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Abstract: Skateboarding as a method of transportation has become prevalent, which has increased 
the occurrence and likelihood of pedestrian–skateboarder collisions and near-collision scenarios in 
shared-use roadway areas. Collisions between pedestrians and skateboarders can result in signifcant 
injury. New approaches are needed to evaluate shared-use areas prone to hazardous pedestrian– 
skateboarder interactions, and perform real-time, in situ (e.g., on-device) predictions of pedestrian– 
skateboarder collisions as road conditions vary due to changes in land usage and construction. A 
mechanism called the Surrogate Safety Measures for skateboarder–pedestrian interaction can be com-
puted to evaluate high-risk conditions on roads and sidewalks using deep learning object detection 
models. In this paper, we present the frst ever skateboarder–pedestrian safety study leveraging deep 
learning architectures. We view and analyze state of the art deep learning architectures, namely the 
Faster R-CNN and two variants of the Single Shot Multi-box Detector (SSD) model to select the correct 
model that best suits two different tasks: automated calculation of Post Encroachment Time (PET) 
and fnding hazardous confict zones in real-time. We also contribute a new annotated data set that 
contains skateboarder–pedestrian interactions that has been collected for this study. Both our selected 
models can detect and classify pedestrians and skateboarders correctly and effciently. However, 
due to differences in their architectures and based on the advantages and disadvantages of each 
model, both models were individually used to perform two different set of tasks. Due to improved 
accuracy, the Faster R-CNN model was used to automate the calculation of post encroachment time, 
whereas to determine hazardous regions in real-time, due to its extremely fast inference rate, the 
Single Shot Multibox MobileNet V1 model was used. An outcome of this work is a model that can be 
deployed on low-cost, small-footprint mobile and IoT devices at traffc intersections with existing 
cameras to perform on-device inferencing for in situ Surrogate Safety Measurement (SSM), such 
as Time-To-Collision (TTC) and Post Encroachment Time (PET). SSM values that exceed a hazard 
threshold can be published to an Message Queuing Telemetry Transport (MQTT) broker, where 
messages are received by an intersection traffc signal controller for real-time signal adjustment, thus 
contributing to state-of-the-art vehicle and pedestrian safety at hazard-prone intersections. 

Keywords: post encroachment time; deep learning; object detection; Faster R-CNN; Single Shot 
Multi-box Detector; skateboarder; hazardous region 

1. Introduction 

Skateboarding as means of short distance transportation is attaining wide popularity. 
The 2020 Summer Olympics in Tokyo, which took place in 2021, featured skateboarding 
as a competitive sport for the frst time [1]. Skateboarders maneuvering in areas with 
condensed pedestrian traffc elevates the probability of skateboarder–pedestrian collision or 
near-collision events. Pedestrians walking or standing on sidewalks can also be susceptible 
and may need to dodge relatively fast moving skateboarders. A widely used mechanism 
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for approximating risks in regions of a roadway shared with multifarious vehicles is termed 
Surrogate Safety Measures (SSM). These quantifers provide a probability of near-collision 
occurrences by calculating the temporal and spatial proximity among road users. Among 
adolescents aged between 5 and 19 years, skateboarding has been reported to be the 
most notable cause of injury [2]. Skateboarders travel at a substantially higher velocity 
relative to the velocity of pedestrians walking on sidewalks and therefore skateboarders are 
required to conduct maneuvers to avoid colliding with moving and fxed pedestrians and 
other obstacles. Moreover, skateboarders will often encroach into roadways designated 
exclusively for vehicular traffc when transitioning between sidewalks. Traumatic injuries 
can occur when skateboarders collide with vehicles or pedestrians [3]. 

SSMs are numerical metrics used to pinpoint critical safety related events, such as 
near collision occurrences, that transpire in particular areas on a thoroughfare. SSM values 
that exceed a certain hazardous threshold can be used to redesign roadways or justify 
the adoption of traffc routing policies designed to lower the probability of collisions 
or near-collision incidents between skateboarders and pedestrians. The conventional 
approach taken to gauge the safety of thoroughfares with excessive pedestrian density is to 
accumulate and then later inspect a long history of incident data before enacting design or 
policy refnements. Skateboarder–pedestrian encounters are rare events, so multiple years 
of data acquisition are typically needed before changes in policy are enacted. In addition, 
several recorded incidents between skateboarders and pedestrians are needed to gain the 
attention of city offcials in order for actions be taken to improve safety. Unfortunately, 
each incident potentially results in trauma or musculoskeletal injury to both skateboarder 
and pedestrian [4,5]. A reactive approach to safety improvement may be impeded by 
modifcations to roadways and sidewalks due to changes in land use, which impacts 
long-term safety analysis. Therefore, more proactive approaches are needed to assess 
thoroughfare safety, ideally in real-time, to decrease the probability of near-collision events. 
Such approaches can be used to evaluate the safety of skateboarders and pedestrians who 
utilize areas that may structurally change over time due to construction and other land-
use demands. The feld of artifcial intelligence has excelled over the last few decades in 
solving a plethora of real world applications through the development, analysis, and use of 
different algorithms. Panda and Majhi [6] demonstrated the supremacy of the Salp Swarm 
Algorithm and showed this algorithm outperforms previously known effcient evolutionary 
algorithms such as Particle Swarm Optimization (PSO), the meta-heuristic Grey Wolf 
Optimization (GWO), and Genetics Algorithms (GA) in training Multilayer Perceptrons. 
Dulebenets [7] developed a novel memetic algorithm that helps berth scheduling and 
mitigates congestion faced by marine container terminal (MCT) operators affected by a 
surge in the number of large vessels. In the feld of genetics, decision trees have been 
developed to distinguish between bacterial and viral meningitis [8]. Liu et al. [9] developed 
an angle-based selection strategy and a shift-based density estimation strategy to improve 
the scalability of multiobjective evolutionary algorithms, techniques which have gained 
increasing attention in the computational research community. In addition, Liu et al. 
proposed a learning-based algorithm that aims to enhance a generalization ability when 
problem features are unknown during the optimization process in solving many-objective 
problems (MaOP). Pasha et al. [10] developed a linear programming model that minimizes 
the total cost of a Factory in a Box (FIAB) supply chain network that was shown to 
outperform other metaheuristic algorithms. However, with the ability to perform parallel 
computations with GPUs, deep learning models, a subset of artifcial intelligence, are being 
trained and are widely used for object detection and tracking in real time. 

