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Abstract

Deep-learning based pedestrian detection algorithmshasmade great progress.

However,difficulties arisewhen theocclusionappears. Occlusion is very common in

single-viewscenes,whilemulti-viewscenescanefficiently solvetheproblem. Forthe

trainingofdeep-learningbasedpedestriandetectionalgorithms, large scaleofanno-

tated datasets are crucial. The real-world scenes are difficult and time-consuming

to annotate, while the synthesized datasets can annotate the datasets automati-

cally. Therefore, this project aims synthesize multi-camera pedestrian datasets for the

trainingofdeep-learningbasedpedestriandetectionalgorithmsusingtheComputer

Graphics technique. The synthesized datasets are then verified using the Computer

Vision technique. Human character models are built to simulate pedestrians in the

real world. Thesemodels are programmed to generate in the predetermined area of

the scene randomly. The associated building procedures are described in detail. In

order to provide the annotated ground truth, cameras at different orientations are

placed toshoot thevideos. Localizationandgeometric relationshipof thepedestrian

are thenvalidatedwith themulti-view frames. This project shows that the simulated

datasetsare very close to the real-worlddatasets andsuitable for the training ofdeep

learning pedestrian detection algorithms.

Keywords: Computer Graphics, Multi-view, Synthesized dataset, Peo-

ple detection
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Chapter 1

Introduction

1.1 Motivation, aims and objectives

Pedestrian detection is an active research area in the computer vision commu-
nity. It has various application scenarios in persistent video surveillance, autonomous
driving,trafficmonitoring,etc.Thetrainingofthedeeplearningpedestriandetection
algorithm requires a large scale of annotated datasets. Althoughmonocular pedes-
trian detectionwith deep learning techniques [1] [2] hasmade good progress, there
are still some limitations. Thesingle-cameradatasetshavetheproblemof ambiguity
caused by occlusion between people, and thatmakes the algorithm unable to detect
the occluded pedestrians efficiently. The localization of occluded pedestrians is also
affected in single-view scenes.

In order to improve the robustness andaccuracy of thedetection,multi-camera
datasets are proposed to provide complementary information. Theoccluded pedes-
trians can be accurately detectedwhenmulti-view scenes are available. The training
of deep learning algorithms needs a tremendous number of annotated datasets. How-
ever, the annotation of multi-view video datasets is a complicated and slowprocedure.
Producingaphysicalnaturemulti-viewdataset isalsoacomplicatedproceduresince
it needs to consider the environment and a variety of social behaviours.

Sincetheneedforlargenumbersofcorrectlylabelleddataisessential fortraining
pedestrian detection algorithms. Various applications have been proposed to provide
reliable datasets by using the Computer Graphics technique. The synthesized vir-
tual scenes with real-world backgrounds are presented. They show advantages in
the generation of vast automatically annotatedmulti-view datasets. The modelling
procedure is simple compared with the real-world scenes.

In this spirit, the first task of this project aims to synthesize large amounts of
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multi-view datasets based on the Computer Graphics technique. It uses Unity3D
[3] as the tool. These datasets can be automatically annotated and used to train
deeplearningpedestriandetectionalgorithms.Variousscenesareconstructedinthis
project based on demand. Multiple virtual cameras with different orientations will
be placed to shoot the scene. They have overlapping fields of vision and are used to
synchronizethemulti-viewdatasets. Thegenerateddatasetsareautomaticallyanno-
tated. They indicate the positions, trajectories, and bounding boxes of pedestrians.
Becauseofthenecessity forlarge-scaledatasets,humancharactermodelsareneeded
in addition to scenes. In order to ensure the diversity of the datasets, there aremore
than 100 human character models have been created. Pedestrians’ trajectories are
pre-programmed to make the human models walk in a predetermined area in the
scene. Because each pedestrian’s path is pre-programmed, its location is known.

