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a b s t r a c t
In recent years, with the development of computing power and deep learning algorithms, pedestrian detection has made great progress. Nevertheless, once a detection model trained on generic datasets (such
as PASCAL VOC and MS COCO) is applied to a speciﬁc scene, its precision is limited by the distribution
gap between the generic data and the speciﬁc scene data. It is diﬃcult to train the model for a speciﬁc
scene, due to the lack of labeled data from that scene. Even though we manage to get some labeled
data from a speciﬁc scene, the changing environmental conditions make the pre-trained model perform
bad. In light of these issues, we propose a parallel vision approach to scene-speciﬁc pedestrian detection.
Given an object detection model, it is trained via two sequential stages: (1) the model is pre-trained on
augmented-reality data, to address the lack of scene-speciﬁc training data; (2) the pre-trained model is
incrementally optimized with newly synthesized data as the speciﬁc scene evolves over time. On publicly
available datasets, our approach leads to higher precision than the models trained on generic data. To
tackle the dynamically changing scene, we further evaluate our approach on the webcam data collected
from Church Street Market Place, and the results are also encouraging.
© 2019 Elsevier B.V. All rights reserved.

1. Introduction
Scene-speciﬁc pedestrian detection, with cameras ﬁxed in the
scene, plays an important role in the surveillance of traﬃc and
other public spots [1,2]. Fig. 1 shows some application scenes
of scene-speciﬁc pedestrian detection. In recent years, with the
widespread of Internet of Things, webcams have been widely installed around the world. Large amounts of video data captured
by the webcams can be analyzed for traﬃc ﬂow prediction, smart
community, and public safety. As the basis of many applications,
pedestrian detection [3–5] has made great progress with the development of deep learning [6] together with big data and parallel
computing.
So far, there has been much work done in pedestrian detection from traditional methods [3,7] to deep-learning-based models
[8,9]. But it is still a challenging task for pedestrian detection in
speciﬁc scenes with ﬁxed cameras. The challenges stem from a few
aspects. First, compared to other classes of objects, pedestrians are
often of low resolution, making it diﬃcult for a detection model to
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extract effective features that are critical to discriminate pedestrians from background [10,11]. With low resolution, complex scenes
often bring about hard negative samples, e.g., traﬃc signs in trafﬁc scene, plastic models in shopping windows, and common pillar
boxes in general scene. Second, pedestrians may vary signiﬁcantly
in scale and shape for different capturing angles and distances.
For detecting pedestrians of different scales, Zhang et al. [11] propose an approach to make accurate prediction of pedestrian locations across multi-layer feature representations. Third, the varied illumination and weather conditions make pedestrian detection
even more challenging. In order for pedestrian detection model robust to adverse conditions, Xu et al. [12] train a cross-modal deep
model for robust pedestrian detection by combining RGB images
with thermal images, which inevitably increases the cost. Last but
not least, there lacks scene-speciﬁc labeled data to train pedestrian detection model that is then used for speciﬁc scene. A simple but widely-exploited way to handle this problem is to train
the model with generic datasets. However, the detection accuracy
drops signiﬁcantly [13] once the pre-trained detection model is applied directly to a speciﬁc scene, due to the distribution difference
between generic training data and the speciﬁc scene caused by
inconsistency of geometrical layout, illumination, camera ﬁeld of
view, and others.
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Fig. 1. Examples of visual surveillance in speciﬁc scenes: (a) CMU indoor vision research; (b) sub-open scene-subway station; (c) MIT surveillance dataset from traﬃc scene;
(d) Town center scene.

The biggest difference of pedestrian detection between ﬁxed
camera and mobile platform is whether the background layout is
changing. For mobile platform, the background layout is changing
unpredictably and rapidly, so that one must utilize generic data
with diverse background layouts to train a robust detection model.
But for pedestrian detection in a speciﬁc scene, the background
layout is relatively constant, which is rather different from those
background layouts covered by generic data. In this case, we naturally expect to use the background layout information of speciﬁc
scene to improve the accuracy of pedestrian detection.
Even in the same scene, with time going on, the illumination
and other conditions in the scene change gradually, so that the
model pre-trained on speciﬁc dataset may work bad in the process
of practical application. Because the models of the existent scenespeciﬁc monitoring systems are trained off-line and then applied to
the real scene, the real scene may have changed when the models
work. As a result, the pre-trained models for the speciﬁc scene will
fail to follow the scene changes and produce bad results.
All the problems mentioned above can be addressed by reasonably training and updating the model. However, lack of training data is a serious obstacle considering the tremendous work of
collecting and annotating scene-speciﬁc data. It is time-consuming
and labor-intensive to compile training data manually for every
speciﬁc scene.
In order to deal with the problems of 1) lack of scene-speciﬁc
labeled data to train the model and 2) failure of pre-trained models working in a changing scene, we propose a parallel vision approach to scene-speciﬁc pedestrian detection [14]. The theoretical
framework of parallel vision was proposed by Wang et al. [14],
who extended the parallel system theory and ACP methodology
[15,16] to the computer vision ﬁeld for accurate perception and
understanding of complex scenes [17]. ACP can be expressed as
a trilogy: ACP = Artiﬁcial Systems + Computational Experiments
+ Parallel Execution. While the paper [17] is a review article that
builds a parallel vision framework for perception and understanding of complex scenes without experimental validations, it is very
different from this work which proposes the concrete methods to
realize the ACP trilogy together with detailed experimental results.

