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&e automatic detection and tracking of pedestrians under high-density conditions is a challenging task for both computer vision
fields and pedestrian flow studies. Collecting pedestrian data is a fundamental task for the modeling and practical imple-
mentations of crowd management. Although there are many methods for detecting pedestrians, they may not be easily adopted in
the high-density situations. &erefore, we utilized one emerging method based on the deep learning algorithm. Based on the top-
view video data of some pedestrian flow experiments recorded by an unmanned aerial vehicle (UAV), we produce our own
training datasets. We train the detection model by using Yolo v3, a very popular deep learning model among many available
detection models in recent years. We find the detection results are good; e.g., the precisions, recalls, and F1 scores could be larger
than 0.95 even when the pedestrian density is as high as 9.0 ped/m2. We think this approach could be used for the other pedestrian
flow experiments or field data which have similar configurations and can also be useful for automatic crowd density estimation.

1. Introduction

&e study of pedestrian flow dynamics dates back to the
1960s [1–3]. Ever since, the pedestrian data collection is one
of the fundamental works for this field. Generally speaking,
there are two major ways to obtain the data: the first ap-
proach is to gather empirical data, which comes from the real
life; the second one is to conduct experiments and ask the
recruited participants to move according to the orders [4].
Since the parameters and conditions could be controlled in
the experiments, it is a great help for theoretical studies
[5, 6]. In recent years the second way becomes more and
more popular in this field [7, 8].

In most pedestrian flow experiments, for the conve-
nience of measuring the positions and velocities, the par-
ticipants are usually required to wear markers such as caps
[6, 9–14]. At earlier stage, pedestrian motion data were
extracted manually or using semi-automatic tracking
techniques [10, 15–17]. Some researchers used some simple
software to extract the data of these caps manually, e.g.,
Tracker (http://physlets.org/tracker/) [18–21]. But it needs

lots of time to finish, and the efficiency is quite low.
Meanwhile, some researchers adopted the unsupervised
methods from computer vision field to detect and track
pedestrians automatically [10, 15, 17, 22]. Boltes et al. de-
veloped automatic detecting and tracking software named
PeTrack [9, 23]). &is software has been used in many recent
studies of pedestrian flow experiments [24–28].

Nevertheless, the limitations of PeTrack are also clear.
&e preparation work for PeTrack is heavy in terms of the
camera views and parameters. Although the detection results
of PeTrack are good when the pedestrian density is not high,
in some experiments under high-density [20, 21] its per-
formance is not good, especially when the density reaches
8∼9ped/m2. Besides, the operation of PeTrack is difficult,
since many important parameters are not easy to be de-
termined. Sometimes, the adjustment of these parameters is
very complex.&erefore, we think a better method is needed.

In recent years, the development of deep learning
techniques gives us an easier way to solve this problem.
Many new algorithms of object detection are proposed in
recent years, e.g., RCNN [29], Fast RCNN [30], Faster
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RCNN [31], R-FCN [32], SSD [33], Yolo series [34–36], etc.
Among them, Yolo (“You Only Look Once”) is a balanced
object detection model in terms of the speed and accuracy. It
is a one-stage detection model, which skips the region
proposal stage, and runs detection directly over a dense
sampling of possible locations. In many previous studies, it
was found that the speed of Yolo v3 [36] is faster than the
other models. Its accuracy is much higher than the two
previous versions, including Yolo v1 [34] and Yolo v2 (also
named Yolo 9000) [35]. And the performance of detecting
small objects is also significantly improved.&erefore, in this
paper we choose Yolo v3 to do the job.

&e pretrained version of Yolo v3 with open datasets
(such as ImageNet and COCO) has good performance when
detecting multi-types of objects, including pedestrians
[37, 38]. However, since the pretrained labels are primarily
annotated using real life images from side-view cameras, the
performance is not good when directly using for many
pedestrian flow experiments, especially when the cameras
are perpendicular to the ground. &e features of pedestrians
appeared in the top-view cameras are quite different from
that when shooting from the side view.&erefore, we have to
train the new model with the samples of various caps found
in the video data. We find the trained results are satisfactory:
most pedestrians could be immediately detected by Yolo v3,
and both the precision and recall are high enough for
extracting our required pedestrian flow parameters.

&e focus of this paper is not to develop the state-of-the-
art pedestrian detection models or algorithms, but rather try
to explore the capabilities of applying the new detection
approaches into pedestrian traffic domain. We will dem-
onstrate that, through a simple training process, the deep
learning model Yolo V3 could be able to achieve a good
detection results for pedestrian flow analysis. And we open-
source a series of training datasets for pedestrians wearing
caps at top-view from UAV videos. &e reproducibility of
our methods could be proved by using another dataset for
validation.

