another. The grids with high waiting probability are mainly spread along the edges. Comparing the results of our method, it
is evident that there is a significant resemblance in the overall arrangement and coloration of the residency grid, notwithstanding
a few mistakes observed at the southernmost safety island.

At a MOTA of 90%, the comparison methods successfully identify the actual distribution of the resident grids. However, they
also mistakenly recognize extra resident grids, which negatively affects the overall accuracy of recognition. This issue arises since
the majority of comparison methods generally concentrate on examining behaviors that take place on a wider magnitude, rather
than in local areas like junctions.

At a MOTA of 60%, as the tracking rate declines, the effectiveness of the comparison methods decreases. The Hwang method has
a tendency to classify a greater range of actions as waiting, leading to a larger grid of standing behaviors. The diminished precision
shown in the CB-SMoT and SVBDSA methods can be attributed to their intrinsic tendency to underestimate waiting behaviors,
frequently misidentifying them as passing behaviors. This leads to a reduced probability of waiting presence within the grids,
manifesting as a greener overall hue in Fig. 11.

At a MOTA of 30%, it is clear that Hwang method mistakes all behavior in a large number of grids for resident behavior, due to
the large number of short trajectory effects from low tracking rates. At the same time, Fig. 11 shown in the CB-SMoT and SVBDSA
method are all density-based methods, which are still able to obtain results with a certain level of accuracy for the density of short
trajectories at low tracking rates.

Our method emphasizes the main areas where residents behave, in order to reduce the influence of scattered resident grids. In
addition, it consistently achieves accurate recognition results across all levels of MOTA, even when operating at reduced tracking
rates.

4.3. Sensitivity study

This section assesses the influence of different data input conditions on the effectiveness of our method. Fig. 12a examines the
influence of extending the original sampling interval from 20 to 6000 ms on the accuracy of our technique. The line graph indicates
that as the sampling interval increases, the accuracy drops, albeit at a gradual pace.

Fig. 12b illustrates the results under different object detection loss. The accuracy of our method maintains high accuracy up to
80% leakage detection rate, and then the minor losses in precision occur. That is because the dense intersections consist of a large
number of items, which makes the overall population resistant to partial losses.

Fig. 12c presents the effects resulting from the implementation of loss detection processes on specific grids. Due to the significant
dependence on spatial factors in our approach, higher loss rates result in a noticeable decrease in accuracy, highlighting the method’s
susceptibility to spatial data reliability.

11
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4.4. Runtime study

Our approach analyzes the trajectory points by matching them to a grid based on the occupancy characteristics of the grid, and
its running time depends on the number of grids. The comparison methods determine the behavior of the object by analyzing the
spatio-temporal characteristics of each trajectory, and their running time depends on the number of trajectories. We have designed
experiments to compare the runtime performance of our method with that of the comparison methods. All algorithms are run on the
same hardware configuration to ensure fair and comparable results. As shown in Fig. 13 The runtime of the continuous trajectory
based method is significantly higher than that of our method. Furthermore, as the number of trajectories increases, the runtime of
the baseline methods increases dramatically, which is different from the stability of the time consumption of our method.
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Table 2
The model accuracy in ablation study.
Method WSA PSA BPA
Baseline(A) 0.537 0.857 0.855
Model B(A+B) 0.943 0.927 0.883
Model A(A+C) 0.537 0.857 0.897
Model C(A+B+C) 0.943 0.927 0.911

4.5. Ablation study

The methodology outlined in this paper is segmented into three primary components: grid generation(A), space recognition(B),
and characteristic transfer(C). Space recognition refers to the utilization of the original design space rather than the actual used
space. In the absence of characteristic transfer, the probability of behaviors in combined occurrence space is substituted with a
default value of 0.5. As in Table 2, we used the model that simply includes operation A as baseline, and successively added different
key components to examine their contributions on performance.

Space recognition. The use of the space recognition procedure significantly enhanced precision, particularly in regions
predominantly linked to waiting behavior, by a 40% margin. The operation successfully detected spatial utilization beyond the
intended design parameters and uncovered pedestrian inclinations towards space utilization at junctions. The operation also
contributes to enhancing the accuracy of behavioral recognition, resulting in a 2.7% improvement.