For parallel vision, the ACP trilogy serves as a unity. Through
the ACP trilogy, the system builds artiﬁcial scenes as proxies of
the real scene for algorithm design and evaluation. The artiﬁcial
and real spaces compose the complete “complex space” to solve
the complex problems of scene understanding. As the real scene
changes, the artiﬁcial scenes change synchronously. From the real
scene, much information can be obtained to build the artiﬁcial
scenes. Then, from the artiﬁcial scene, an amount of data can be
collected, on which controllable and repeatable computational experiments can be conducted to design and evaluate the vision algorithms. As for parallel execution, the vision model can work in
both the real scene and artiﬁcial scenes concurrently, and the artiﬁcial scenes are updated gradually according to the changing real
scene so that the vision model can be optimized online.
Recently, with the development of computer graphics, it is feasible to build realistic artiﬁcial scenes with 3D object models.
Based on the parallel vision theory, the artiﬁcial scenes reﬂect various aspects of the real scene and can simulate many realistic appearances, some of which are even rarely seen but reasonable in
the real world. With the artiﬁcial scenes, a large amount of labeled
synthetic data can be obtained to train the visual model. Meanwhile, in the process of parallel execution, the artiﬁcial scenes are
consistent with the real scenes, and the model is continuously updated.
In this paper, we deal with the problem of longterm pedestrian
detection in speciﬁc scenes, which is diﬃcult to handle by the
general framework as we mentioned above. Fig. 2 shows the
framework of our proposed scene-speciﬁc pedestrian detection
approach based on parallel vision, and the details can be found in
Section 3. For realizing the ACP trilogy, we construct the artiﬁcial
scenes corresponding to the real scene. We build up the artiﬁcial
scene of the speciﬁc scene with augmented reality and make the
artiﬁcial scene keep up with the real scene by changing the scene
background at some time intervals, together with artiﬁcial illumination and weather conditions. From the artiﬁcial scenes, we can
collect massive automatically labeled data. Through Computational
Experiments, the scene-speciﬁc pedestrian detection models are
trained and applied to the real scene. Finally, we make the system
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Fig. 2. The algorithm ﬂow of parallel vision approach to scene-speciﬁc pedestrian detection.

execute in artiﬁcial scene and real scene concurrently, and collect
new training data from the artiﬁcial scene. With more training
data available, we continuously ﬁne-tune the vision model to
make it work better in the real scene.
We evaluate the utility of synthetic data from the artiﬁcial
scene on public datasets and then apply our proposed approach
to the real 24-h dataset collected from a webcam. All the results
show our parallel vision approach to scene-speciﬁc pedestrian detection works well, and the experimental details are presented in
Section 4.
In this paper, three contributions are made: 1) we validate the
effectiveness of synthetic data in scene-speciﬁc pedestrian detection; 2) we propose an online learning system for scene-speciﬁc
pedestrian detection based on the parallel vision theory; 3) we
create a new validation dataset from the webcam of Church Street
Market Place for research of longterm scene-speciﬁc pedestrian detection. This dataset will be released at our group website (http:
//openpv.cn).
The remainder of this paper is organized as follows: Section 2 describes the related works. The details of parallel monitoring framework are described in Section 3. In Section 4, the validation data are presented together with experimental evaluation.
The conclusion is drawn in Section 5.
2. Related works
As part of parallel vision, the construction of artiﬁcial scenes is
important. In artiﬁcial scenes, we are able to change the appearance and motion of target objects, and generate large amounts of
labeled data just like collecting data from the real world. Based on
such virtual data, data-driven vision models [18] can be trained.
As BainBridge [19] pointed out, based on video game engines,
the virtual world can simulate the complex physic world and provide a new space for scientiﬁc research. A lot of works have been
done by using synthetic data generated from 3D models and virtual worlds for object detection.

and 3D modeling softwares. In the Virtual Living Lab, they generated the traﬃc road network based on the free source map data,
and sensed the context based on the interaction between the onroad agent and the agent at the roadside. Karamouzas and Overmars [21] used the virtual scene to evaluate the proposed pedestrian motivation model. The virtual scene was also used to study
camera networks [22,23].
In our work, the main goal is to apply the parallel vision
methodology to scene-speciﬁc pedestrian detection. It is important to rebuild the same scene of the speciﬁc scene, so we directly
conﬁgure virtual pedestrians onto the scene background using the
augmented reality technology, which is similar to the work done
by Hattori et al. [24].
2.2. 3D models for detection
Due to the high similarity between real objects and virtual ones
in appearance and motion, many researchers attempt to build virtual proxies to represent the real-world objects and thereby study
computer vision algorithms. Dhome et al. [25] presented a method
to estimate the spatial attitude of articulated objects from a single perspective image. Many works have been done for modeling
human body shape [26], pedestrian pose [27], hand gesture [28],
and so on. Hattori et al. [24] used the 3ds Max simulation tool to
train pedestrian detectors at each possible pixel position with respect to a speciﬁc scene, and Marin et al. [29] trained a pedestrian
detector in mobile scenario using virtual models. Recently, Alhaija
et al. [30] presented an eﬃcient procedure to augment the on-road
traﬃc images with virtual objects, and demonstrated the utility
of augmented data on training standard deep models for instance
segmentation and object detection of cars in outdoor driving scenarios.
For our artiﬁcial scene, we also model the pedestrians with 3ds
Max. First, the model from modern 3D modeling software is similar to real-world pedestrians; besides, with the synthetic data, we
can obtain ground-truth annotations automatically.

