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Abstract— Incorporating crowd models into robot simulators
is a common practice in the field of autonomous mobile robot
navigation research. Although crowd models developed in the
field of crowd simulation are frequently used, there is no
universal model that can be used for all scenarios. Therefore, it
is essential to select an appropriate crowd model for the specific
simulation environment. From this perspective, until now, we
have been studying a method for selecting an appropriate crowd
model for each category. This method observes the movement
trajectories of pedestrians in the environment to be simulated,
and classifies the environments into multiple categories based
on the observation results. In this process, feature images
are generated by superimposing the observation results on a
time axis. The latent variables in the feature images are then
extracted using an autoencoder, and the extraction results are
clustered. However, the impact of overlapping time intervals
(temporal granularity) and different extraction methods of
latent variables, which are important in generating feature
images, has not yet been clarified. In this paper, we assess
their influence on category classification accuracy. Based on
the obtained classification results, we also develop scenarios for
selecting a crowd model for each category.

I. INTRODUCTION
Incorporating crowd models into robot simulators is a

common practice in the field of autonomous mobile robot
navigation research [1]. Here, crowd models developed in
the field of crowd simulation are frequently used, such as
Social Force Model (SFM) [2] and Optical Reciprocal Col-
lision Avoidance (ORCA) [3]. However, there is no general-
purpose model that can handle all scenarios (environmental
geometry, crowd movement trends, human attributes, etc.),
pointing out the necessity of selecting an appropriate crowd
model for each simulation environment [4], [5]. Since the
crowd model selection affects navigation performance, how
to select the appropriate model for the environment has
become an important research question.

With this background, we have been studying a method to
select an appropriate crowd model for each category by ob-
serving pedestrian movement trajectories in the environment
to be simulated and classifying the environment into multiple
categories based on the observation results [6]. Specifically,
(i) feature images are generated by superimposing the obser-
vation results on a time axis; (ii) latent variables in the gener-
ated images are extracted using an autoencoder; and (iii) the
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variables are clustered for categorization. The effectiveness
of the method has been verified by regenerating feature
images from the classification results and visually compar-
ing their accuracy. However, the impact of differences in
temporal granularity (the time interval at which observation
results are superimposed on the time axis) and latent variable
extraction methods for clustering has not been clarified. The
proposed method is characterized by its representation of a
series of data (movement trajectories of crowds) that changes
with time as a single image superimposed on a time axis.
There would be an appropriate temporal granularity for clas-
sification. In addition, although one-dimensional arrays have
been used as input to the autoencoder, it is considered that
more suitable methods exist for extracting image features.

Based on the above, this paper conducts the following
two evaluations: (i) an evaluation in which the temporal
granularity is changed to 1 hour and 10 minutes; and (ii) an
evaluation in which the latent variable extraction method is
changed to Autoencoder (AE), Convolutional Autoencoder
(CAE), and Variational Autoencoder (VAE). As evaluation
metrics, the inter-cluster separation, the inner-cluster com-
pactness (consistency), and the Silhouette score are used,
in addition to the visual evaluation (subjective evaluation)
previously employed. The contributions of this paper are:

• Evaluate the impact of differences in temporal granu-
larity and latent variable extraction methods on classi-
fication accuracy in the proposed method.

• Develop possible scenarios for selecting a crowd model
for each category based on the classification results.

II. RELATED WORK
There are a variety of crowd models incorporated into

robot simulators, which are often categorized into three
types: force-based models, velocity object (VO) based mod-
els, and visual-based models. Force-based models assume
virtual repulsion from the environment and surrounding
agents and use the equation of motion to determine the
behavior of each agent, and SFM [2] is a typical example.
VO-based models determine the behavior by sequentially
predicting the future movements of surrounding agents at
short intervals based on the agents’ velocities, and ORCA [3]
is a typical example. Vision-based models determine the
behavior based on visual information such as camera images
(e.g., Vision Based Navigation (VBN) [7]). Each model has
its advantages and disadvantages, and ORCA-based methods
are often used in robot simulators. However, the validity
of applying a single model regardless of the scenario is
not clear. Recently, various methods to generate movement
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Fig. 1: Category classification process: (i) based on the movement trajectory of the crowd observed by the environmental sensors; (ii)
generate feature representations (i.e., feature vectors) that characterize the spatio-temporal data; and (iii) using a pre-trained classifier
generated in advance by machine learning algorithms with datasets; (iv) determine the category of the target environment [6].
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Fig. 2: Feature image generation procedure. Colors and arrow
directions represent characteristics of movement trends.

trajectories for each agent using machine learning algorithms
have been proposed [8], [9], but these methods require model
training for each scenario and are often not easy to use.