One particular approach to evaluate thoroughfare safety is through the use of deep 
learning models to classify and detect objects in video frames captured with traffc surveil-
lance cameras, and then to use object detection metadata, such as bounding box geometry, 
position, and velocity, to compute SSMs in real-time. Two SSMs are frequently employed to 
measure safety: post-encroachment time (PET) [11–13] and time-to-collision (TTC) [14–16]. 
PET is the difference in time between a vehicle leaving the area of encroachment and a 
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conficting vehicle entering the same area [17]. TTC is the time until one or more road 
users collide, provided that all users maintain their velocity (speed and direction of travel). 
Figure 1 shows an example of computing PET in real-time. 

Figure 1. (a) Initial grid of feature points, (b) vehicle streamlines generated with OpenCV optical 
fow using the Lucas–Kanade estimation method, (c) superimposed artifcially created confict zone 
covering the area of greatest streamline number density, (d) vehicle being tracked, (e) vehicle centroid 
entering confict zone at time 22:08:52.516, (f) vehicle centroid exiting confict zone at time 22:08:52.956, 
(g,h) closer view showing confict zone computed ingress and egress timestamps. Computed vehicle 
confict zone residence time Δt = 956 ms − 516 ms = 440 ms. 

The augmented yellow box identifes an artifcially created confict zone where vehicles 
ingress from different directions and share the same spatial area. To determine a confict 
zone area, we used the sparse optical fow algorithm of Lucas–Kanade in OpenCV to 
compute streamlines showing the path vehicles travel at a four-way intersection. We then 
determine areas of greatest streamline number density and superimpose a designated 
confict zone area in the video stream shown in frame (c). We compute PET by capturing 
the ingress and egress timestamps of a vehicle’s bounding box centroid entering and 
exiting the confict zone. In frame (g) we detect a vehicle entering the confict zone at time 
22:08:52.516 and in frame (h) we see a vehicle exiting the confict zone at time 22:08:52.956. 
We then compute the vehicle confict zone residence time Δt = 956 ms − 516 ms = 440 ms. 
This method can be used to compute the confict zone residence times of pedestrian and 
skateboard users that share the same spatial area on sidewalks and other pedestrian dense 
thoroughfares, and the length of time any two users simultaneously reside in the same 
confict zone. One problem with the Lucas–Kanade algorithm is that it fnds the edges of 
any object passing in front of the camera and the lines are drawn based on sharp edges of 
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the object. Because we want to analyze PET for skateboarders and pedestrians, we frst 
need to use an object detector to detect the two classes. Application of such a method also 
requires the development of a dataset of pedestrians and skateboards with ground truth 
bounding boxes and assigned class labels (one per bounding box) to train a supervised 
model on a region that includes skateboarders and pedestrian traffc. This object detection 
model can also be used to detect hazardous regions dynamically in real time. 

This work focuses on developing models to identify skateboarder–pedestrian inter-
action that can be used in traffc systems for collision prediction and collision avoidance. 
However, retraining deep-learning models with annotated images of bicycles, electric 
scooters, and other vehicles can be used to carry out a comprehensive vehicle safety 
study. Pedestrian–bicycle collisions are often fatal [18]. The limited attention given by 
researchers to pedestrian collisions with cyclists is surprising, given the growing popu-
larity of cycling [19]. Fontaine and Yves examined reports of fatal pedestrian accidents in 
France where 1289 pedestrians were killed due to collisions with various vehicles within a 
span of just one year [20]. Choueiri et al. [21] studied pedestrian fatalities over the span 
of ffteen years involving various vehicles in the United States of America and Western 
Europe. Because of the successful use-case of our current model, the authors are working 
on hand annotating other vehicles such as cars, trucks, sport utility vehicles, bicycles, 
motorcycles, vans, golf carts, and box-trucks (e.g., a UPS delivery truck), to expand the 
detection and classifcation capabilities of our model. These datasets will be available for 
public download from the Center for Open Science portal https://osf.io/, accessed on 25 
August 2021. 

The rest of this paper is organized as follows: Section 2 briefy explores the model of 
the camera and positioning used to create a new skateboarder–pedestrian confict zone 
dataset. Section 3 discusses the data distribution of the dataset. Section 4 mentions the 
state of art (SOA) object detection models used in this paper. In Section 5, an overview of 
the performance metric of object detection models is discussed. Section 6 discusses and 
examines model statistics and simulation results, which includes model input sizes, model 
mean average precision, hardware used, model frame rates, training losses, evaluation 
losses, and model prediction evaluation on images. Finally, critical fndings are highlighted. 
In Section 7 we choose two models as suitable from the three models we trained to apply 
in solving two different tasks: automated PET calculation and real-time hazardous confict 
zone determination. In this section we also justify the model chosen for each task: the 
former requires extreme precision where the latter requires a real-time objective. Section 8 
provides concluding remarks and Section 9 considers future work. 