2.1. Artiﬁcial virtual scenes
2.3. Domain adaption
In order to generate synthetic data, the ﬁrst step is to build the
virtual scenes on computers. With the development of GPU computing power, computer graphics, and 3D modeling, it becomes
easy to build virtual scenes based on game engines and 3D modeling softwares such as 3ds Max and blender. Prendinger et al.
[20] built Virtual Living Lab for traﬃc simulation and driver behaviors analysis based on OpenStreenMap, CityEngine, Unity 3D,

In order to train a powerful model for pedestrian detection,
generic data are collected in various ways to cover all the possible
appearances of pedestrians. Nevertheless, the existent datasets do
not satisfy the principle, due to the inﬁnitely diverse scenes with
varied viewpoint, illumination, weather, and so on [31]. In many
speciﬁc scenes, more efforts are needed to adapt the pedestrian
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model compared to generic scenes. So adapting the pre-trained
models to a new domain has been an active research area [31,32].
Transfer learning [33] is a machine learning method that applies
the knowledge acquired from related but different domains to
the target domains. With the similarity of pedestrian in generic
scenes and speciﬁc scenes, much work has been done to transfer
the generic pedestrian model to speciﬁc scene without labeled
data from the target scene [31,32,34–36]. The main advantage of
transfer learning on scene-speciﬁc pedestrian detection is that the
generic model can be adapted to a speciﬁc scene.
In this paper, we can easily adapt the model trained with synthetic data collected from the virtual scene. We build the virtual
scene and train the scene-speciﬁc model without the need of labeled data from the target scene, but from the virtual scene, similar to Hattori et al.’s work [24]. However, we build up the virtual
scene which is similar to the real world with more information
such as virtual illumination, weather, and so on. The virtual scenes
are regarded as the “vision computing lab” of the real world and
the detection models are trained over the virtual scenes, which
is different from their training many pedestrian detectors at each
possible position in the virtual images [24]. We train the pedestrian detectors with synthetic data and make sure that it is feasible
to use synthetic data collected from the virtual world as a proxy of
the real scene.
3. Proposed approach
As shown in Fig. 2, the proposed scene-speciﬁc pedestrian detection approach can be considered as an online learning system
based on parallel vision theory to solve the problems of lacking
training data and scene changes in visual monitoring applications.
The whole framework consists of 1) artiﬁcial virtual scene, 2)
the real scene, 3) model training module and 4) environmental
perception and understanding. Based on the real scene, the artiﬁcial virtual scene can be easily built up as a peer of the real scene.
The pedestrian detection model can be trained with large amounts
of synthetic data collected from the artiﬁcial virtual scene before
applied to the real scene. As time goes on, the illumination or
geometry information may change gradually, so the virtual scene
should also be updated to be consistent with the real scene. When
the virtual scene is modiﬁed, we can keep collecting synthetic data
to continuously update the model, which is called Computational
Experiments to make the model work well in the real scene. The
online process of operating the system in both the virtual scene
and the real scene is called Parallel Execution [15]. All parts of the
system are combined tightly based on the parallel vision theory.
That way, the system can work well in the real world.
3.1. Artiﬁcial virtual scene
For the proposed scene-speciﬁc pedestrian detection, the virtual
scenes play an indispensable role in realizing the goal of making
the model work effectively in the real scene for long term. In the
virtual scenes, we can collect massive training data just as from
the real world, and make virtual pedestrians in the virtual scenes
as proxies of pedestrians in the real world. Meanwhile, in the virtual scene, we try our best to reserve the information of the scene
except for the pedestrians, because even a temporary change of the
real scene may affect the result of pedestrian detection, such as a
temporary car parking beside the street together with the lighting
change in the scene. Therefore, we build the virtual scene with the
augmented reality technology and change the background in certain time intervals to keep virtual scene consistent with the real
scene.
Nowadays, 3D modeling technology has achieved great development. For speciﬁc scenes, we can easily apply argument reality