&e rest of this paper is organized as follows. In Section
2, the brief introduction of Yolo v3 is given. Section 3 in-
troduces the characteristics of our pedestrian flow experi-
ments under high-density conditions and also shows the
training process. Section 4 discusses the testing results of the
detection model. Section 5 presents some notes about the
application of this model, and the conclusion is shown in
Section 6.

2. The Brief Introduction of Yolo v3

Since the main topic of this paper is to discuss the detection
of pedestrians by training, here we only give a brief intro-
duction for the improvement in Yolo v3, which could be
found in Figure 1.

Firstly, Yolo v3 creates one new feature extraction
network named the Darknet-53, rather than the Darknet-19
used in Yolo v2. &e accuracy of the Darknet-53 is close to
that of the ResNet-101 and ResNet-152, but much faster.

And then, Yolo v3 introduces prediction cross scales by
using the concept of feature pyramid networks. It predicts

boxes at 3 different scales and extracts features from those
scales. In the scale 1, the objects are sampled by the con-
volutional layer of the penultimate layer. In the scale 2, the
16 ∗ 16 size feature map is added, and the accuracy of
detecting medium objects can be improved. In the scale 3,
the 32 ∗ 32 size feature map is used, which makes the
detection accuracy of small-scale objects similar to that of
medium objects.

Besides, &e YOLOv3 no longer uses the Softmax
function to classify each box, in order to avoid the over-
lapping category labels for the objects. Instead, the inde-
pendent multiple logical classifiers are used, and the
classification loss is represented by the binary cross entropy
loss. Due to the above improvements, on the COCO dataset
Yolo v3 can finally achieve the accuracy which is similar to
that of RetinaNet, but Yolo v3 is nearly four times faster.

3. The Video Data and Training Process

For the use of Yolo v3, there are many versions written by
different programming languages. Since Python is very
popular and easy to use for deep learning, we choose a
Python version of Yolo v3 based on the framework of Keras
(https://github.com/qqwweee/keras-yolo3). Figure 2 shows
the detection results by the pretrained datasets of Yolo v3.
Figure 2(a) is a snapshot of one simple pedestrian flow
experiment conducted about 5 years ago, and the camera is
not high. We can find that nearly all the pedestrians can be
easily detected in Figure 2(b). For such a situation, training is
not necessary.

However, if we record the experimental video by UAV,
and the camera is very high from the ground, the situation
will be significantly different. In the winter of 2016, 2017, and
2018, we conducted three large-scale pedestrian flow ex-
periments in the campus of Southeast University [20, 21, 39].
We asked the students recruited to move on the circular
road, and the boundaries of the road were built by plastic
stools. &e widths of the road were 1.5m in the 2016 ex-
periment, 2.5m in the 2017 experiment, and 2m in the 2018
experiment: these differences have no influence on the
detection of pedestrians. At the same time, the colors of
plastic stools were also different: they were blue in 2016 and
2017 and white in 2018. &ese differences can slightly in-
fluence the detection results, which will be discussed later.

In these experiments, the pedestrians wore two types of
caps. &e first part was unidirectional movement, and all the
pedestrians just moved together. &e second part was bi-
directional movement: the ones with red caps went on
moving forward, while the ones with blue caps turned
around and moved forward again. In each experiment, the
proportions of red ones and blue ones were about 50 : 50. In
the 2016 experiment, we asked one pedestrian to wear yellow
cap and considered it as a special one. But in the 2017 and
2018 experiment, we thought it was not necessary, and no
longer used such configuration. &erefore, we do not have
enough samples of yellow caps, and we only try to do the
detection on the red ones and blue ones.

In the experiments, the authors use different pedestrians
in different runs, in order to study the flow-density and
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velocity-density relationship of pedestrian movement. Here,
the authors show 4 typical images with different global
densities (the local density in some area could be a little
larger or smaller than the global value, but the calculation
and discussion of this topic is out of the scope of this paper)
in Figure 3. For example, in Figure 3(c), there are 175 red
ones and 182 blue ones, and the area of the circular road is
about 51.1m2. &erefore, the averaged global density is
about 7.0ped/m2. In this paper, the authors name all the

experimental runs as “year-predetermined density (ρP) (in
some runs, the predetermined density is a little different
from the actual value. But these differences have no influence
on the topic discussed in this paper)-order of run,” e.g., “16-
8-2” means ρP � 8m− 2, the run is the second run, and the
experiment was conducted in 2016.