2. Selection of the Physical Study Area 

The traffc intersection located at 4th Avenue and C Street in the city of Chula Vista, 
California (USA) [22] is ranked as the fourth most dangerous intersection in San Diego 
County for pedestrian deaths resulting from vehicle–pedestrian collisions. Pedestrian 
traffc in these intersections involves skateboarders, electric scooters, and bicycles, in 
addition to walking. In December 2018, a man travelling on a rented electric scooter was 
killed by a driver in Chula Vista at Third Avenue near Quintard Street. In September 2019 
and again in March 2020, a pedestrian was struck in Chula Vista and killed by a vehicle 
on a downtown roadway. The authors are collaborating with the Chula Vista Department 
of Traffc Engineering to develop real-time, edge-computing technologies to predict and 
mitigate pedestrian–vehicle interactions at hazard-prone intersections. These technologies 
include developing and deploying deep-learning models on low-cost, low-power, edge-AI 
capable devices, such as the Google Coral EdgeTPU development board and the NVIDIA® 

Jetson™ series of platforms. 
The authors have developed prototypes on the Coral EdgeTPU board and the NVIDIA® 

Jetson™ AGX Xavier using DeepStream SDKs and NVIDIA® JetPack, OpenCV, cuDNN, 
CUDA®, and TensorRT C++/Python libraries to implement multiple-vehicle object track-
ing in real-time. Our prototypes use a Pelco Esprit® Enhanced Series camera installed on 

https://osf.io/
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a six-story balcony with a view of a two-way road intersection with a high frequency of 
automobile, bicycle, electric scooter, and skateboard traffc, in addition to pedestrian traffc. 

Images of pesestrians and skateboarders were obtained using a Pelco Esprit® Enhanced 
Series camera, shown in Figure 2. The camera was mounted on the balcony of a six-story 
building overlooking an intersection of two streets with sidewalks. Figure 3 shows the 
region of interest at San Diego State University chosen for the analysis of hazardous areas 
and PET calculations. A variety of road users are present, in addition to pedestrians and 
skateboarders, including cars, bicyclists, vans, commercial trucks, golf carts, and scooters. 
An object detection model is required to single out the skateboarders and pedestrians. The 
Pelco Esprit is capable of capturing “Full HD” 1080p (1920 × 1080 pixels) at 60 frames per 
second (fps). Captured video was compressed using H.264 “High Profle” encoding. 

Figure 2. Pelco Esprit® Enhanced Series camera. 

Figure 3. Region of Interest for Confict Zone Analysis and Automated Computation of PET at San 
Diego State University. 

3. Data Distribution 

In our previous work [23], we created a new dataset with over 10 thousand images 
and nearly 30 thousand bounding box annotations of pedestrians and skateboarders. These 
images were 720p format (1280 × 720) pixels, also known as Standard HD images. In the 
previous work, one of the main goals was to develop the frst publicly-available datasets of 
skateboarder images captured at multiple camera orientations. The dataset contains images 
taken at the eighteen pan, tilt, and zoom confgurations listed in Table 1. The Pelco Esprit® 

is capable of 0◦ to 360◦ continuous pan rotation and +40◦ to −90◦ continuous vertical 
tilt confguration. Images captured at some of these eighteen perspectives are shown in 
Figure 4. For this study we selected one of the perspectives used in our previous work 
due the good orientation for capturing pedestrian–skateboarder interactions, and used this 
perspective to focus on the automation of SSM calculation- and density-based hazardous 
region detection. 
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(a) Perspective 1, South view (b) Perspective 3, North view (c) Perspective 4, South view 

(d) Perspective 6, North view (e) Perspective 7, North view (f) Perspective 8, North view 

Figure 4. Images were obtained from eighteen different camera perspectives confgured with different 
pan, tilt, and zoom values, shown in Table 1. Six selected perspectives are shown in sub-fgures (a–f). 

Table 1. Camera perspective confguration parameters. 

Perspective Pan (Degrees) Tilt (Degrees) 

1 84.21 1.04 
2 84.21 −0.55 
3 85.71 −3.49 
4 85.71 −5.26 
5 92.23 −8.05 
6 97.79 −22.78 
7 110.48 −28.75 
8 122.28 −33.62 
9 139.75 −35.95 

10 174.22 −36.54 
11 179.71 −36.54 
12 234 −36.54 
13 249.27 −25.79 
14 245.85 −25 
15 249.04 −21.87 
16 255.57 −10.74 
17 253.77 −8.17 
18 255.97 −5.6 

A new dataset was created that contains nearly 6500 images with over 20,000 annotations. 
Annotations were made using a VGG Annotator [24,25] with two class labels, pedestrian 
and skateboarder. The distribution of the number of annotations of skateboarders and 
pedestrians is shown in Figure 5. The distribution of the images captured by the time of 
the day is illustrated in Figure 6. Only the evening images were considered for training, 
since the morning and mid-day images contained shadows, making it harder for the object 
detection model to make predictions. A fast shadow removal algorithm is required to 
remove shadows, and then the images are to be fed into the object detector. Applying a 
shadow removal algorithm is outside the scope of this paper. Therefore, as proof of concept, 
only evening images were considered (images after 3:30 p.m.) when shadows were found 
not to impede the object detector’s performance. 
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Figure 5. Total number of annotations of skateboarders and pedestrians. All ground truth areas in 
images were hand-annotated using the VGG Annotator in the San Diego State University Internet of 
Things Laboratory [26]. 

Figure 6. Image data according to time of the day. Only evening images were used, as a proof of 
concept, since morning and mid-day images contain shadows which impede the performance of the 
object detection model. A fast shadow removal algorithm can be used to remove shadows before 
feeding to a deep learning model. 