117

to build up the virtual scenes with the help of 3D modeling
software as well as the background and geometry information
extracted from the real scene.
In our longterm scene-speciﬁc pedestrian detection system, artiﬁcial virtual scene plays an important role. In the real scene, with
time going on, the background changes gradually. While the scene
background of adjacent frames are similar or even can be thought
of as the same, which makes no differences in perception, the
backgrounds in a short time interval can be considered constant. In
the proposed scene-speciﬁc pedestrian detection approach, we update the background together with updating the artiﬁcial scene in
certain time intervals and then generate new synthetic data from
the scene. Fig. 4 shows the gradually changing scene and the collected synthetic data from the virtual scene.
3D simulation: In the artiﬁcial scene, we simulated many pedestrians with diversiﬁed actions, e.g., walking in different directions,
walking around nearby, talking with each other within a group,
making a call or just having a seat on the bench, and so on. In
brief, we try our best to simulate varied pedestrian appearance
to make the artiﬁcial scene simulate the real scene as realistic as
possible.
Meanwhile, as time elapses, the illumination may change, inﬂuencing the appearance of pedestrians, so we also simulate the illumination variation at different times. Of course, we can also simulate the rainy, snowy or foggy weather in the artiﬁcial scene based
on the weather information from the real scene, which can be obtained from the Internet easily.
Consequently, we can build up the artiﬁcial scene which faithfully matches the real scene in all elements such as illumination,
weather, and so on.
Ground-truth: One of the advantages of artiﬁcial scene is that
the ground truth can be generated automatically. Many researchers
have used the synthetic data for vision research, with different
methods to generate the ground truth.
Sun et al. [37] generated synthetic images, but there was only
one object in each image. To get the label information, a parallel
set of images was also generated which share the same rendering
setting as the synthetic images generated for training the model
except that the background is always white. The generated images
with white backgrounds are only used for automatically calculating
the bounding box of non-white pixels, aka the target object bounding box in the image. It is easy when there is only one object in
the image. Many other works [38,39] related to virtual objects also
generate labels in a similar way. The method is effective for the
single object in the image, but it does not work for images with
multiple objects.
For multi-objects in the image, if the objects do not occlude
each other, it is easy to label each object by searching for the connected regions in the image [40]. But there is no effective method
for the occluded objects. It is impossible to obtain accurate labels
through image processing. In the beginning, we used the existing
method to generate labels from the synthesized images, but we
failed. In fact, we are working in the virtual world now. Why not
generate labels from the rendering process directly?
In the virtual world, we can easily obtain each parameter of the
scene. Along with the rendering process, the points in the world
XW are mapped to the camera coordinates XC , then to the image
physics coordinates system Xscreen and ﬁnally to the image coordinates Ximg . The whole process can be described as equations below.
From the world coordinate system to the camera coordinate
system:
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Fig. 3. The process of building virtual scene and generating synthetic data with accurate labeling information. A. Building virtual scene with simulated pedestrians (red dashed
box): (1) rebuilding scene using geometry information, (2) simulating pedestrians, and (3) generating synthetic data from virtual scene. B. Ground-truth generation (blue dotted
box): (1) getting the location information of pedestrians in the image through vertex render from 3D models and (2) obtaining the ﬁnal bounding boxes through computing.

Fig. 4. First row: the gradually changing scene with time going on; second row: the collected synthetic data with corresponding background.

From the camera coordinate system to the physic coordinate
system:
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Finally, convert the physics coordinate system to the image coordinate system:

u = xu /dx + u0
v = yu /dy + v0
The ﬁnal labeling information comes from the coordinates in
the image, and the blocking relationship lies in the relationship of
z-coordinates in the camera coordinate system. Then we can process the spatial location information and accurately obtain the ﬁnal
ground truth data as we require by the process mentioned above.
The whole process is showed as Fig. 3.
3.2. Computational experiments
The large amounts of labeled synthetic data collected from the
artiﬁcial scene can be used to solve the problem of lacking data
to train the model. From the experiments, we are certain that synthetic data are useful for training the model, as the synthetic data
reserve much information from the real scene and keep the virtual
scene similar to the real one.
In the scene-speciﬁc pedestrian detection system, we treat the
artiﬁcial scene as the vision computing lab. We modify the parameters for all reasonable circumstances to collect massive data,
covering all the possible happenings in the real world, such as
weather conditions, non-target object placed in the artiﬁcial scene.

With such a large amount of synthetic data, we are able to train
the model effectively and then apply it to the real world, achieving the goal of converting “big data” to “precision knowledge”.
The process of computational experiments is an important step
for the parallel vision approach. In this paper, we mainly make
computational experiments based on Faster R-CNN [41] with RPN
for region proposal and Fast R-CNN [42] for proposal classiﬁcation.
In order to express the process clearly, we deﬁne:
• X is a hidden random state vector associated to a joint distribution between labels and features of dataset from the
scene.
• Z is a random vector of the information from the scene, such
as geometry information, illumination, and so on.
• (R˜, F˜ ) = f (I; R, F ) is the ﬁne-tuning process with the initial
parameters R and F and return new parameters R˜ and F˜ .
In the followings, we use subscript s and r to represent virtual
scene and real scene respectively. For example, Zs stands for scene
information from the virtual scene, and Zr stands for the information from the real scene. Based on our assumption, the target distribution can be expressed as below:

p(Xr |Zr ) = 1/p(Zr ) · p(Zr |Xr )

Xr

p(Xr )dXr

(1)

In the artiﬁcial scene, we simulate much information from the real
scene together with the rare happened but reasonable in the real
world. Meanwhile, we collect more synthetic data from the virtual
scene, so we can estimate the probability distribution p(Xr |Zr ) by
the samples from the virtual scene, according to equation (2):

p(Xr |Zr ) ≈ p(Xs |Zs )