The second task of this project is to verify the geometric relationship of the syn-
thesized datasets. The localization and geometric relationship of the pedestrians need
to be calculated. Multiple Computer Vision algorithms are used in the verification.
Since thesynthesizeddataset ismulti-view, and the framesare shotat the sametime,
the locationofeachpedestrian indifferentviews shouldbe thesame insynchronized
frames. The JointOccupancy Likelihood (JOL) of eachpedestrian is calculated, and
then the Repulsive Spatial Sparsity (RSS) algorithm is used. The results show that
the properties of the synthesized datasets are the same as the real-world datasets.

The organization of this report is shown as follows: In Section 1.2, a historical
review and comparison of synthesized pedestrian datasets are proposed; In Section
1.3, the rationaleof thisproject and the industrial relevancearediscussed; InSection
2, the methodology used in this project; In Section 3, and results are presented;
Conclusionsand futureworkare proposed inSection4. Finally, the relatedworkand
code are attached in the appendix.

1.2 Literature Review

1.2.1 Computer graphics in synthesized datasets

(1) Advantages of synthesized datasets

Datasets for deep learning pedestrian detection algorithms often used to be videos
ofreal-worldcrowdscollectedinpublicplaces [4,5]ordownloadedfromthewebsite.
However, it suffers from legal difficulties. Not every country agrees that the video
with unrecognizable faces can be used without an individual agreement; the video
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with recognizable faces is even more problematic. Some datasets are captured in
controlledconditionswithactors[5],while thescenariosarerelativelyexpensiveand
time-consuming to build. The simulated scene over a real-world scenario is then
widely used. The advantages are manifold. It is a very cost-effective way to gen-
erate many data. Privacy is not considered since the scene and human models are
all synthesized. Impractical scenarios in real life can also be built into the simula-
tion. Moreover, the crucial advantage is that the simulated scenes can generate large
amounts of automatically annotated data instead of manual labelling in real-world
scenes.

(2) Limitations of the existing synthesized datasets

Researchhasused computer graphics simulation in the field ofpattern recogni-
tion. [6] used 2D silhouettes for gait analysis applications. [7, 8] also used the same
idea in human action recognition. [9] used 2.5D data to train the Microsoft Kinect
bodyposerecognitionsystem. [10]wasthefirsttoprovideapubliclyavailabledataset
of the synthetic 3D scene. However, according to [11, 12], the existing datasets do
notprovide synchronizedmulti-camera data. Theyalso havea shortage of either low
revolution[13, 14]or lowduration [15, 16, 17, 18]. [19] thenproposedadatasetwhich
is generated from the photo-realistic game GTA V. This dataset was considered as
a solution formulti-viewwhile still causing subproblems, e.g., person detection and
feature collection.

(3) Human charactermodelling

Therefore, this project proposes a synthesized dataset using Unity3D. Compared
with theprevious dataset [10], it shows advantages in generating longdurationwith
the intrinsic cameras. Since the humanmodels aremanually built, the appearances
are adjustable in different conditions. Since the scene is simulated rather than cap-
tured in the game [19], it is more flexible and more scenarios can be generated.
Moreover, for thehumancharactermodelling, [20]proposedThePersonXengine to
create themodels. The visual variables, e.g., illumination, scenery and background,
are editable in this engine. However, it is a tedious, time-consuming procedure to
adjust all these parameters when building models manually. These details are also
considerednot so important inpedestriandetection. Therefore, this project uses the
engine Fuse to create themodels. The procedure of building amodel is quite simple
since there have been plenty of prefabs on the body, face, and clothes.
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1.2.2 Computer vision in datasets verification

(1) Homography in datasets calibration

Inverification of thedatasets, the spatial distribution of thepedestrians and the
occlusionamongthemarecrucial. Theobject coordinates inacommonreferenceare
estimatedtoachieve robustness in termsofappearancevariabilitybetweenviews. In
most cases of calibration, the homography is the first to be examined [23] . In their
technique [24], Stauffer andTieu use trackingdata topredict homography fromone
camera to the next. [23, 24, 25] also compute planar homographies betweenmulti-
camera views instead of projecting the views on a reference ground plane. Those
techniques, however, fail to alleviate the occlusion problem.