For this reason, several methods have been proposed
to classify the movement tendency of crowd into several
categories based on observations and use the classification
results for crowd model selection [10], [11]. We have also
proposed a method that generates a training dataset for
machine learning by classifying the environment based on
pedestrian movement trends [12]. These studies have mainly
used approaches that classify the visualization results of con-
gestion and human movement trends using machine learning
algorithms. However, it is not clear what kind of features
should be used as factors to characterize the time-space when
targeting simulators for robotics. The literature [6] focuses
on this point and proposes a method using a velocity vector.

III. METHOD

A. Overview

First, we present an overview of the environment clas-
sification method based on [6]. The category classification
process is shown in Fig. 1. Based on the movement trajectory
observed by the environmental sensors, the method generates
feature representations that characterize the spatio-temporal
data, and determines the category of the target environment
by using a pre-trained classifier generated by machine learn-
ing algorithms with datasets. After that, the crowd model to
be used is determined according to the category.

B. Problem Formulation

To train the classifier, we use a dataset of observed
and recorded pedestrian movement trajectories in various

environments. It is assumed that the dataset consists of
timestamps, pedestrian IDs (an ID that identifies a walking
trajectory), and the position coordinates of the pedestrians
(x, y) at the measurement time. The training data is con-
structed by extracting multiple subsets from the dataset.

Specifically, we extract the sets of data contained in certain
areas and certain durations from the dataset and construct
N subsets D[1],D[2], · · · ,D[N ], and generate the feature
representation of D[i] as xi = f(si) (i = 1, 2, ..., N) using a
certain function f , where si ∈ D[i] and xi ∈ Rd. This set of
feature representations X = {x1,x2, · · · ,xN} = {xi}Ni=1 is
used to construct the classifier. The number of clusters is K,
and the elements of X are classified into one of the clusters
Y = {C1, C2, ..., CK} based on some degree of similarity.
The classification criteria obtained in this process are used
as the categorical classifier. For categorization, we construct
s∗ by observing and accumulating the position coordinates
(xj , yj) of the pedestrian j at a certain time t in the simulated
environment, and determine the appropriate category y∗ ∈ Y
by using x∗ = f(s∗).

C. Feature Image Generation
This method uses an image as the feature representation

xi of the i-th subset D[i]. Specifically, the feature vector is
generated by superimposing images representing the position
coordinates of the pedestrians, movement speeds, and direc-
tions of movement at time intervals that constitute the subset
D[i]. Translucent images are used to represent the shading
(density) caused by the superimposition, and color mapping
is used to change the color for visualizing the magnitude of
the values. The function f(si) is expressed as follows:

1) Draw the coordinates (x, y) of all pedestrians in D[i]

as a scatter plot using translucent images.
2) Change the color of the points, making them more

blue/yellow when moving slowly/quickly.
3) Calculate the velocity vector for each pedestrian and

draw it as a translucent arrow overlaid on the scatter
plots. The length and direction represent the magnitude
of the speed and movement direction.

4) Change the color of the arrows, making them more
blue/yellow when moving slowly/quickly.

The procedure of feature image generation is shown in Fig. 2.
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Fig. 3: Overall shape of the shopping mall (scatter plots of the
coordinates where pedestrians are present) and the areas
corresponding to the target environments (01 ∼ 07) [6].

Fig. 4: Example of extracted feature image for each area.