(2)
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So with much synthetic data from the virtual scene, we conduct the computational experiments based on Eq. (2) and use the
information from the real scene to build the artiﬁcial scene, then
apply the model trained with the synthetic data to the real scene.
3.3. Parallel execution
In the real scene, the scene is always changing with time going,
which makes the trained model works badly. An alternative choice
is to update the model gradually based on the scene’s change. It is
diﬃcult to collect massive labeled data from the real scene to update the model, while it is easy for the artiﬁcial scene. In order to
follow the changes of the real scene, we make the artiﬁcial scene
be updated in the certain time interval to keep it consistent with
the real scene in weather condition, geometry information, illumination and so on. The process is called Parallel Execution. With the
Parallel Execution of the vision system in artiﬁcial scene and real
scene, we always keep the artiﬁcial scene changing according to
the real scene.
Based on the artiﬁcial scene, expressed as Eq. (2), we continue
to update the model online to keep model working well in the real
scene by tuning the model trained with the synthetic data at the
previous interval, according to the following equation:

(Rk , Fk ) = f (Inew−syn ; Rk−1 , Fk−1 )

(3)

We ﬁne-tune the pre-trained model with the synthetic data collected from the virtual scene to obtain the new model working
better in the real world compared the previous model.
In theory, we can make the artiﬁcial scene work together with
the real scene, continuously collect the synthetic data from artiﬁcial scene and make computational Experiments in the ‘vision lab’
together with updating the model in the real world. While the adjacent frames captured from the real scene are similar even same
over a period of time, the scene can be thought as constant. On
the other hand, continuously updating the model will consume a
large amount of computing resource. In order to effectively apply
the parallel monitor framework to real scene, we update the model
at intervals combining with the change of real scene background.
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change of background, we compute the similarity of each two adjacent background images. We evaluated the degree of similarity
based on Pearson correlation coeﬃcient once every hour with total
24 h. Fig. 6 shows the similarity of adjacent background images in
different time interval in Scene 1. In Fig. 6, the y-axis denotes the
degree of adjacent background images obtained from different features with Pearson correlation coeﬃcient, and the x-axis denotes
the adjacent background images of each time interval. For example, 1:2 refers to the ﬁrst and the second background images.
From the result, we ﬁnd that HOG-based method can hardly
distinguish the change of background images with geometrical
changes little in the scene, while LBP is overly sensitive to the
change of background images, which makes it diﬃcult to choose
reasonable threshold to decide whether the adjacent backgrounds
are similar or not. The blocked color histogram is simple but suitable for the problem, making it easy to choose reasonable threshold and makes the model updating policy more robust.
In practice, we choose 10∗ 10 as the whole number of blocks to
evaluate the similarity of the scene backgrounds and 256 bins for
the color histogram at each one-hour interval, with a threshold of
0.8 in Scene 1 and Scene 2. With the proposed model updating
policy, much time and computing resource can be reserved.
The whole process can be expressed as Algorithm 1 with
pseudo code. In order to describe the policy of model updating,
we deﬁne Mb as the scene background the current model was
trained with, Nb as current interval scene background, and Ts as
the threshold of the similarity between Mb and Nb .
Algorithm 1: Model Updating Policy.

1
2
3
4
5
6
7

Input: Mb , Nb , Ts
Output: Whether to update the model
while True do
foreach Time interval do
Compute Blocked Color Histogram
features FMb , FNb of Mb , Nb respectively;
Compute the similarity SMN of Mb , Nb ;
if SMN <= Ts then
Update the Model;

3.4. Model updating policy
As mentioned above, we can continuously collect synthetic data
from the virtual scene, and then ﬁne-tune the model to the real
scene in theory. However, the real scene changes gradually in illumination, objects, and small-time interval of changing makes no
difference. For example, in the long night, the scene changes little.
Fig. 5 shows the small changes in the real scene of different intervals. What’s more, frequently updating the model may consume
many resources but with little repay. So in our work, we combined
each time interval with the change in the real scene to update the
model in the real world.
We treat each one hour as a time interval and check whether
to update the model at the beginning of each interval. At the beginning of each time interval, the model will be updated if the
real scene background of current time interval changes largely
compared with the previous background with which the working
model is trained. We evaluate the similarity of the background
with blocked color histogram, which is more sensitive than the
original color histogram.
In fact, before we chose blocked color histogram, we experimented with different feature extraction methods such as HOG
(Histogram of Oriented Gradient) and LBP (Local Binary Pattern)
to check whether the background had changed. We did not experiment with the Haar-like feature, as it spends much time in computing the features within the whole image. In order to evaluate
different methods for selecting useful features to distinguish the

4. Experimental evaluation
In this section, we ﬁrst train the models with synthetic datasets
collected from the virtual scenes and evaluate them on public
datasets off-line. Then we conduct the experiments of online optimization in the longterm datasets. Through oﬄine experiments
and online optimization, we evaluated the effectiveness of parallel
vision [14] and ACP method [15] in scene-speciﬁc pedestrian detection proposed by us.
4.1. Oﬄine training of pedestrian detectors
We evaluate the effectiveness of artiﬁcial scene in the task of
scene-speciﬁc pedestrian detection on three datasets: Downtown
Center [43], Atrium Dataset [44] and PETS 2009 [13] depicted in
Fig. 7 with classic models of DPM [7] with hand-crafted features
and Faster R-CNN [41] with features learned from data automatically. In this work, we only exploit the well-known detection
models, and pay little attention to the more advanced detection
methods when evaluating the effectiveness of artiﬁcial scenes and
parallel vision.
Town Center Dataset [43]: In our work, we mainly work on the
Town Center dataset, a video dataset of a semi-crowded town cen-
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Fig. 5. (a) and (b) are the backgrounds of the scene from the interval of 2:00 pm and 3:00 pm, 3:00 pm and 4:00 pm respectively; (c) and (d) are the backgrounds of the
scene from the interval of 2:00 am and 3:00 am, 3:00 am and 4:00 am respectively.
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Fig. 7. Examples from the validation dataset with virtual pedestrians in the virtual scene. From left to right, they are TownCenter, Atrium, and PETS 2009 respectively [1].