(2) Localization of foreground people

After projecting the images into the reference ground plane, [26] use the estimated
trajectories collected by each camera to match objects. The results verify that the
shadow extracted with a person will affect the matching procedure. Both the feet
and head region of the foreground people are extracted in the location detection.
In a multi-view arrangement, Reddy et al. in [27] employ compressed sensing to
recognize and track individuals. Theymakeuseof the cameras toextract foreground
silhouettes. Thenin[28],Fleuretetal. usethemulti-viewinfrastructuretoaccurately
follow persons across multiple cameras when the foreground silhouettes are degraded.
Amathematical framework is developed in their work. However, the framework has
high potential false positive rate because the sparsity is not carefully considered.
Therefore, in this project, the framework proposed by [29], which cope with the
limitations of previous work is used. It works well to any number of cameras,even
single cameras. The sparsity in the desired solution is explicitly considered in this
framework.

1.3 Industrial Relevance

Variousdatasuggest thatusingdeeplearningpedestriandetectionalgorithmsin
multiple industries couldbe beneficial. Such technology is required forsafety,public
transit regulation, and autonomous driving. At the same time, there was a critical
issuewith theabsence of correctly labelleddatasets in the training of thealgorithms.
In this project, various scenes are built throughUnity3D. Human character models
areprogrammedtowalk inthepredeterminedarea.Withmulti-orientationcameras
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placed in each scene, it is possible to synthesize massive training datasets. The
verification part of the project further proves that these datasets can be widely used
in the training of deep learning pedestrian detection algorithms. Compared with
traditional real-world scenes, these synthesized datasets show advantages in: (1). It
is possible to use a wide range of pedestrian appearances (e.g., skin, gender, height,
weight, clothes) to generatemany synthesized data. (2) Since the pedestrians in the
simulated scene are programmed to generate, the models can be generated for any
location in thescene. It canbeprogrammed tobe created in thepredeterminedarea.
(3) The locationof the surroundingbuilding andother static objects in the
scene can be included in the training of detection algorithms. It can improve the
trainingfor occlusion detection. (4) Since the ground truth is known, manual data
labelling is not required. It can generate large amounts of automatically
annotated data. Computer-generated imageshavebeensuccessfully applied in
pedestriandetection. Amore precise pedestrian detection algorithmmaybe
achieved due to the datasets. Furthermore, the methodologies created in this
research will be generic and, in theory, relevant to the numerous sectors in which
3D data is now utilized.



Chapter 2

Methodology

The whole structure of the framework is shown in Figure 1. I consider the
following condition is satisfied: (1) the geometrical management of the scene, e.g.,
the “pedestrian region” is the area where pedestrians possibly appear, the obstacles
likethebuildingarerenderedasnotwalkablearea,andthepedestrianscouldeitherbe
occluded or physically unable to present; (2) intrinsic and external cameraparameters
are available. In this project, the works have been done: Scene modelling; Human
character modelling; Camera modelling; Tsai’s calibration; extraction of the masks by
usingMaskRCNN;Calculating theJOLtodrawrectangles; filtering therectanglesby
usingRSS. The pictorial illustration of the framework is shown in the figures below.

6
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Figure2.1: Theoverallstructureofthisproject, itcontainstwomainparts: synthesize
of the datasets and verification of the datasets.

Figure2.2: Overview: Thegeometricallywalkableareas is automatically rendered in
thenavigation,while thesurroundingbuildingsarenotrendered. Pedestrianmodels
are programmed to walk in the area. Photos from different orientations are generated.
Different orientation view is validated in homography transformation.
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2.1 Synthesis of the datasets

In this part, the details of synthesizing the datasets usingUnity3Dwill be intro-
duced step by step. It includes threemain parts: humanmodeling; scenemodeling
and camera modeling.