D. Category Classification

The category classifier is constructed by using the gen-
erated X = {x1,x2, · · · ,xN}. This method extracts latent
variables from the generated images using three types of
training models: Autoencoder (AE), Convolutional Autoen-
coder (CAE), and Variational Autoencoder(VAE). Then, the
extraction results are clustered to classify categories.

In the literature [6], only AE is used as the training model.
In this paper, CAE and VAE are added to the model to
evaluate the impact of different latent variable extraction
methods on classification accuracy. CAE has the feature
of preserving the spatial structure of the input data by
merging CNN and AE; VAE has the potential to extract
data characteristics more flexibly by explicitly modeling the
distribution of data in the latent space. Since this method
aims to classify artificially generated abstract images (e.g.,
Fig. 2), we add CAE, which preserves the spatial structure,
and VAE, which allows for flexible feature extraction.

IV. EXPERIMENTAL SETTINGS

To evaluate the impact of differences in the temporal gran-
ularity of feature image generation and the latent variable
extraction methods on classification accuracy, we conducted
an evaluation experiment using a pedestrian movement tra-
jectory dataset. Here, we actually categorized the simulation
environments based on the classification method described
in Section III, and compared the results based on evaluation
metrics. The comparisons were made by changing the tem-
poral granularity to 1 hour and 10 minutes, and by changing
the latent variable extraction method to AE, CAE, and VAE.
The experimental settings are described in detail below.

Fig. 5: Autoencoder (AE) Model.

A. Dataset

We used the datasets from the ATC shopping center [13]
collected at a shopping mall in Japan (https://dil.
atr.jp/crest2010_HRI/ATC_dataset/). The en-
tries of the dataset are as follows:

• Date: Wed. and Sun. from 10/24/2012 to 11/29/2013
• Time: 9:00 – 21:00
• Items: time [ms], person ID, posision (x, y, z) [mm],

velocity [mm/s], motion angle [rad], facing angle [rad]

B. Feature Image Generation

The subsets were constructed by extracting 7 areas with
different characteristics from the whole dataset with refer-
ence to the area of a small exhibition room in a museum
(5, 600 mm × 9, 500 mm). The overall shape of the shopping
mall and the areas corresponding to the target environments
are shown in Fig. 3 (numbered from 01 to 07). The reason for
selecting areas with different characteristics is to ensure that
the diversity of crowd behavior is reflected in the classifier.
The target dataset contains a variety of spatial structures and
crowd behavior patterns, and selecting areas with different
characteristics is expected to cover a wide range of scenarios.
The results of extracting representative feature images are
shown in Fig. 4. Each area has the following features.

• Area 01: Near the entrance and exit to the parking lot,
heavy pedestrian traffic, and few pedestrians staying.

• Area 02: Near the entrance and exit to the train station,
and low pedestrian traffic.

• Area 03 and 04: Many pedestrians staying in the square.
• Area 05, 06, and 07: Passage from the station to the

square, heavy pedestrian traffic, and few staying.
Fig. 4 indicates that each area has visually different features,
but note that these features change from time to time, and
their images are only examples.

During image generation, the pixel values of the images
were normalized by scaling them from 0 to 1, and all images
were resized to 128 × 128 pixels for the same resolution.
The number of feature images generated was 7,569 with a
temporal granularity of 1 hour and 6,083 with a temporal
granularity of 10 minutes.

C. Classifier Construction

The dimension of the input image was set to d = 128 ×
128×3 (RGB image), which was used as input to AE, CAE,
and VAE with a 1,000-dimensional feature vector as a latent
representation (for all models). As for the clustering method,
we used the k-means clustering (K = 5) similar to [6].
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Fig. 6: Convolutional Autoencoder (CAE) Model.

Fig. 7: Variational Autoencoder (VAE) Model.

For the latent variable extraction methods used in the
experiments, the structure of the AE model is shown in
Fig. 5, that of the CAE model in Fig. 6, and that of the
VAE model in Fig. 7. In AE, RGB image data was flattened
into a one-dimensional vector as input, Adam was used as
the optimizer, and Binary Cross Entropy was used as a
loss function. In CAE, different loss functions are used to
minimize the reconstruction error of the input data, and in
this experiment, Binary Cross Entropy (BC), Mean Absolute
Error (MAE), and Mean Squared Error (MSE).

