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Abstract The main objective of this research was to characterize public spaces through
a mobility study on pedestrian patterns analyzed by means of video analytics (i.e., ob-
ject detection, crowd counting, pedestrian tracking), for the case study of Piazza Duomo
(Milan, Italy). The analysis focused on defining different pedestrian profiles through ob-
servable behavioural parameters (e.g., density conditions, speeds, trajectories, etc.). The
results of the research could support the definition of an evidence-based approach for
regeneration projects of urban public spaces.
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1 Introduction

Field data represents a key starting point to support the study of pedestrian behavior in
urban settings. As mentioned in [1,2], the systematic observation of pedestrian dynamics
is a very informative method to record what people do and how they behave in a particular
space. In order to get such kind of records researchers can utilize manual or automated
techniques for people counting and tracking [3], or exploit sensor records such as GPS [4]
and Wi-Fi [5, 6]. In particular, computer vision techniques allow the automated analysis
on crowd counting and density estimation, crowd motion detection, crowd tracking, and
crowd behavior understanding [7–9].

In this framework, the current study aimed to transform raw observation data from
a webcam installed in a large crowded public space (Piazza Duomo, Milan, Italy) into
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valuable urban planning insights. Object detection and object tracking models were em-
ployed to identify pedestrians and track their movements within the square [10–16]. The
research explored the advantages of these techniques in urban planning, using specific
metrics to analyze individual distributions and trajectories. Additionally, the study at-
tempted to identify different categories of pedestrians (e.g., commuters, tourists, singles,
groups).

2 Methodology

The study is composed of five methodological steps: (i) Model Selection and Data Set
Collection; (ii) Fine-tuning and Evaluation; (iii) Detection and Tracking; (iv) Geo-referencing;
and (v) Urban Analytics.

2.1 Model Selection and Data Set Collection

For the object detection and object tracking steps, YOLOv7 [17] and SORT [18] algo-
rithms were selected, respectively. The dataset used for the fine-tuning phase of the ob-
ject detection models consists of videos captured by 500 Pan-Tilt-Zoom traffic cameras
installed in the city of Montreal1 (CGMU dataset).

2.2 Fine-tuning and Evaluation

Fine-tuning was conducted for the YOLO v7 object detection model as follows. First, pre-
trained weights of the Microsoft Common Objects in Context (MS-COCO) were sourced.
Then, a transfer-learning approach was employed to fine-tune the output layers only, using
the CGMU dataset. A performance evaluation was carried out on a test set. This evalu-
ation involved the use of metrics such as Precision, Recall, and mean Average Precision
(mAP). Precision quantifies the accuracy of predictions, while recall measures how many
predictions match the ground truth. Last, mAP combines these metrics, summarizing the
precision-recall curve to represent the average of all precisions.

2.3 Detection and Tracking

Once the training step of the object detection models was completed, the SORT algorithm
was selected for tracking pedestrians. The result of the object recognition and tracking
process is the creation of a text file with the following information: video frame, object
ID, object class (i.e., pedestrian), pixel X, and pixel Y. The Piazza Duomo dataset consists
of several videos recorded by a stationary camera on Thursday, July 15, 2021, in different
30-minute time slots, five different moments of the day: 8:00 - 8:30, 11:00 - 11:30, 12:45
- 13:15, 15:00 - 15:30, and 18:00 - 18:30. Videos have 1920×1080 pixels resolution and
a frame rate equal to 15.01 FPS (see Fig. 1).

1https://donnees.montreal.ca/dataset/images-annotees-cameras-
circulation

https://donnees.montreal.ca/dataset/images-annotees-cameras-circulation
https://donnees.montreal.ca/dataset/images-annotees-cameras-circulation
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Figure 1 Piazza Duomo dataset - camera view

2.4 Geo-referencing

The geo-referencing process estimated the geographical coordinates of pedestrians in the
square to eliminate perspective distortion of the images by locating pedestrians in the tar-
get area. The methodology relied on the Thin Plate Spline algorithm as a transformation
technique, with Ground Control Points selected to anchor points in the perspective image.