2.1.1 Human charactermodeling

The detailed steps of human character modelling are shown as below:

(1) Software introduction

Adobe FuseCC [21] is a data-driven application for 3D characters modeling. It
allowsbuildinghumancharactermodelsusing internal library assets. Theassets are
high-quality 3D, which contain textures, bodies, clothes, and faces. Each content
contains various attributes, e.g., clothing fabric, torso shapes, hats. These attributes
canbecustomized together toachieve thefinal look.Moreover, theattributes likethe
torsoareadjustedautomaticallywhenthebodyofthecharacter’ssizeandproportion
ischanged. Thisapplicationcanalsoexportthehumancharactermodeltothewebsite
“Mixamo” [22] for further settings.

(2)Assemble the initial body of the character

In this step, the initial body of the character is created. Body parts head, torso,
arms, and legs in the library can be chosen in the right Edit panel. These partscan
be added to the left panel by clicking. Besides, the full matching body parts canbe
automatically fused byright-clicking thepart and choosing “AddMatching Parts” in
the options menu. The details are shown in the figures below.

Figure 2.3: The procedure of creating the initial body for a male character.
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Figure 2.4: Automatically matching parts.

(3) Customize the body’s shape and facial features

In this step, the character’s specific body parts can be customized. Firstly, the
mouse pointer hovers over the body to select the region. The selected part will have
a blue boundary. Then the corresponding attributes in the right Edit panel can be
customized to achieve the desired shape by dragging. The details are shown in the
figure below.

Figure 2.5: Customize the body’s shape.

(4) Dress the character using cloth library assets

In this step, the character can be dressed. The application provides build-in
clothing assets, including tops, bottoms, shoes, hair, hats, eyewear etc.al. These assets
can be chosen in the right Edit panel, then the chosen clothingwill be automatically
wrapped around the character’s body. The details are shown in the figure below.
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Figure 2.6: The details of dressing the character.

(5) Customize the texture and material of the body, hair, and clothing

In this step, the texture of the clothing item can be customized inTexturemode.
The right Edit panel provides texture parameters, which can be adjusted bymoving
the button.

For the body part, the skin color, age, skin details can be adjusted. For the
hair part, the hair color, saturation, and extra categories can be adjusted. For the
clothing, themain fabric, collar, pockets et.al canbe adjusted. Thedetails are shown
in the figure below.

Figure 2.7: Customize the texture and material of these three parts.

(6) File saving

In this step, the charactermodel can be exported. Tofurther bind the skeletons,
the character needs to export as “.obj” format. The the file needs to be compressed
as a “.zip” file. The details are shown in the figure below.



CHAPTER 2. METHODOLOGY 11

Figure 2.8: The procedure of exporting the character model.

(7) Skeleton binding of the characters

When the different human characters have been built and exported as zip files,
thesecharactersshouldbeuploadedtothe”Mixamo”tobindtheskeletonandextract
thetextureandmaterial. Eachof thecharacters is tiedwith25skeletons, considering
the running speed of the final program. Ifmore vivid humanoid behavior is needed,
the bind skeleton can add up to standard 65. Texture and material are extracted as
files, respectively, to make the detail of these characters better. The bindingprocedure
is shown in the figure below.

Figure 2.9: The procedure of binding the human character model. It includes the
skeleton binding and extraction of texture and material.

(8) Unity import of the results

Among these two procedures, 100 characters have been built and bound skeleton.
Then these characters are exported toUnity. In Unity, ”NewCharacter” is created to
store thecharactermodels. All thesemodels’Animation types are set as ”humanoid”
in the inspectorwindow. TexturesandMaterials of thesemodels are exported to the
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project as well. Set the type in ”Material Creation Mc” as ”Standard (Legacy)”. The
previously extracted files set the inspector’s characters’ texture and material. After
that, drag these character models to the scene to make prefabs, adjusting thescale
simultaneously. The procedure is shown in the figure below.

Figure 2.10: The procedure of importing the human models in Unity. Includes the
settings of the parameters.

(9) Animation binding of the characters

For the prefabs, different animation is boundwith different gender characters.
There are two statuses of each character. For male characters, they are bound
with ”m animation”, which contains ”walk” and ”idle” status. Female characters
are bound with ”f animation”, with ”catwalk”, and ”idle” two status. The trigger of
different statuses is ”walking,”aBooleanparameter. Thisparameter isprogrammed
to control themovement of characters. When the project starts, the parameter is set
to be ”true”; when the characters move to the destination, the parameter is ”false”.
The procedure of binding the animation is shown in the figure below.
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Figure 2.11: The animations of male and female models are different. A Boolean
parameter ”walking” is used to switch the status between ”idle” and ”walking”.