We find, in all of these images, no pedestrian could be
detected by the pretrained Yolo v3. We think it is possible
that, in the training datasets of original Yolo v3, most
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Figure 1: &e structure of Yolo v3.

(a) (b)

Figure 2: &e images of one simple pedestrian flow experiment under circular boundary conditions. It was conducted at 2014.
(a) &e original image. (b) &e results detected by the pretrained Yolo v3.
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samples of pedestrians are shoot from the side, rather than
from the top. &erefore, we need to help Yolo v3 recognize
them, and use the red caps and blue caps as the training
datasets. Actually, these caps could be considered as small
objects. &anks to the recent improvement of Yolo v3, the
detection of these small objects could have good
performances.

In order to check how many images are enough for the
training process, we try to use different training sets, and the
4 images in Figure 3 are used for testing the differences
between them. &e training images are extracted from the
video of pedestrian flow experiments with low densities, and
the time interval is 1s, as shown in Table 1. For example, in
dataset T2, we use two videos. &e first one (16-1-1) is 110 s,
and 25 pedestrians with red and blue caps are used in this
run (this number does not change, since we use circular
road). &e second one (16-2-1) is 128 s, and 55 ones are used
in this run. And then, we use the software named LabelImg
(https://github.com/tzutalin/labelImg) to manually label the
red caps and blue caps in these images. In each dataset, 25%
images are used as validation sets. For the training, the
learning rate is set as 10− 3. We have tried some other
hyperparameters, e.g., set the learning rate as 10− 4. But it is
found that the training results keep nearly unchanged.

Here, we show some typical training processes in Fig-
ure 4. &e GPU we used for training is Tesla T4 with 16G
RAM. Due to the limitation of resources, if we choose larger
batch size, e.g., 16 or 32, our program cannot work. Since
batch size� 8 is possible, in this paper we set batch size� 10,
which is just between 8 and 16.

We also show the results when batch size� 4 and 8 for
comparisons. It is clear that, in Figures 4(a) and 4(c), all the
losses gradually decrease with time, although sometimes the
results of validation set increase a little. No obvious over-
fitting phenomenon is observed during the training. In
Figure 4(d), we can further confirm that the influence of
different batch sizes on the training is very small. Besides,
here we adopt the early stopping mechanism to determine
the end of training. &e criterion is when the validation loss
is smaller than 120, we just stop. &erefore, the epochs
needed for batch size� 4, 8, 10 are 447, 424, 441, which are
also close to each other.

4. Results and Evaluations

In this section, we evaluate the training results. We show the
statistics of different datasets in Table 2, including precisions,
recalls, and F1 scores. Here, we set score� 0.4, IOU� 0.2,
since we find these values are suitable for the video data after
tuning up the parameters. We can find the following.

(1) When the training set is small (e.g., T1), the testing
results are always not good.

(2) For the low-density situation (e.g., Figure 3(a)),
starting from T2, all the three results become much
better.

(3) But if the densities become higher, T2 is also not
enough, and the growth of sample size is very
necessary. Until T4 is used, the results seem

satisfactory, as shown in Figure 5(d). &us, in the
following tests, we will use the result of T4.

(4) For the fixed parameters (score� 0.4, IOU� 0.2), we
can find that the precisions are always very high in
our detection: most of them are larger than 0.95. In
Table 2, the differences between different datasets
mainly come from the increase of recalls.

And then, we check the results of T4 on the testing sets.
&e model trained in low-density situations is used for the
detection under high-density condition. In Table 3, the data of
32 runs are used for testing. For each experimental video, we
get the snapshots with the interval of 15s (e.g., if the total
running time is 263s, the image number we choose will be 263/
15+ 1 ≈ 19).&e values of precisions, recalls, and F1 scores are
the averaged results of these images. It is clear that for all the
runs the values of precisions, recalls, and F1 scores are greater
than 0.95, which means the results are good enough.

Although the performance of our model is quite good,
there are small amount of errors in the detection results.
After carefully checking, we find they mainly result from the
following factors:

(1) &e high densities when the pedestrians are too close
to each other. As shown by the yellow circles in
Figure 6(a), some red caps and some blue caps are
not detected. Sometimes they are overlapped, which
makes the detection more difficult. Actually, many
smaller recalls come from this factor, e.g., 16-9-1, 16-
9-2, etc.

(2) &e color of the clothes. Some pedestrians’ clothes
(or shoes) are red or blue, which are similar to the
color of caps. &is also makes the detection difficult:
some errors are marked by the two yellow circles in
Figure 6(b).

(3) &e interference of stools. Sometimes the stools are
recognized as blue caps, as marked by the two yellow
circles in Figure 6(c). &is type of errors only oc-
casionally occurs in our results.