ter with a resolution of 1920∗ 1080 and a frame of 25 fps. In order to reduce the computing time, we down-sample the videos to
a standardized resolution of 640∗ 360, together with the groundtruth labels as Hattori et al. [24] adopted. The original Town Center Dataset only provides the validation set, and we use it as test
dataset in our experiments.
Atrium Dataset [44]: Atrium pedestrian dataset was ﬁlmed at
cole Polytechnique Montral. It offers a view from the inside of the
building and pedestrians walk crossing on the ﬂoor. The movie resolution is 80 0∗ 60 0. For the evaluation, 4540 frames (30 fps) of the
movie were annotated.
PETS 2009 Dataset [13]: The PETS 2009 dataset consists of
videos(at a resolution of 720∗ 576) of campus from Kyushu Uni-

versity, including a number of pedestrians. While the dataset consists of videos captured from 8 different views, we only use the
8th camera view for our experiments. The ground truth information of pedestrians is labeled by ourselves with the tool LabelImg.
We compare Faster R-CNN and DPM model to the baseline of all
selected scene-speciﬁc datasets based on Pascal VOC 2007 evaluation metric for pedestrian detection.
In our experiments, the generic dataset of person used for training the models from Pascal VOC 2007 is only the person trainval
dataset. We evaluated the only person test dataset on Faster R-CNN
based on VGG16 trained with only person trainval dataset from
Pascal VOC 2007 and achieved the accuracy of 70.0%, which is near
to the accuracy reported in [41]. If there is not special explanation,
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Fig. 8. Precision-Recall curve with Pascal VOC 2007 metric in different scenes of TownCenter, Atrium and PETS 2009.

the generic dataset from Pascal VOC refers to only person dataset
from Pascal VOC 2007.
The precision-recall (PR) curves of pedestrian detection on the
selected speciﬁc datasets are summarized in Fig. 8, and the PR
curves show that the both Faster R-CNN and DPM model work better when trained with the synthetic data generated from the virtual scene of Town center than models trained with the generic
dataset of Pascal VOC 2007. In Fig. 8, we also deﬁne the following
abbreviations.
D-V/S: D-V and D-S stand for the DPM model of pedestrian
detection trained with Pascal VOC 2007 dataset and synthetic
datasets generated from the virtual scenes built by us respectively.
F-V/S: The same with D-V/S, F-V stands for the Faster R-CNN
pedestrian detection model trained with dataset of person from

Pascal VOC 2007 and the F-S stands for the Faster R-CNN model
trained with the synthetic data generated from the virtual scenes.
From the AP of different methods in public evaluated datasets,
we conclude that it is useful to train the model with synthetic data
generated from virtual world in a speciﬁc scene. Table 1 shows
the increment of AP using synthetic data of virtual scenes compared to generic data of Pascal VOC 2007 in each evaluation scene.
For example, on the TownCenter test data, the DPM model trained
with our synthetic data can achieve an accuracy of 34.2%, which
is 3.6% higher than the model trained with person trainval dataset
from Pascal VOC 2007 with 30.8% (in contrast, 31.28% achieved by
DPM trained by the original authors [7] over Pascal Pascal VOC
2007).
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Table 1
AP increment in each evaluation scene.
TownCenter

Faster R-CNN
DPM

Atrium

PETS 2009

syn

voc

incre

syn

voc

incre

syn

voc

incre

79.2%
34.2%

45.2%
30.8%

34%
3.6%

67%
56.2%

47.5%
45.4%

12.5%
10.8%

90.4%
85.3%

89.5%
81%

0.9%
4.3%

Fig. 9. Snapshots from dataset CSMP of Scene 1 and Scene 2.

4.2. Online optimization of pedestrian detectors
4.2.1. Validation datasets
We evaluate our proposed method for longterm speciﬁc pedestrian detection in different scenes with a 24∗ 7 h dataset collected
from the webcam at Church Street Market Place of Burlington, Vermont, an uncovered outdoor pedestrian shopping and dining mall.
Thanks for the living webcam, we have captured many longtime
surveillance videos for the research and development of scenespeciﬁc pedestrian detection. Collecting data from the real world
and labeling the dataset spend much time. However, we must do
the work for lack of longterm datasets to evaluate our idea right
now.
We collected 7∗ 24 dataset from the webcam within a continuous time for about seven days, about 95G with the resolution of
1280∗ 720. It contains the changing of illumination, weather and so
on. The webcam regularly changes the viewpoint in three different
directions, and we choose two viewpoints of the webcam to evaluate our proposed parallel monitor framework, which we call Scene
1 and Scene 2 respectively, abbreviated as S1 and S2. Fig. 9 shows
the snapshots from S1 and S2 respectively. The pedestrians in S1
are bigger than S2, and they are almost in the same size in S1.
While pedestrians’ size in S2 varies in larger range. some of them
are as big as those in S1, while some of them are smaller than S1.
For the task of pedestrian detection, dataset S2 is more diﬃcult
than S1, and the subsequent experimental results support the fact.
We labeled the collected dataset with a useful image labeling
tool LabelImg1 . Even with the productive tool, processing all the
data with a perfect way of labeling all frames from the collected
video is a heavy task. So in our experiments, we selected one day
of the data for 16G, starting at 8:00 am on the ﬁrst day and ending at 8:00 am in the next day. We extract about 230,0 0 0 frames
with 0.5 frames per second from the selected data as the original
dataset. From the selected image dataset, we make a longterm of
24-h dataset to evaluate the effectiveness of the proposed monitoring framework based on parallel vision theory. We divide the
24-h. dataset into 24 sub-datasets at hourly intervals. In each subdataset, there are about 200 randomly selected images being labeled for validation dataset in each viewpoint. In two viewpoints,