(10) Human character Programming

For human character programming, a script named ”respawnController” is used.
When thekeyboard codeSpace is down,humancharacterswill generate ina random
positionandwalk. First of all, to let thehumancharacterswalk in thepredetermined
area, thenavigation intheAIwindowneeds tobebaked. Afterbaking, theprojectwill
recognize theplainareaautomatically, and the trajectorywill generate. In thescript,
c language is used. A function called “Randoms” generates the randomized human
characters list. In the Update function, public
parameters ”largestX”, ”smallestX”, ”largestZ”, and ”smallestZ” are used to
constrain the range of character generation. These parameters can be modified
externally, making the script adaptable for different scenarios. The number of
generated characters can be modified externally as well. The external parameters
are shown in the figure below.
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Figure 2.12: Every human character model bonds with the ”respawnController”
script. The parameters are public and can be modified externally.

2.1.2 Camera modeling

In the city scenario, twenty-fivecameras are put in different orientations. These
are the top view and eight views at 3 different heights. Every camera has either 15,
30 and 45 degrees of inclination and is placed in the corner and middle of side in
the scene. Tomake the screenshot, scripts are added to these cameras. In the script
“GetImage”, this project is programmed to take a photo when the keyboard code
“S” is pressed. The photos will automatically save in the file “Screenshot”.Besides,
little red dots and poles are put on the floor as the benchmark to convenient the
calibration. Thesemake the calibrationproceduremoreconvenientand clearer. The
details are shown in the figure below.
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Figure 2.13: Cameras are placed at the corners of the scene. The inclination angle is
15 degrees on the x-axis and adding 90degrees on the y-axis. The script ”GetImage”
is added to each camera to take the photos. Dots and poles are placed on the ground
as the benchmark.

2.1.3 Scene Modeling

There are two scenes built in this project. The first one is the city scene. Con-
struction of this scene can be divided into these steps: 1. set the terrain; 2. put the
prefabs in the scene; 3. set the lighting system. Tobuild this scene, the prefabs are
needed. All the prefabs are shown in the figure below.

Figure 2.14: The prefabs of the city scene. There are banners, trees, buildings,
streetlights et al.
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These prefabs need to be dragged into the scene. The shortcut key “W” is used
to transform the prefabs; “E” is used to rotate the prefabs; “R” is used to resizethe
prefabs. A square is built in the center of this scene, and it is used as the walkable
area for the pedestrians. Various buildings and surrounding structures like bench,
crossroad, and trees are added to the scene. These details are shown in the figures
below.

Figure 2.15: The prefabs put in the scene and combined together to construct the
city scene The lighting system is also set with the rendering light and sky box.
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Figure 2.16: The setup of skybox in Unity.

Thewhole structure of the scene is shown in the figure below. There are central
square, surrounding buildings, crossroad and trees.

Figure 2.17: The overall output of the city scene.

Additionally,aHigh-DefinitionRenderPipeline (HDRP)project isalso created.
Compared with the traditional Lightweight Pipeline (LWRP), HDRP has amassive
advance in graphical realism. It can also achieve realistic graphics in demanding
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scenarios. Referring to the global datasets, an indoor scene is made by the Unity
HDRP project. It is a scene of campus.

The construction of this scene is the same as the previous scene. Firstly, the
terrain of the campus is set. The skybox is added to the scene, and the material
“spruit sunrise” is selected in the skybox. Then the prefabs are dragged to the scene
to construct the campus scenario. The scene has the following structures: stairs,
rooftop, floor, ceiling, doors, wall, pillar, and roof. These structures are combined to
formthese properties: external, classroom, restroomand corridors. Forthe lighting
system, directional light is added and lights up the whole scene. A ”spotlight”
and ”AreaLightNeon” are combined to light up the room and located in the right
position in each classroom. The details are shown in the figures below.