(4) Some special cases. For example, in Figure 6(d), we
can see that one pedestrian rises his head. &is be-
havior makes his cap not detected at this moment.
For such a situation, it is not the responsibility of our
model.

5. Some Notes about the Applications

Since this program is a great help for extracting data from
the video of pedestrian flow experiments, we have uploaded
the codes and the trained model in Github.com. &e link is
https://github.com/chengjie-jin/detection-model-for-
pedestrian-experiments. We hope this program could be
beneficial for the other researchers in the field of pedestrian
flow dynamics.

Finally, about the application of this model, some notes
should be introduced:

(1) In our detection results, usually the precision values
are close to 1.0, while the recall values are a little
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smaller. For such a situation, the pedestrians which
are not detected could be added by hand. &e
simplest way is to use Microsoft Paint in Windows:
move the mouse pointer on the center point of one
cap, and we can immediately see the coordinate (the
position of only one yellow cap in 2016 experiments
could also be recorded in such a way). Just input the
numbers and the color in the csv file to finish the
work. Even for the hardest level (in 16-9-1), usually
only 5–10 pedestrians need to be added manually,
and it could be quite fast. After that, we can make

some transformations for the position data according
to the perspective of camera and set up the coordinate
system. And then, related analysis could be performed
on the pedestrian dynamics in the experiments, which
could be found in other paper [39].

(2) Although the training datasets in this paper are
obtained from the UAV video, the trained models
also could be used for the other videos of pedestrian
flow experiment, as long as the participants wear
similar caps. For example, in Figure 7(a) we can see

(a) (b)

(c) (d)

Figure 3: Some typical images of our pedestrian flow experiments. (a)ρ � 2.9ped/m2, 145 objects, in 17-3-1; (b)ρ � 4.7ped/m2, 175 objects,
in 18-5-1; (c)ρ � 7.0ped/m2, 357 objects, in 17-7-1; (d)ρ � 9.0ped/m2, 234 objects, in 16-9-1.

Table 1: &e information of training sets.

Name Run Number of images Objects in each image Total objects used
T1 16-1-1 110 25 ∗ 110 2750
T2 16-1-1, 16-2-1 238 25 ∗ 110, 55 ∗ 128 9790

T3 16-1-1, 16-2-1, 543 25 ∗ 110, 55 ∗ 128, 2318517-1-1, 18-1-1 49 ∗ 150, 39 ∗ 155

T4
16-1-1, 16-2-1,

933
25 ∗ 110, 55 ∗ 128,

5729517-1-1, 18-1-1, 49 ∗ 150, 39 ∗ 155
17-2-1, 18-2-1 99 ∗ 210, 74 ∗ 180
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Figure 4: &e losses during the training with dataset T4. (a) When batch size � 10; (b) when batch size � 8; (c) when batch size � 4;
(d) the comparisons of training losses between different batch sizes.

Table 2: &e statistics when detecting the 4 typical samples by our model.

T1 T2 T3 T4
(a) &e results of Figure 3(a)
Precision 0.96 1.00 1.00 0.99
Recall 0.16 0.89 0.99 1.00
F1 score 0.27 0.94 1.00 0.99
(b) &e results of Figure 3(b)
Precision 0.86 0.94 0.97 0.98
Recall 0.14 0.88 0.97 1.00
F1 score 0.25 0.91 0.97 0.99
(c) &e results of Figure 3(c)
Precision 0.98 1.00 1.00 0.99
Recall 0.10 0.79 0.87 0.98
F1 score 0.17 0.88 0.93 0.99
(d) &e results of Figure 3(d)
Precision 0.95 0.99 0.99 0.99
Recall 0.08 0.64 0.81 0.95
F1 score 0.15 0.78 0.89 0.97
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(a) (b)

(c) (d)

Figure 5: &e detection results of Figure 3(d) with different training sets. (a) T1; (b) T2; (c) T3; (d) T4. &e scores of each object are not
presented, since they could mask the positions of other pedestrians.

Table 3: &e statistics of testing sets.