4. Object Detection Models 

In this section, we briefy discuss state of the art models that were fne tuned and 
confgured to perform two different tasks: one to automate the calculation of SSMs and 
the other to detect hazardous regions in real-time. There has been rapid growth in deep 
learning research activity due to the availability of relatively inexpensive computing in-
frastructure, advancement in big data science, and improvement in parallel algorithms. 
Among the abundance of different object detection models available in the model zoo, we 
were tasked with identifying specifc models that were convertible to use a compressed fat 
buffer with the TensorFlow Lite Converter, deployable to an embedded device, and able to 
be quantized by converting 32-bit foats to 8-bit integers. Object detection models typically 
solve two tasks: one is to fnd an arbitrary number of objects, the count of which can also be 
0 (indicative of no object present in an image frame), and two, to classify and estimate the 
size of a detected object with a perimeter bounding box. Object detection models can be cat-
egorized into two types: two-stage models and one-stage models. Two-stage models include 
RCNN [27] and SPPNet [28], Fast RCNN [29] and Faster RCNN [30], Mask R-CNN [31], 
Pyramid Networks [32] and G-RCNN [33]. One-stage models include YOLO [34], SSD [35], 
RetineNet [36], YOLOv3 [37], YOLOv4 [38], and YOLOR [39]. The key difference between 
these two types of models is that the latter combines the two tasks into one step (hence the 
name one-stage object detectors) to achieve higher performance, but at the cost of accuracy. 
In two-stage detectors, the approximate placement of the object regions are proposed using 
deep features before these features are used for classifcation and determining the bounding 
box. Two-stage detectors achieve higher accuracy, but are generally computationally slower. 
One-stage detectors predict the location and dimension of bounding boxes without the 
region proposal step and therefore require less computational time and are suitable for 
real-time applications. These detectors prioritize inference speed and are extremely fast, 
but are not as capable in recognizing irregularly shaped objects. In our practical application 
of pedestrian and skateboarder identifcation, we need to leverage deep learning models to 
perform two tasks: one to automate the calculation of SSMs, which require the detection of 
skateboarders and pedestrians with high accuracy, and two, to detect hazardous regions 
in real-time which requires choosing of a model that will execute in real-time. The Faster 
R-CNN model is known for its high accuracy and therefore we chose this model for the frst 
task. For the second task we chose the SSD model, as it is known for having low inference 
and fast processing time. In addition, since we want to make our model edge-based (for 
example, deployable on the Google Coral USB Accelerator and Google Edge TPU Dev 
Board [40]) so that we can connect a device deployed with the model directly to a camera, 
we also chose a model that is TPU compatible. These edge devices support the Tensorfow 
Object Detection API. For this reason, we identifed two variants of the SSD model sup-
ported by the Tensorfow Object Detection API that are suitable for the practical application 
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of real-time, edge-based pedestrian and skateboarder identifcation for the calculation of 
SSMs at traffc intersections. 

As mentioned above, the Faster Region-based Convolutional Neural Network (Faster R-
CNN) and two variants of the Single Shot Multi-box Detector (SSD) deep learning models 
were used for the detection and classifcation of both pedestrians and skateboarders and 
the Tensor Flow Object Detection (TFOD) API [41] was used to train our dataset. A detailed 
explanation of the two architectures of the Faster R-CNN and SSD can be found in [30,35], 
respectively. After careful consideration, we trained three models for the purpose of 
automated calculation of PET and hazardous region detection; the Faster R-CNN ResNet 
model, the SSD MobileNet V2 model, and the SSD MobileNet V1 model. For brevity, in the 
remainder of this article, the models will be called Faster R-CNN, SSDV2, and SSDV1lite 
(“lite” to indicate the model is TPU compatible). 

5. Performance Metric of Object Detection Models 

Evaluation of object detector model performance is based on the combination of two 
evaluation metrics: Intersection over Union (IoU) [42] and mean Average Precision (mAP) [43]. 

In Figure 7, the red bounding box denotes the ground truth bounding box, and the 
blue box indicates the predicted bounding box by an object detector. The IoU, as Figure 8 
illustrates, is simply the ratio of the area of intersection in the union of these two bounding 
boxes. The greater the value of overlap (numerator), the higher the IoU. An IoU of greater 
than 0.5 is considered to be an above-average prediction. The mAP is another evaluation 
metric used for object detection. The calculation of the mAP is based on values of precision 
and recall. Precision is the number of correctly predicted objects in an image. Recall 
determines the ability of the detector to fnd all the images in the image. The precision 
and recall values depend on the metrics True Positive (TP), True Negative (TN), False Positive 
(FP), and False Negative (FN). A TP fnding indicates the detector correctly predicted an 
object. TN means the detector is correctly detecting the absence of an object. FP means 
the detector is falsely predicting the presence of an object when there is none. Finally, FN 
means the detector is failing to report the locations of one or more actually present objects. 
Equations (1) and (2) are used to calculate precision and recall. 

TP 
Precision = 

TP + FP 
(1) 

TP 
Recall = 

TP + FN 
(2) 

Figure 7. Ground Truth (red) v. Detection (blue) of a cat [44]. ©2019 Soumik Rakshit. 
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Figure 8. Intersection over Union [45]. 

6. Results 

This section discusses the input size of the different models, the performance of the 
models in terms of mean average precision (mAP), the hardware and model frame rates, 
the training loss and evaluation loss of the models, and model prediction on new images. 
Critical fndings are analyzed and highlighted. Based on the results, in the next section, 
two suitable models out of three are selected for two separate tasks: automated calculation 
of Post Encroachment Time (PET) and fnding hazardous confict zones in real-time. 

6.1. Model Input Size 

The Faster R-CNN model takes as input an image of dimensions 1920 × 1080. For 
the SSDV2 model, the image is resized to 300 × 300, as the model only accepts as input an 
image of dimension 300 × 300. In the SSDV1lite model, the image is resized to dimensions 
640 × 640, as this model only accepts as input an image of dimensions 640 × 640. For both 
SSD models, there is a loss of information when size is reduced, which may affect object 
classifcation accuracy. 