D. Evaluation Metrics

As evaluation metrics, we used the inter-cluster separation,
the inner-cluster compactness, and the Silhouette score, in
addition to the visual evaluation (subjective evaluation).

1) Inter-cluster separation: To evaluate the degree of
clarity of separation between categories, we used the inter-
cluster separation. It calculates the distance between cen-
troids (Euclidean distance) for each cluster; the larger the
value, the greater the differences between clusters. For each
cluster Ci, calculate the centroid µi and obtain the degree of
separation as the average of Dij =∥ µi − µj ∥.

2) Inner-cluster compactness: To evaluate the similarity
within a category, we used the inner-cluster compactness
(consistency score). It calculates the average distance be-
tween the data in a cluster; the smaller the value, the higher
the similarity within a cluster. The inner-cluster compactness
ICi for cluster Ci is

ICi =
2

|Ci|(|Ci| − 1)

∑
x,y⊂Ci,x ̸=y

∥ x− y ∥ (1)

where |Ci| is the number of data in cluster Ci and x, y is
the data values in cluster Ci. The score is calculated as the
average of these values for all clusters.

3) Silhouette score: To evaluate the overall quality of the
clustering results, we used the Silhouette score. This score
is calculated as the average of the Silhouette coefficients
for each data, where the coefficients are calculated as an

overall assessment of how well a given data fits into its own
cluster and how different that data is from other clusters. The
calculation procedure is as follows:

1) For each data i, calculate the average distance a(i)
from all other data in its cluster.

2) Calculate the average distance b(i) from other clusters
that do not contain data i.

3) Calculate the Silhouette coefficient s(i) as follows:

s(i) =
b(i)− a(i)

max(a(i), b(i))
(2)

4) The Silhouette score is the average of s(i).

V. EXPERIMENTAL RESULT

A. Subjective Evaulation

As a subjective evaluation, we obtained decoded images of
the clustering results, and visually compared five randomly
selected images for each category side by side in a row. The
clustering results for each latent variable extraction method
at a temporal granularity of 1 hour are shown in Fig. 8, and
those of 10 minutes are shown in Fig. 9. Here, images in the
same cluster are placed horizontally side by side.

Overall, the separation between clusters is clearer in the
1-hour case than in the 10-minute case. As for the latent
variable extraction methods, clustering using CAE (BC),
CAE (MAE), and VAE showed relatively high consistency,
with little mixing of different categories. In particular, VAE
shows high consistency and clear cluster boundaries, with
excellent clustering performance in the 1-hour case.

B. Objective Evaluation

As an objective evaluation, we obtained the inter-cluster
separation, the inner-cluster compactness, and the Silhouette
score. The experimental results for temporal granularity and
latent variable extraction method are shown in Table I.

The inner-cluster compactness is the lowest for AE in
both 1-hour and 10-minutes cases, while the inter-cluster
separation and the Silhouette score are the highest for VAE.
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AE CAE (BC) CAE (MAE) CAE (MSE) VAE

Fig. 8: Visualization of clustering results for each latent variable extraction method at a temporal granularity of 1 hour.

AE CAE (BC) CAE (MAE) CAE (MSE) VAE

Fig. 9: Visualization of clustering results for each latent variable extraction method at a temporal granularity of 10 minutes.

TABLE I: Experimental results of objective evaluation for temporal granularity and latent variable extraction method.

Temporary granularity Extraction model Inter-cluster separation Inner-cluster compactness Silhouette score

1 hour

AE 0.79 0.88 0.24
CAE (BC) 1.00 8.18 0.27
CAE (MAE) 14.04 13.64 0.34
CAE (MSE) 9.93 7.88 0.35
VAE 44.24 11.99 0.58

10 minutes

AE 0.64 0.97 0.16
CAE (BC) 9.92 9.48 0.20
CAE (MAE) 13.24 13.27 0.30
CAE (MSE) 8.19 7.32 0.27
VAE 31.05 7.11 0.58

Category 1 Category 2 Category 3 Category 4 Category 5

Fig. 10: Representative images extracted from each category.