Name Red
ones

Blue
ones

Total
objects

Total running time
(s)

Images
chosen

Averaged
precision

Averaged
recall

Averaged F1
score

16-3-
1 42 40 82 106 8 0.986 0.998 0.992

16-4-
1 52 52 104 197 14 0.976 0.996 0.986

16-5-
1 65 60 125 263 19 0.977 0.994 0.985

16-5-
2 64 58 122 250 18 0.985 0.974 0.979

16-6-
1 70 76 146 423 29 0.975 0.971 0.973

16-6-
2 74 73 147 267 19 0.981 0.978 0.980

16-7-
1 78 84 162 555 38 0.981 0.987 0.984

16-7-
2 83 83 166 411 28 0.988 0.977 0.982

16-8-
1 100 99 199 623 43 0.992 0.959 0.975

16-8-
2 99 99 198 360 25 0.987 0.951 0.969

Journal of Advanced Transportation 7



the image of one experiment under open boundary
conditions (the discussion of the detail of this bi-
directional experiment could be found in [5]), and
the height of the camera is much smaller than that of
UAV. Most of the pedestrians with red and blue caps

could be correctly detected in Figure 7(b). Besides, if
the pedestrians in other experiments have different
colors of caps (e.g., black or white), the method
introduced in this paper could be copied: use Yolo v3
to do the similar training if possible.

Table 3: Continued.

Name Red
ones

Blue
ones

Total
objects

Total running time
(s)

Images
chosen

Averaged
precision

Averaged
recall

Averaged F1
score

16-9-
1 117 117 234 1198 41 0.983 0.958 0.970

16-9-
2 111 105 216 383 27 0.990 0.962 0.976

17-3-
1 77 68 145 548 38 0.994 0.996 0.995

17-4-
1 96 109 205 304 21 0.993 0.986 0.990

17-4-
2 100 98 198 205 15 0.994 0.990 0.992

17-5-
1 128 120 248 339 24 0.991 0.992 0.991

17-5-
2 124 125 249 291 20 0.997 0.985 0.991

17-6-
1 148 148 296 362 25 0.989 0.985 0.987

17-6-
2 147 154 301 278 20 0.995 0.983 0.989

17-7-
1 175 182 357 470 32 0.996 0.984 0.990

17-7-
2 176 182 358 357 25 0.997 0.969 0.983

18-3-
1 55 51 106 540 37 0.999 1.000 0.999

18-4-
1 74 73 147 528 36 0.982 0.995 0.989

18-4-
2 74 72 146 295 21 0.981 0.982 0.981

18-5-
1 89 86 175 413 29 0.965 0.993 0.979

18-5-
2 84 94 178 373 26 0.986 0.989 0.987

18-6-
1 110 114 224 428 30 0.980 0.977 0.979

18-6-
2 103 106 209 346 24 0.981 0.982 0.982

18-7-
1 133 134 267 452 31 0.970 0.977 0.973

18-7-
2 126 125 251 456 31 0.987 0.977 0.982

18-8-
1 147 147 294 713 49 0.952 0.981 0.965

18-8-
2 146 149 295 487 33 0.981 0.971 0.976
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6. Conclusions

In this paper, we testify the usability of an object detection
model based on deep learning techniques in terms of
detecting the pedestrians recorded in top-view cameras.
Since the previous software (e.g., PeTrack) does not perform
well for the high-density situation, it is necessary to use some

new approach. Yolo v3 is chosen due to the fast speed and
decent accuracy, but its pretrained version does not work for
our experimental video. &erefore, training is necessary. We
choose some images under low-density condition as training
datasets, and all the situations with different densities are
chosen as testing datasets. We find that when the datasets
become larger, the recalls significantly increase, while the

(a) (b)

(c) (d)

Figure 6: Some typical errors in the detection results. (a) Some caps are not detected due to the very high densities, in 16-9-1; (b) some
clothes (or shoes) are recognized as caps due to the similar colors, in 16-5-1; (c) some stools are occasionally recognized as blue caps, in 17-6-
1; (d) one cap is not detected, since the pedestrian rises his head at this moment, in 16-5-2.

(a) (b)

Figure 7: &e images of another pedestrian flow experiment under open boundary conditions. It was conducted at 2015. (a) &e original
image; (b) the results detected by our Yolo v3 model.
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precision is always close to 1.0. For the final model, the
performance is good: all the precisions, recalls, and F1 scores
are larger than 0.95, even when the pedestrian density is as
high as 9.0ped/m2. &is model could be used in other pe-
destrian flow experiments, as long as they have similar
configurations.

Although we have made some progress in the pedestrian
detection under high-density conditions, one deficiency of
this program is that it does not include the part of tracking
pedestrians’ trajectories. However, tracking objects is not the
function of Yolo v3, which is out of the scope of this paper.
In recent years, some tracking programs based on deep
learning have been proposed, e.g., Sort and Deepsort. It is
possible to merge the detection model and tracking model
into an integrated one, which may bring more convenience
for the scholars in the field of pedestrian flow studies. In the
future, we will try to solve this technical problem and
contribute more to this field.
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