2.5 Urban Analytics

To conduct urban analysis, QGIS software and Python scripts were utilized. The geo-
referenced data was analyzed in two distinct ways. Firstly, point pattern analysis was
employed to characterize public spaces, while trajectory data mining was utilized to un-
cover various pedestrian utilization profiles.

3 Results

3.1 Model Evaluation

The quality of training results for YOLOv7 [17] were evaluated through metrics as Pre-
cision, Recall and mean Average Precision (mAP), calculated on a test set extracted from
the CGMU dataset. These were equivalent to 0.860, 0.799 and 0.874 respectively.

3.2 Point Pattern Analysis

The following metrics were calculated to understand and analyze the distribution of geo-
referenced pedestrian detections for each time slot: Density (ped/sqm), and Flow Rate
(ped/min/m). Density and Flow Rate are sourced from the Walkway Level of Service
Criteria (LOS) [19], these are qualitative measures describing the impact of contextual
situations of crowd density on pedestrian circulation dynamics.

The results are presented in Tab. 1. Both Density and Flow Rate show lower values in
the early hours of the day and highest values in the time slot 18:00-18:30. Results (see
Fig. 2) showed that the use of the square increases over the hours, with the highest values
in the afternoon, especially nearby the subway accesses in the square. In general, most
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(a) (b)

Figure 2 Density (ped/sqm), and flow rate (ped/min/m)
Image axes correspond to the projected coordinate reference system WGS 84/UTM zone 32N
(EPSG:32632).

Table 1 Results of density, and flow rate.

Time Slot Density [ped/m2] Flow Rate [ped/min/m]

08:00 - 08:30 0.007 ± 0.008 0.948 ± 0.861
11:00 - 11:30 0.023 ± 0.021 3.058 ± 2.252
12:45 - 13:15 0.029 ± 0.025 3.653 ± 2.472
15:00 - 15:30 0.026 ± 0.022 3.669 ± 2.531
18:00 - 18:30 0.027 ± 0.025 3.971 ± 2.754

Total 0.021 ± 0.017 2.949 ± 1.973

of the square is characterized by LOS A indicating “free flow”, considering the average
scenario of the five time slots. Some areas of the square are nevertheless characterized by
LOS B representing the presence of irregular flow under low- to medium density condi-
tions.

3.3 Trajectory Data Mining

Trajectories analysis included two filtering operations. The first consisted of considering
only those trajectories lasting more than 20 seconds. The second filtering step consisted
of discarding those trajectories containing points with speeds above 2 m/s, which were
considered outliers. At the end of the data cleaning operations, 4,326 trajectories were
obtained in total (see Fig. 3). For each time slot, average values of time distance, du-
ration, speed, and direction, are presented in Tab. 2. The first time slot, 08:00-08:30,
is characterized by the lowest number of trajectories but at the same time by the high-
est speed value. It can be assumed that there are mostly commuters at this time of day.
Over the hours, the number of identified trajectories increases and the average speed de-
creases. This indicates greater pedestrian congestion in the square. In the last time slot,



Video Analytics for Understanding Pedestrian Mobility Patterns 5

Figure 3 Overall processed trajectories
Image axes correspond to the projected coordinate reference system WGS 84/UTM zone 32N
(EPSG:32632).

Table 2 Trajectories summary statistics

Time Slot Count Avg. Distance [m] Avg. Duration [s] Avg. Speed [m/s] Avg. Direction [°]

08:00 - 08:30 255 18.087 ± 10.472 31.751 ± 15.226 0.610 ± 0.377 120.422 ± 57.002
11:00 - 11:30 922 13.236 ± 8.332 32.150 ± 18.740 0.436 ± 0.274 113.616 ± 46.916
12:45 - 13:15 1,274 13.589 ± 8.259 31.147 ± 14.354 0.450 ± 0.271 116.79 ± 47.385
15:00 - 15:30 970 13.653 ± 8.852 30.046 ± 13.367 0.468 ± 0.296 121.909 ± 53.729
18:00 - 18:30 905 12.523 ± 8.525 31.235 ± 16.279 0.418 ± 0.281 116.899 ± 47.671

18:00-18:30, the lowest values for speed and distance traveled are reported.