1

LabelImg: https://github.com/tzutalin/labelImg.

more than 80 0 0 images are labeled for validation totally, which
will push the research and development of scene-speciﬁc pedestrian detection. In our experiments, we renamed the sub-datasets
with sequence number starting from 1. Fig 10 shows each interval
frames with the labeled pedestrians. The dataset will be released
on the website of our research group: http://openpv.cn. The public
dataset will be split into 24 sub-datasets within 24 h.
4.2.2. Experiments details
For the online optimized scene-speciﬁc pedestrian detection,
the system starts at 8:00 am and runs for 24 h until 8:00 am
in the next day. Based on the model updating policy mentioned
above, the models are totally updated 11 times and 12 times respectively in S1 and S2. Table 2 shows the updating model point
and contained intervals.
The system is initialized with the model trained on large
amounts of synthetic data collected from the virtual scene. Since
then, we ﬁne-tune the model from the pre-trained model with less
synthetic data collected from the parallel virtual scene together
with the synthetic data collected for the previous model. With
the parallel execution between the virtual scene and real scene,
we continuously collect synthetic data from the virtual scene and
ﬁne-tune the model, eventually making the model follow the real
scene’s changes. In the beginning, we collect about 30 0 0–40 0 0
synthetic images for the start-up training of the model. Since then,
we collect about 10 0 0 synthetic images together with the previous
synthetic images to ﬁne-tune the trained model to work better in
the real scene as mentioned above in each model updating interval.
4.2.3. Experiments results of longterm pedestrian detection
We evaluated the proposed scene-speciﬁc pedestrian method in
Church Street Market Place of Scene 1 and Scene 2 on Faster R-CNN
based on ZF [45] net and VGG16 [46] net. Compared to the same
models trained with Pascal VOC 2007 dataset, the result shows
that the proposed method works well in the speciﬁc pedestrian
detection, showed in Fig. 11 with solid line and dashed line in blue
and red color.
In our proposed method based on parallel vision, much work
is done in updating the model with parallel execution to keep the
model up date to the scene. In order to evaluate whether parallel
execution is helpful to make the model work well, we evaluated
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Table 2
The model updated information of online optimization experiments based on model updating policy.
(Times model updating)

1

2

3

4

5

6

7

8

9

10

11

12

S1
S2

1–2
1

3
2

4–9
3

10
4

11–14
5–9

15
10

16–17
11–15

18–20
16–17

21–22
18–21

23
22

24
23

−
24

Scene1

1200

Frames
Persons

1000
800
600
400
200
0
8:00-9:00

12:00-13:00

17:00-18:00

22:00-23:00

3:00-4:00

6:00-7:00

Scene2

1600

Frames
Persons

1400
1200
1000
800
600
400
200
0
8:00-9:00

12:00-13:00

17:00-18:00

22:00-23:00

3:00-4:00

6:00-7:00

Fig. 10. validation datasets labeled information collected from webcam.
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Table 3
ROC of each interval on Faster R-CNN with ZF and VGG16 detection rete (FPPI=0.5).
Scene 1

1
2
3
4
5
6
7
8
9
10
11

GZ

SZP

SZ

SZ vs. GZ

SZP vs. SZ

GV

SVP

SV

SV vs. GV

SVP vs. SV

0.7241
0.6109
0.6345
0.5934
0.7207
0.6087
0.5882
0.6722
0.7259
0.6615
0.5818

0.7614
0.7039
0.6748
0.7174
0.7834
0.7559
0.7160
0.7893
0.8519
0.8462
0.8000

0.7614
0.6388
0.6862
0.5769
0.6656
0.5886
0.4857
0.5753
0.7926
0.7692
0.7673

0.0373
0.0930
0.0403
0.1240
0.0627
0.1472
0.1277
0.1171
0.1259
0.1846
0.2182

0.0000
0.0651
−0.0113
0.1405
0.1178
0.1672
0.2303
0.2140
0.0593
0.0769
0.0327

0.8405
0.7287
0.7544
0.7207
0.8151
0.6923
0.6487
0.7258
0.8296
0.7769
0.7309

0.8859
0.7752
0.7342
0.7835
0.8233
0.7492
0.8118
0.8094
0.9111
0.8692
0.7782

0.8859
0.7628
0.7278
0.7719
0.7688
0.6722
0.6252
0.7124
0.8815
0.8154
0.8691

0.0454
0.0465
−0.0202
0.0628
0.0082
0.0569
0.1630
0.0836
0.0815
0.0923
0.0473

0.0000
0.0124
0.0063
0.0116
0.0545
0.0769
0.1866
0.0970
0.0296
0.0538
-0.0909

GZ

SZP

SZ

SZ vs. GZ

SZP vs. SZ

GV

SVP

SV

SV vs. GV

SVP vs. SV

0.2514
0.3069
0.4257
0.2762
0.2217
0.3075
0.5168
0.4486
0.2572
0.3818
0.4525
0.3295