Combined with the results of the subjective evaluation, VAE
is considered superior to the other methods. For temporal
granularity, the overall evaluation value is higher for the 1-
hour case, regardless of the latent variable extraction method.

C. Discussion

In this section, we discuss the impact of differences in
temporal granularity and latent variable extraction methods.

Regarding the effect of temporal granularity, VAE showed
stable performance for both 1 hour and 10 minutes, whereas
the performance of the other methods varied with them. In
particular, CAE (MAE) and CAE (MSE) tend to perform
poorly at the 10-minutes case, and have problems with
robustness to short-time data variations.

For latent variable extraction methods, VAE significantly
outperformed the other methods on all evaluation metrics.
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This suggests that VAE better captures the structure of
the data in the latent space and has a superior ability
to clearly separate each cluster. In particular, VAE shows
high values of the inter-cluster separation and the Silhouette
score, indicating that it generates clear boundaries between
clusters. For that, less mixing of different categories and
more consistent clustering are realized. On the other hand,
the performance of CAE varied greatly depending on the
loss functions. CAE (BC) and CAE (MAE) showed high
inner-cluster compactness and a moderate degree of inter-
cluster separation, with MAE in particular showing less
inner-cluster variation. This is because MAE is robust to
outliers and has the effect of bringing the data in a clus-
ter closer together. However, CAE (MSE) showed slightly
poorer performance than the other CAE methods, especially
at a temporal granularity of 10 minutes. MSE is sensitive to
outliers, which may increase the variability of the data. AE
has lower clustering performance than the others, with lower
inter-cluster separation and Silhouette score, indicating that
it is difficult to form consistent clusters.

These results indicate that it is important to select a
suitable temporal granularity and variable extraction method.

VI. APPLICATION
Based on the experimental results, we developed a set

of assumed scenarios for selecting a crowd model for each
category. Here, we used the clustering result for temporal
granularity of 1 hour and VAE, which are considered to
have the best clustering performance. We first extract typical
representative examples from the subset classified into each
category, and consider these characteristics of the area and
time period as the features of each category. Then, we
map the categories to the crowd models by associating the
characteristics with the crowd models.

First, we extracted a feature image representing each cat-
egory from the experimental results. The images are shown
in Fig. 10. The following summarizes the area, time periods,
and characteristics from which each image was extracted:

• Category 1: Area 02 (15:00 – 16:00), low pedestrian
traffic near the entrance and exit to the train station. This
area is characterized by moderate traffic volume and few
pedestrian staying, making for a smooth movement.

• Category 2: Area 07 (14:00 – 15:00), a passage from
the station to the square. This area is characterized by
high traffic volume and few pedestrian staying.

• Category 3: Area 05 (14:00 – 15:00), a passage from
the station to the square. This area is characterized by
high traffic volume and few pedestrian staying.

• Category 4: Area 03 (15:00 – 16:00), open square. This
area is characterized by many staying in the square.

• Category 5: Area 07 (15:00 – 16:00), heavy pedestrian
traffic in the passage from the station to the square. This
area is characterized by holidays when shopping malls
are crowded and people stay inside the stores.

We considered these characteristics as category features
and summarized them in the following four scenarios.

• Scenario 1: Low density, few stay, moderate speed

• Scenario 2: Moderate density and speed, partial stay
• Scenario 3: High density, stay, low speed
• Scenario 4: High density, stay, moderate speed
These can be associated with crowd models by using

model selection methods appropriate for a scenario [14].

VII. CONCLUSIONS

In this paper, we evaluated the impact of different temporal
granularities (1 hour and 10 minutes) and latent variable ex-
traction methods (AE, CAE, VAE) on classification accuracy.
The results of the study can be summarized as follows:

• Effect of temporal granularity: classification accuracy
was higher for the 1-hour case than for 10-miniutes
case. In particular, VAE showed superior performance.

• Effect of feature extraction method: VAE showed the
highest performance. The ability to capture complex
feature space may contribute to the performance.

In the future, we will determine a more appropriate tem-
poral granularity and design evaluation metrics considering
crowd model selection.
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