Characteristic transfer. We assess the influence of the characteristic transfer procedure on the outcomes. The operation can
effectively distinguish between waiting and passing behaviors in combined occurrence space, rather than assuming an equal
occurrence of the two types of behaviors. There is a 4.2% increase in accuracy in recognizing spatial patterns compared to the
baseline.

When comparing Model A with Model B, it is evident that while the characteristic transfer does not enhance the accuracy of
spatial recognition results, it does demonstrate improved performance in recognizing behaviors. The remarkable precision of Model
C in comparison to Models A and B suggests that the combined impact of spatial and behavioral operations synergistically improves
overall recognition abilities.

4.6. Application value discussion

In our final analysis, we draw conclusions from the identification results to elucidate the practical application of our method.

Despite the conventional inclusion of safety islands and crosswalks in intersection design to accommodate slow-moving vehicles,
our research has uncovered a different way in which non-motorized transport use the space. As depicted in Fig. 14(a), there is a
distinct discrepancy between the spaces occupied by waiting behaviors and those designated as safety islands.

We measured this difference by utilizing indicators such as the proportion of overflow area and the rate of safety island usage.
The outcomes are presented in Fig. 14(b). Spaces with large overflow areas and strong use of safety islands, such as areas 4 and
6, demonstrate a passive overflow pattern. Overflow commonly happens beyond the safety island, particularly in roadway safety
islands that are limited in space. These places are considered to effectively utilize the safety islands despite the overflow. On the
other hand, spaces 1, 2, 3, 5, and 8 are considered to be efficiently utilizing the safety islands. These spaces have high usage rates
but limited overflow, which suggests that they are being used optimally within their intended capacity.
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Space 7 depicts a distinct scenario in which overflow continues to happen despite the presence of abundant safety island space.
This suggests a current overflow pattern, most likely caused by the pressing need for walkers and non-motorized vehicles to cross.

These observations emphasize the subtle connections between urban infrastructure and user actions, emphasizing areas where
intersection design may be enhanced to effectively meet the changing requirements of all users.

Fig. 15(b) depicts the proportion of non-motorized transport that exceeds the capacity of the crosswalk. The green color indicates
overflow toward the outer side of the safety island, while the yellow color indicates overflow toward the inner side of the safety
island. The study results suggest that pedestrians and non-motorized vehicles often cross the roadway outside the specified crosswalk
and have a clear tendency to enter the intersection.

This observation reveals the exact pathways used by non-motorized transport and provides vital data for improving intersection
traffic control. Expanding the crosswalk into the intersection can improve the ability to handle traffic patterns, resulting in increased
safety and efficiency.

5. Conclusions

This study presents a method for recognizing the behavior of pedestrians and non-motorized vehicles using a two-channel grid
model. The system accepts DTP data as input and calculates the actual occurrence space and grid-level probability by analyzing the
occupancy and semantic characteristics. Experimental results demonstrate that our method outperforms the comparison method in
terms of recognition accuracy and processing speed, particularly in scenarios with low MOTA. The proposed method can facilitate
the space identification of pedestrians and non-motorized vehicle and their behavioral probabilities. This information can be utilized
to enhance the management strategy for chronic traffic crossing and enhance overall traffic safety.

The method possesses two primary benefits: (1) The method can accurately detect the behaviors of pedestrians and non-motorized
vehicles, even in high-density intersection scenarios where individual tracking is challenging. (2) This approach utilizes grid space
to discretize and compute the entire intersection space. It combines the semantic characteristics and the actual usage characteristics
of the intersection to provide a comprehensive understanding of the behaviors occurring in each space of the intersection.

The model presented in this paper still has certain limitations. However, there are two factors that can be employed to improve
this study. This paper’s methodology focuses solely on analyzing the fundamental pedestrian non-motorized crossing behaviors
of stopping and passing. It acknowledges the existence of more intricate behaviors, which will be the subject of future research.
Currently, we analyze pedestrian and non-motorized vehicle groups as a unified entity, but there are actually differences in the
behavior of these objects at intersections. Effectively distinguishing between the two types of objects is an area for improvement in
this paper.
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