6.2. Model Mean Average Precision 

Evaluation of object detector model performance is based on the combination of 
two evaluation metrics: Intersection over Union (IOU) [42] and mean Average Precision 
(mAP) [43]. All three models were run for 200,000 steps. From Figure 9 it can be observed 
that the Faster R-CNN model stabilizes at an mAP above 99.5% at 0.5 IoU and oscillates 
above 98% at 0.75 IoU by the end of the training period. The SSDV2 model reaches a mAP of 
98% at 0.5 IoU and oscillated around 92% at 0.75 IoU, as shown in Figure 10. The SSDV1lite 
settles just a little under 99.5% at 0.5 IoU and 97% at 0.75 IoU, as shown in Figure 11. With 
respect to the mAP performance metric, the Faster R-CNN model excels over the other two 
models, and the SSDV1lite model performs better than the SSDV2 model. 

6.3. Hardware and Model Frame Rates 

A total of 194 images were accumulated from the test set and all three models were 
used to predict pedestrians and skateboarders while recording elapsed time and frame rate 
(fps). The results are tabulated in Table 2 and were obtained using NVIDIA® V100 Tensor 
Core GPUs, powered by the NVIDIA® Volta architecture. From Table 2, the Faster R-CNN 
model has the slowest processing frame rate and is not suitable for real-time deployment. 
The SSDV1lite model, on the other hand, has a relatively fast frame rate and is able to 
process 102 frames per second, which makes this model suitable for real-time classifcation. 
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Figure 9. The Faster R-CNN model stabilizes at an mAP above 99.5% at 0.5 IoU and oscillates above 
98% at 0.75 IoU by the end of the training period. 

Figure 10. SSDV2 reaches a mAP of 98% at 0.5 IoU and oscillates around 92% at 0.75 IoU. 

Figure 11. The SSDV1lite model settles a little under 99.5% at 0.5 IoU and 97% at 0.75 IoU. 
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Table 2. Elapsed time and fps tabulated. 

Model Elapsed Time fps 

Faster R-CNN 0.08 ≈35 
SSDV2 0.02 ≈54 

SSDV1lite 0.03 ≈102 

6.4. Model Training Loss and Evaluation Loss 

Training loss for the Faster R-CNN model starts low and then decreases to nearly 0.00, 
as shown in Figure 12. The evaluation loss shown in Figure 13 illustrates the loss is around 
0.1. Because the training loss and the evaluation loss are close in value, we can assume no 
over-ftting is occurring. Figure 14 demonstrates the training loss of the SSDV2 model, and 
the loss by the end of 200,000 steps is slightly above 1.00. The evaluation loss shown in 
Figure 15 for the same model by the end of the training is around 1.80. Again, both values 
being in the neighborhood of each other indicates no over-ftting is occurring. Finally, for 
the SSDV1lite model, the training loss shown in Figure 16 is around 0.13 and, as shown 
in Figure 17, the evaluation loss is around 0.2. It can be observed that the model does not 
have an over-ftting problem. The Faster R-CNN and SSDV1lite models are shown to be 
more reliable than the SSDV2 model. 

Figure 12. The training loss for the Faster R-CNN model starts low and then decreases to nearly 0.00. 

Figure 13. The evaluation loss is around 0.1 for Faster R-CNN. There is clearly no over-ftting as the 
training loss and the evaluation loss values are close. 
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Figure 14. The training loss of the SSDV2 model by the end of 200,000 steps is slightly above 1.00. 

Figure 15. The evaluation loss of SSDV2 by the end of the training is around 1.80. Again, both values 
being in the neighborhood of each other states no over-ftting in the model. 

Figure 16. The SSDV1lite model has a training loss of around 0.13. 
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Figure 17. The SSDV1Lite model has an evaluation loss of around 0.2. This model also does not have 
an over-ftting problem. 

6.5. Model Prediction Evaluation 

The same image has been used for the three models to show their difference in 
performance. The Faster R-CNN model, as shown in Figure 18, predicts the three objects 
correctly in the image (one skateboarder and two pedestrians) with a confdence of 99% 
for all objects. Figure 19 shows that the SSDV2 model evaluates the skateboarder with a 
confdence of 99%, one pedestrian at 96%, and the other pedestrian at 99%. The reduction 
of the images to dimension 300 × 300 from the original dimension is the reason for the 
image pixelation. The SSDV1lite model predicts skateboarders with a confdence of 87% 
and the two pedestrians with a confdence of 81% and 80%, as seen in Figure 20. Based on 
model performance, it can be observed that the Faster R-CNN model, in terms of accuracy, 
excels over both models. While the SSDV2 model performs well in this particular example, 
the model exhibits a high loss compared to the other models, which means the model 
has a higher chance of misclassifying a skateboarder as a pedestrian, and vice-versa. The 
SSDV1lite has an extremely low loss measure compared to the SSDV2 model, which makes 
the model more reliable. 

6.6. Critical Findings Summarized 

The main fndings are summarized in this section. Table 3 summarizes the mean 
average precision of the three models, the evaluation loss, and the observed processing 
frame rate. It can be observed that the Faster R-CNN model has the highest accuracy in 
terms of mAP@0.5 IoU and mAP@0.75IoU with a very low loss, but has an extremely slow 
frame rate of only 35 fps. The SSDV2 model has mAP@0.5IoU and mAP@0.75IoU at 98% 
and 92%, respectively, but has a higher loss of 1.8. This implies the model is likely to make 
more errors when classifying new images. This model has a frame rate of 54 fps. Finally, 
SSDV1lite exhibits a high accuracy with mAP@0.5IoU and mAP@0.75IoU at 99.5% and 97%, 
respectively, with a low loss. This model also has a relatively high frame rate of 102 fps. 
Moreover, because this particular model is TPU-compatible, it can perform inferencing 
in situ. In the next section we discuss how we select two models out of the three trained 
models to perform two very different tasks: automated PET calculation, and real-time 
hazardous confict zone determination. The frst task requires high precision, while the 
later task requires real-time capability. 

mailto:mAP@0.75IoU
mailto:mAP@0.5IoU
mailto:mAP@0.75IoU
mailto:mAP@0.5IoU
mailto:mAP@0.75IoU
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Figure 18. Faster R-CNN predicts the three objects correctly in the image (one skateboarder and two 
pedestrians) with confdence of 99% for all. 