0.4138
0.6168
0.6056
0.4104
0.3925
0.5734
0.5212
0.6315
0.4498
0.7818
0.6464
0.7386

0.4138
0.5105
0.4022
0.2435
0.3019
0.4017
0.1891
0.0774
0.2434
0.4364
0.3726
0.4915

0.1624
0.3099
0.1800
0.1342
0.1708
0.2659
0.0044
0.1829
0.1926
0.4000
0.1939
0.4091

0.0000
0.1063
0.2034
0.1669
0.0906
0.1717
0.3321
0.5541
0.2065
0.3455
0.2738
0.2472

0.3391
0.3623
0.5634
0.4092
0.3878
0.5540
0.6298
0.4793
0.3230
0.6000
0.5513
0.5795

0.5805
0.7440
0.6980
0.5558
0.5417
0.7188
0.7204
0.5901
0.5582
0.8909
0.6654
0.8750

0.5805
0.6093
0.5790
0.3957
0.4670
0.5249
0.4030
0.1602
0.1984
0.6909
0.3650
0.6250

0.2414
0.3817
0.1346
0.1466
0.1540
0.1648
0.0905
0.1108
0.2353
0.2909
0.1141
0.2955

0.0000
0.1347
0.1189
0.1601
0.0747
0.1939
0.3173
0.4299
0.3599
0.2000
0.3004
0.2500

Scene 2

1
2
3
4
5
6
7
8
9
10
11
12

Fig. 12. Miss rates versus false positive per-image curves shown for Faster R-CNN with synthetic dataset and generic dataset in Scene 1.

the ﬁrst trained model with synthetic dataset in the ﬁrst time interval on all the test dataset in Scene 1 and Scene 2 and the results
show that parallel execution is helpful in increasing the detection
precision. Pedestrian detection Mean APs without parallel execution based on ZF and VGG16 net are shown by the green dashdotted and dashed line in Fig. 11, compared with the model trained
with synthetic dataset but with parallel execution drops much.
In case of F P P I = 0.5, the models trained with synthetic data
perform much better than the models trained with the generic
dataset Pascal VOC 2007, together with the model trained with
synthetic data with parallel execution or not based on ZF net and
VGG16 net, shown as Table 3. In order to save space in the table,
we used abbreviations for table header from the beginning letter of
related words, such as generic vs. synthetic for how the dataset is

collected, ZF vs. VGG16 for which model is adopted, with P or not
in the abbreviations stands for whether the model is updated with
parallel execution or not. For example, GZ means that the model is
trained with generic dataset based on ZF net, and SVP means that
the model is trained with synthetic dataset and updated with parallel execution based on VGG16 net. What’s more, with the system
running, the pedestrian detection precision is increasing gradually,
which displays the importance of big data and generation of synthetic data from the virtual scene compared the adjacent time intervals in different day such as the ﬁrst interval of the ﬁrst day and
the last interval of the second in S1 and S2. We also evaluate our
models trained with synthetic dataset, in terms of miss rate versus
false positive per-image in log–log scale [47,48]. Figs. 12 and 13
show Miss rates versus false positive per-image (FPPI) curves
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Fig. 13. Miss rates versus false positive per-image curves shown for Faster R-CNN with synthetic dataset and generic dataset in Scene 2.

of Faster R-CNN based on ZF net and VGG16 net in different
scenes.
From the experiments, we know that the synthetic data works
well in training the scene-speciﬁc pedestrian detection, and with
parallel execution, the models are updated to the latest scene.
Therefore, the more synthetic data are collected, the better models work as time goes.

5. Conclusion and future work
We propose a parallel vision approach to pedestrian detection
that generates large amounts of synthetic data by building the virtual world and adapts the generic model to speciﬁc scenes. The
experimental results show that synthetic data are able to train
a scene-speciﬁc detector without real labeled data. Furthermore,
we apply the parallel vision theory to the longterm scene-speciﬁc
pedestrian detection, and keep the model updating by parallel execution of the system in both the real scene and the virtual scene.
All the experimental results show that the proposed method works
well in the real world.
In future work, we will make the virtual world more complex
and similar to the real one. Of course, the virtual world is useful
not only for pedestrian detection, but also for other vision tasks,
such as segmentation, tracking, and pose estimation. We will do
more vision research in virtual scenes and make the virtual world
become a vision laboratory truly. As an important part of parallel
vision laboratory, the rapid construction of virtual scene and keeping it consistent with real scene have a direct inﬂuence on the effectiveness of parallel vision theory. Therefore, much work will be
done in the construction and rendering of virtual scene, in order
to make it easier to conduct computational experiments to design
and evaluate computer vision algorithms.
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