3.4 Commuters vs Tourists

Considering the pre-processed trajectories, clustering was performed to identify com-
muters and tourists. According to [20], it was assumed that the trajectories of commuters
are characterized by higher linearity and higher speed, unlike those of tourists which are
characterized by greater uncertainty and lower speed. Results in Tab. 3 showed that the
tourists’ cluster (69% of the observed pedestrians) is characterized by more irregular tra-
jectories and a lower speed, which leads to covering shorter distances in more time. A
series of two-tailed t-tests analyses confirmed that the average values of distance, speed,
and direction are significantly different for the two typologies of pedestrians, except for
the 11:00 and 18:00 time slots.

3.5 Single vs Groups

Further analysis was devoted to investigate the presence of groups of two or three mem-
bers, namely pedestrians whose trajectories have close start/ intermediate/ end points (no
more than 1.5 m) [20]. Results (see Tab. 4) showed that single pedestrians cross the square
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Table 3 Clustering results

Time Slot Avg. Distance [m] Avg. Duration [s]
Commuters Tourists Commuters Tourists

08:00 - 08:30 26.956 ± 7.269 10.802 ± 6.209 28.012 ± 9.149 34.822 ± 18.274
12:45 - 13:15 22.902 ± 7.210 9.778 ± 4.984 28.895 ± 10.607 32.069 ± 15.541
15:00 - 15:30 24.488 ± 7.990 9.727 ± 5.068 27.430 ± 8.129 30.994 ± 14.705

Time Slot Avg. Speed [m/s] Avg. Direction [°]
Commuters Tourists Commuters Tourists

08:00 - 08:30 0.960 ± 0.240 0.322 ± 0.166 156.568 ± 61.191 90.731 ± 29.962
12:45 - 13:15 0.792 ± 0.204 0.310 ± 0.138 155.572 ± 59.831 100.910 ± 28.875
15:00 - 15:30 0.872 ± 0.203 0.322 ± 0.155 177.725 ± 61.486 101.684 ± 32.058

Table 4 Groups detection results

Time Slot Avg. Distance [m] Avg. Duration [s]
Single pedestrians Groups Single pedestrians Groups

11:00 - 11:30 14.060 ± 8.664 10.123 ± 6.006 30.829 ± 15.044 37.142 ± 28.192
12:45 - 13:15 14.229 ± 8.408 10.928 ± 7.022 30.034 ± 13.468 35.777 ± 16.822
15:00 - 15:30 14.344 ± 9.137 10.208 ± 6.234 29.559 ± 13.348 32.479 ± 13.237
18:00 - 18:30 12.981 ± 8.698 10.343 ± 7.287 30.589 ± 14.630 34.316 ± 22.345

Time Slot Avg. Speed [m/s] Avg. Direction [°]
Single pedestrians Groups Single pedestrians Groups

11:00 - 11:30 0.471 ± 0.285 0.301 ± 0.171 116.754 ± 49.238 101.763 ± 34.457
12:45 - 13:15 0.483 ± 0.276 0.310 ± 0.195 120.643 ± 48.918 100.746 ± 36.307
15:00 - 15:30 0.496 ± 0.301 0.329 ± 0.226 125.572 ± 55.086 103.640 ± 41.973
18:00 - 18:30 0.440 ± 0.290 0.309 ± 0.203 119.304 ± 49.783 105.444 ± 33.791

at a higher speed than groups (17% of the observed pedestrians). A series of two-tailed
t-tests analyses confirmed that the average values of the considered metrics (distance,
duration, speed, direction) are significantly different for single pedestrians and groups
considering the five time intervals, except for the duration value in the 08:00 time slot.

4 Conclusions and Future Work

The aim of the research was to use innovative computer vision techniques to detect and
track pedestrians in a large public space and extract meaningful mobility patterns. Urban
planning metrics were applied to characterize the urban space and identify different cat-
egories of pedestrians, including the presence of commuters, tourists, single pedestrians
and groups. Results showed the high potential of computer vision for urban mobility anal-
ysis. However, the algorithms used for detection and tracking have limitations in crowded
and small pedestrian scenarios. More annotated datasets reflecting complex situations
are needed for improved performance. This research could be relevant for developing an
evidence-based approach for regeneration projects of urban public spaces [7].
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