Figure 19. The SSDV2 model evaluates the skateboarder as 99%, one pedestrian as 96%, and the 
other pedestrian as 99%.The image is pixelated due to its shrinkage from original shape to 300 × 300. 
This was necessary because this particular model only takes an input dimension of shape 300 × 300. 
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Table 3. Summarized mean average precision at 0.5 IoU and 0.75 IoU, evaluation loss, and frames 
per second. 

Model mAP@0.5IOU mAP@0.75IOU Evaluation Loss fps 

Faster R-CNN 99.5 98.0 0.1 ≈35 
SSDV2 98 92.0 1.8 ≈54 

SSDV1lite 99.5 97.0 0.2 ≈102 

7. Model Selection and Application 

In this section, we choose two suitable models out of the three for two very differ-
ent tasks: one model to automate the calculation of PET and the other model to detect 
hazardous confict zones in real-time. 

7.1. Automated PET Calculation 

For each location recorded for the leading vehicle, the PET is calculated as the time 
difference between the arrival of the leading vehicle at that location and the arrival of the 
following vehicle at that location [46]. Figure 21 is analogous to Figure 1. In Figure 21 
we have a pair of skateboarders entering and leaving a superimposed artifcially created 
confict zone shown in red. The top portion of Figure 22 shows the frst skateboarder 
leaving the confict zone and the bottom portion shows a following second skateboarder 
entering the confict zone. The ingress and egress time of both these objects are recorded. 
The egress time for the frst skateboarder occurs at 2:35:51.04, while the ingress time of 
the following skateboarder occurs at 2:37:24.44. Therefore, PET for this pair of objects 
is Δt = 2:37:24.44 − 2:35:51.04 = 93.4 s. PET calculation for skateboarder and pedestrian 
objects requires recording of the time each pair of objects enters and exits (ingress and 
egress) an area, the ID of each object, the (x,y) coordinates of each object, and the class (label) 
of each object. A grid is drawn over the road area where pedestrians and skateboarders 
pass. Instead of rendering a grid over the entire screen, the grid is rendered only over a 
potential confict area. The reason can be explained by looking at Figure 23. Notice how 
the object at the bottom is detected as a pedestrian. However, the same object is detected 
as a skateboarder after additional frames elapse, as shown in Figure 24. This is due to 
the occlusion problem. The object detector partially can see the object and detects it as a 
pedestrian. Only after the detector sees the pedestrian with a skateboard does it classify 
the object as a skateboarder. Let us assume that the ID registered on the pedestrian is one. 
When the pedestrian is in full view, the object will be detected as a skateboarder, and it 
would be registered with ID two. This would be wrong because the model is classifying 
the same object initially as a pedestrian and then as a skateboarder, therefore affecting 
the calculation of PET. PET calculation requires precision. This is why the object detector 
is provided with some free-space to allow the complete object to appear before an ID is 
registered to an object. This can be seen in Figure 23, where the object entering the grid 
space has been registered while the pedestrian outside the grid has not been registered. 
The pedestrian is only correctly registered with ID 1 and with proper classifcation, as 
illustrated in Figure 24, when the pedestrian enters the grid region. In Figure 25, when ID 1 
leaves the grid, the pedestrian is de-registered. In addition, in the same fgure, we can see a 
pedestrian entering the scenario, and because the pedestrian is outside the grid region, the 
pedestrian has not been registered yet. Figure 26 demonstrates two pedestrians registered 
as soon as they are in the grid region. The PET calculation requires the class, ID, (x,y) 
coordinates, and the time the object enters and leaves the grid. Figure 27 shows how objects 
are being recorded as the simulation is running. Finally, all data are automatically collected 
and stored in a Microsoft Excel fle, as shown in Figure 28, and this can be provided to 
a civil engineer to calculate PET offine. It is of paramount importance that the object 
detector accurately classifes each object because any misclassifcation would affect the 
PET calculation. The Faster R-CNN model also provides stable detection and classifcation 
in every frame. Therefore, out of the three models, the Faster R-CNN model is the best 

https://2:35:51.04
https://2:37:24.44
https://2:37:24.44
https://2:35:51.04
mailto:mAP@0.75IOU
mailto:mAP@0.5IOU
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model to be considered for this purpose. Despite its high accuracy, the fps of the Faster 
R-CNN model is relatively slow. Therefore, an Excel sheet can be generated after running 
the model on recorded video that captures real-time scenarios. 

Figure 20. The SSDV1lite model predicts the skateboarders with the confdence of 87% and the two 
pedestrians with the confdence of 81% and 80%. 

Figure 21. A pair of skateboarders entering and leaving a superimposed artifcially created confict 
zone shown in red one after another and their ingress and egress timestamps are recorded. 



403 Future Transp. 2021, 1 

Figure 22. The egress time for the first skateboarder occurs at 2:35:51.04. The ingress time of the following 
skateboarder occurs at 2:37:24.44.PET for this pair of entities is Δt = 2:37:24.44 − 2:35:51.04 = 93.4 s. 

Figure 23. The grid area is reduced to solve the occlusion problem. In this fgure, a skateboarder is 
misclassifed as a pedestrian due to occlusion. 

https://2:35:51.04
https://2:37:24.44
https://2:35:51.04
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Figure 24. Both skateboarders are correctly detected and registered inside the grid area with 
unique IDs. 

Figure 25. Skateboarder inside the grid has a registered ID. The skateboarder leaving the grid is 
de-registered. The pedestrian is yet to be registered, as she has not entered the grid area. 