Figure 2.18: ”spruit sunrise” is chosen as the sky box; the script is bonded to the
scene to generate the environment light.

Figure 2.19: Restrooms and classrooms built in the scene.

This scene is used for further investigation of the indoor scene. The grid and
human character models can be put in it if necessary.
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Σ

H = s × 0 fy v0

0 0 1
× [r1r2t] = s×M[r1r2t] (2.1)

2.2 Verification of the datasets

Since thecamerashavegenerated images of eachdirection, these images should
then be verified. It is a pedestrian datasets used for pattern recognition, thus the
localization of pedestrianmodels needs to be outlined. Thedatasets is a 3d scene, so
eachmodel’s location can not be detected directly. Toachieve this goal,maskRCNN,
Tsai’s calibrationalgorithms,RSSalgorithmsareused. The stepsare shown indetail
below.

2.2.1 Homography Transformation

Homography describes the position mapping between the world coordinate sys-
tem and the pixel coordinate system. The corresponding transformation matrix is
called the homography matrix (2.1).

fx γ u0

H: Homography matrix, S: Arbitrary scale factor, M: Camera intrinsic parameter.

The matrix can be divided into four parts:
f x γ

0 f y

Σ

represents the linear trans-

formation, e.g., scaling, shearing and rotation. [0 0] is used for translation, [u0v0]T

is used to generate the perspective transformation. The transformationmatrix can
transform one quadrilateral into another quadrilateral.

In this part, OpenCV is used to calculate the homography matrix of two dif-
ferent frames. Initially, PS is used to get the pixel positions of the same location
in two photos of different visual angles. Four positions are needed and stored in a
vector2 parameter. Then use the function ”findHomography” to calculate the cor-
responding homography matrix. The calculation of the homography matrix needs
the corresponding points ”srcPoints” and ”dstPoints”. The points are the matrix
in the form of Vector¡Point2f¿. After getting the homography matrix, the
function ”warpPerspective” can map a picture into another visual angle.

2.2.2 Tsai’s calibration

It canbe seen that thehomographyworkswell for groundpoint inworldcoordi-
nate to image coordinate transformation,which is a2d transformation. However, in
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this project, it is a 3d scene. The rods are fully distorted through homograph trans-
formation. Therefore, Tsai’s algorithm is then used. This algorithm works well for
worldcoordinate (XwYwZw), cameracoordinate (x, y,z), and imagecoordinate (im-
age pixel and physical coordinate) transformation. The transformation relationships
among these coordinates are shown in the figure below.

Figure2.20: Therelationshipsof threebasiccoordinates. (cameracoordinate, image
coordinate and world coordinate)

Inthisproject, itrequirestotransformtheimagefromworldcoordinatetoimage
coordinate. The formula is shown in the function (2.2) below.

X

= u − u0

fx
= r11Xw + r12Yw + r13Zw + tx ,
r31Xw + r32Yw + r33Zw + tz (2.2)

f
= u − u0

fy
=
r21Xw + r22Yw + r23Zw + ty
r31Xw + r32Yw + r33Zw + tz

Where R is the orthogonal rotational matrix. Its elements satisfy the condition:

2 2
11 12
2 2
21 22
2 2
31 32

2 =1,
2 =1,
2
33

(2.3)

Toachieve this transformation, the Matlab code is written. Besides, a script is also
written in Matlab to save all the world to image points in two ”txt” files. One of
these files is to store the ground point, another is to save the height point.

r

r

r

+ r

+ r

+ r = 1
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2.2.3 Division of the ground truth into a grid of position

The next step is to split the walkable areas into small grids. Small dots are
placed in the square, each 20cm apart in the top view. These small dots will then
be used as the midpoint of the bottom of the rectangle to draw the rectangles. The
height of each rectangle is 170cm, and the width is 0.35 times of height. However,
these rectangles’ absolute world position and pixel position will change when observed
in different orientations. Therefore, Tsai’s algorithm is introduced to achieve this
transformation. Besides, the character of each direction is placed on the ground,
makes the observation more convenient. The figure of top view with small dots is
shown in figure below.