Figure 26. Two pedestrians inside the grid with unique registered IDs. 
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Figure 27. Automated collection of information for PET on the terminal. 

Figure 28. Data recorded on an Excel spreadsheet. 

7.2. Real-Time Hazardous Confict Zone Determination 

To determine a confict zone, we calculate the center of a detected object’s bounding 
box and draw contrails. This can be seen in Figure 29, where only moving pedestrians 
are detected and their trajectories captured by the contrails in red. There is a minivan in 
the image that has not been detected and, therefore, will not leave any contrails, unlike 
the Lucas–Kanade Algorithm that leaves contrails for any object passing in front of the 
camera. This isolates the movement of the pedestrian and the skateboarders. Similarly, 
Figure 30 shows a skateboarder leaving contrails. Figure 31 demonstrates the condition 
after video is captured for a certain period of time. Our objective is to use these contrails to 
analyze areas with the densest streamlines, as this marks the areas where there was greatest 
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pedestrian–skateboarder interaction. To accomplish this, the image is split into different 
grids. The grid with the greatest streamline density will then be marked as the hazardous 
region. For even fner granularity of the hazardous zones, the grid resolution can be 
reduced further. After generating contrails on an image, we remove the background image 
and have the contrails separated for analysis, as shown in Figure 32. However, specifc 
grids are eliminated as they do not capture signifcant pedestrian-skateboard interaction. 
For example, the sidewalks only contain contrails of pedestrians only and have no impact 
on the pedestrian–skateboarder interaction. The grid region selected for analysis can be 
seen in Figure 33 marked in cyan. The masked image is then converted to a gray-scale 
image, and a histogram is computed for every selected grid. This can be seen in Figure 34, 
which also shows two cases where a grid yields a high peak representing a high density 
of streamlines and the other with a low peak, which indicates lower streamline density. 
After repeating this procedure for all the grids and choosing an appropriate threshold, the 
hazardous zones are selected, as shown in Figure 35, marked in red. This procedure can 
be made dynamic in real-time where, after time t, a snapshot will be taken, and the whole 
process will be repeated, updating the unstable region. For fner granularity and more 
robust hazardous region detection, the grid resolution can be refned. Since our goal is to 
identify and update hazardous regions in real-time, the SSDV1lite model seems to be the 
appropriate model to be used in this scenario, as the objective is the drawing of contrails 
and not classifcation accuracy. Moreover, the SSDV1lite model’s fast frame rate capability 
supports our real-time objective. 

Figure 29. Object detection model drawing contrails of pedestrians only. 

Figure 30. Object detection model drawing contrails of skateboarders only. 
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Figure 31. Contrails of only pedestrians and skateboarders recorded after running on video for sometime. 

Figure 32. Contrails copied to a mask for analysis. 

Figure 33. Selected Grids to be analyzed. 
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Figure 34. Histogram calculated for selected grids. This fgure shows two cases where a grid cell 
yields a high peak representing a high density of streamlines, and another cell with a low peak 
indicating lower streamline density. 

Figure 35. Confict zones determined after streamline density analysis. For fner granularity and 
more robust hazardous region detection, the grids can be made refned. 

8. Conclusions 

In this work we evaluated three object detection and classifcation models to classify 
pedestrians and skateboarders with the goal of developing in situ (“on device”) systems 
to increase the safety of skateboarder–pedestrian interaction. We leveraged state of the 
art deep learning architectures to enable two separate tasks. First, we automated the 
calculation of post encroachment time (PET), a Surrogate Safety Measure (SSM) and second, 
we performed real-time hazardous confict zone determination of skateboarder–pedestrian 
interaction. We trained three separate object detection models and analyzed their ad-
vantages and weaknesses. We chose two suitable models for the two separate objectives 
and developed a new framework. The system we developed can be implemented on 
low-power ML inferencing devices, such as the Google Coral Edge TPU, and deployed on 
intersection light posts adjacent to existing video cameras. We have made our skateboarder 
and pedestrian confict zone detection data set publicly available from the Center for Open 
Science data repository [47]. 

The deep-learning models evaluated in this study were trained on images captured 
and manually annotated from a live Real Time Streaming Protocol (RTSP) video stream 
transmitted from a camera located on the 6th story balcony of the Geology, Math, and 
Computer Science (GMCS) building on the campus of San Diego State University (SDSU). 
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The camera was oriented to monitor a three-way intersection with a high frequency of 
automobile, bicycle, electric scooter, skateboard, and pedestrian traffc. Some limitations of 
this study include 

• The perspective of the camera used in this study was not equivalent to the perspective 
of a surveillance camera mounted on a traffc mast. Cameras affxed to traffc masts 
directly face oncoming traffc. Therefore, the images of pedestrians and skateboarders 
captured in this study are taken at different pan (θ), tilt (φ), and zoom (r) values than 
the spherical (θ, φ, r) coordinate confguration of a camera mounted on the mast at a 
city intersection. 

• The confdence scores of our models were higher when detecting objects in images con-
taining no shadows. Pedestrians and skateboarders on overcast days or during illumi-
nated nighttime periods had a higher chance of being detected and properly classifed. 

The current prototype performs well during overcast conditions when there is minimal 
shadow. For the model to perform well throughout the day, a real-time shadow removal 
algorithm must be implemented to extract shadows from the RTSP stream. Future efforts 
will involve developing algorithms for RTSP shadow removal, or implementing existing 
approaches presented in [48,49]. 

A total of 40 percent of vehicle collisions occur at intersections, and 20 percent of 
fatal collisions occur at intersections. Technologies that reduce the occurrence of intersec-
tion collisions are a transportation safety interest. Risk of vehicular collisions involving 
pedestrians and human-powered vehicles (HPVs), such as skateboards, at signalized inter-
sections can be estimated using Surrogate Safety Measures (SSM). We have contributed to 
the development of a new framework for vehicle safety devices that can be installed on 
traffc lights to compute two SSMs, post encroachment time (PET) and time-to-collision 
(TTC), and the computational determination of hazard regions where conficts can occur 
among pedestrians, HPVs, and motorized vehicles. An additional contribution of our 
work is a framework for measuring TTC using an object tracking model. SSMs in our new 
framework can be computed on small, low-power ASICs, such as the Google Coral Edge 
TPU, capable of performing ML inferencing through state-of-the-art mobile vision models 
such as MobileNet V2 at 400 FPS [40]. These devices can be installed adjacent to existing 
traffc intersection cameras. Real-time measurements can be input to intersection control 
instrumentation or safety and warning lights to alert drivers of a predicted collision prior 
to intersection encroachment. A confict event is defned when the PET ≤ τ, for a threshold 
τ, typically 2 s. Detecting and recording the timestamp of confict events at intersections 
between vehicles and HPVs can be used to train an artifcial neural network (ANN) to 
make predictions when future confict events are likely to occur. The trained ANN can be 
deployed in hardware to enable on-device inferencing, locally at intersections. 

9. Future Work 

In the future we propose to incorporate active stereoscopic infrared (IR) vision into our 
existing Pelco RGB-camera confguration. With two-dimensional (2D) RGB-only images 
of traffc intersections, accurate measurement of encroaching vehicle position, and thus 
velocity, is challenging. By adding an active stereo IR camera which projects a matrix of dots 
in the IR spectrum, distance to vehicles approaching an intersection can be estimated by 
measuring the displacement of the dots. The displacement feld can then be superimposed 
on a 2D RGB image processed with the SSDV1lite model for vehicle and pedestrian 
detection and classifcation. Active IR stereo depth camera systems can achieve a depth 
accuracy absolute error within 2% at a maximum depth of 20 m. In addition, to achieve 
fne depth resolution within an intersection where vulnerable road users cross and are 
most at risk of collision, we propose to deploy LiDAR cameras, which provide accuracy 
within 14 mm at 9 m, on vertical light poles. Accurate estimation of depth will provide 
better measurement of PET and TTC, which depends on the computation of bounding-box 
centroid position in time during object-tracking. 
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Our current model computes a frst-order average object velocity estimation to pre-
dict time to collision (TTC). For example, in Figure 36, the pixel displacement between 
subsequent frames of a detected object bounding-box centriod is shown in yellow. The 
frames shown were sampled at 9 frames/s. In the third frame, the value 6.57 has units of 
pixels/frame. We can estimate object velocity using the known height to pixel ratio of a 
reference object. The yellow fre hydrant is 4 feet tall and spans a height of 35 pixels in each 
frame, thus the detected skateboarder is estimated to be moving at a speed of 

4 ft 6.57 px 9 frames 6.76 ft × × ≈ = 4.6 mph (3)
35 px frame s s 

Direction of travel relative to the frame is indicated by the angle of the superimposed 
green vector, rendered by OpenCV. We can use these velocity estimates to predict or eval-
uate the occurrence of potential crash events (e.g., between vehicles and pedestrians) in 
the region of an intersection, due to conficting movements and interactions, and to use 
these computed analytics to proactively assess safety. Based on historical data captured by 
an on-board device we propose to develop, we aim to predict hazardous conditions from 
the state of an intersection as viewed by one or more cameras. These predictions can be 
used to design safer intersections by re-architecting traffc fow patterns and signaling algo-
rithms. In addition, we propose to place LiDAR cameras directed toward, and focused on, 
shared-use paths that pedestrians, skateboards, and cyclists use to cross at an intersection. 
Because vehicle passengers, pedestrians and bicyclists are at risk of being seriously injured 
in accidents at intersections within the roadway crossing area, capturing real-time 3D 
position measurements at the mm scale of objects traversing a crossing area using LiDAR 
will provide greater accuracy in TTC estimations for collisions predicted to occur inside the 
crossing area. Measurements from the three (RGB, stereo IR, and LiDAR) camera systems 
will be fused, and the combined measurements will be used by an on-board device to 
estimate and report PET and TTC in real-time. Introducing active IR stereo into the traffc 
safety infrastructure has several advantages, including accurate measurement in outdoor 
environments under variable lighting conditions without requiring custom operator cali-
bration. Our existing Pelco Esprit® traffc camera, which monitors a three-way intersection 
on the campus of San Diego State University (SDSU), is enclosed within an environmentally 
protective water-tight case and features a remote-control wiper blade to remove dust, dirt, 
and residue from a glass screen to prevent camera lens obstruction. We will design and 
fabricate a similar environmentally protective water-tight case for our stereo IR and LiDAR 
camera systems, so these cameras can be used in harsh weather conditions. At SDSU, we 
have access to a 3D printing machine that uses resins that form water-tight plastics. A 
prototype stereo IR and LiDAR system will be developed at SDSU and installed on campus 
next to our existing Pelco Esprit® traffc camera. Safety measurements and video will be 
streamed back to a nine-screen video wall at SDSU for evaluation. Probability of collision 
varies among traffc intersections, with some intersections designated as hazardous with a 
high Pedestrian Danger Index (PDI). For example, the fourth most dangerous intersection 
in San Diego is 4Th Av. and C St. in Chula Vista, with a PDI of 53 and a history of multi-
ple pedestrian fatalities. To improve the safety of such hazardous locations, we propose 
to develop a prototype, to be mounted on a traffc light beam, containing an IR stereo 
depth camera, a LiDAR camera, and a hardware accelerator capable of in situ vehicle and 
pedestrian detection, classifcation, tracking, and TTC estimation. 
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Figure 36. First-order average object velocity estimation to predict time to collision (TTC). Units of 
numbers shown in yellow are pixels/frame. 
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