Figure 2.21: The top view of the scene.

2.2.4 Pedestrian detection in single view

In this step, the algorithm of maskRCNN is introduced to extract the mask of
every pedestrian. MaskRCNN iswidely used for segmentation and object detection.
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Bounding boxes and segmentation masks are generated in this model for each instance
of an object in the image. It is based on Feature Pyramid Network (FPN) and a
ResNet101 backbone. Themain construction structure is shown in figure below.

Figure 2.22: The instance segmentation framework of Mask R-CNN cited from [30].

This isastandardconvolutionalneuralnetwork(ResNet50andResNet101) that
acts as a feature extractor. The bottom level detects low-level features (edges and
corners, etc.), and the higher level detects higher-level features (cars, people, etc.).
Theimage isconvertedfromatensorof1024x1024x3(RGB)toafeaturemapofshape
32x32x2048 forward propagation of the backbone network. The network is further
improved by introducing the FPN,which is an extension of the backbone network to
better characterize targets at multiple dimensions. The framework is shown in the
figure below.
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Figure 2.23: The framework of FPN cited from [30].

Since thisproject needs the localizationof eachpedestrian, then themaskneeds
to be detected at first. After using MaskRCNN, the mask of each pedestrian in a
different orientation is shown below. It needs tomention that only the pedestrians’
masks are needed to be detected. Therefore, the category of detection needs to be
narrowed down to only ”person”.

2.2.5 Joint Occupancy Likelihood

In step2, themiddle point of each rectangle’s bottom and the height, andwidth
of each rectangle havebeen calculated. However, therewill be toomany rectangles if
everyrectangleisdrawn. Therefore, thejointoccupancy likelihoodwillbecalculated,
thendraw the rectangleswhose JOL is higher than the threshold. JOL is to calculate
the percentage of mask and size of one rectangle in different views.

First of all, it needs to transform the frames of masks after using MaskRCNN
to gray images. After this transformation, the pixel value of themask is 255 and the
background part value is 0. Iterate every pixel in this rectangle, and count the ratio
of mask and background pixels. The ratio is called Occupancy Likelihood. After
calculating theOccupancy Likelihood of one rectangle in different views, It needs to
multiply all these likelihoods together and then calculate the square root. The result
is the Joint Occupancy Likelihood. After calculating the JOL of every rectangle, set
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up a threshold and draw rectangles whose JOL is larger than the threshold. The
pseudocode is shown in the below.

Algorithm 1 JOL algorithm
Input: input parameters ground points, height points, threshold
Output: output JOL rectangles

1: draw JOL rectangles larger than the threshold
2: for height point, ground point in heights points, ground points do
3: Hr ← height point, ground point
4: Wr ← H r ∗ 0.35
5: iterate every pixel in this rectangle
6: if the pixel value is larger than 1 then
7: v+1
8: end if
9: OL = v/Wr ∗Hr

10: JOL =
√
n Σ

i=0

nOL
11: if JOL > threshold then
12: add to JOL rectangles
13: end if
14: end for
15: return result

2.2.6 Repulsive Spatial Sparsity (RSS)

It can be seen that there are still plenty of rectangles on each pedestrian after
computing the Joint Occupancy Likelihoods and filtering the rectangles. This is
because the JOL of each pedestrian is different. If the pedestrian’s size is large, the
JOL will be large as well. A universal threshold can not filter all the rectangles.
Therefore, there are multiple rectangles whose JOL is larger than the threshold on
each pedestrian. Therefore, another algorithmRSS is used. It is a greedy algorithm
which iterates all the rectangles on each character. First of all, the JOLs need to be
sorted from the highest to lowest. Then a radius is chosen to filter the rectangles.
Inside of the circle, only the rectangle with the highest JOL will remain. The logic
of the pesudocode is shown in below.
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Algorithm 2 RSS algorithm
Input: input parameters JOL rectangles, radius
Output: output RSS rectangles

1: iterate all the rectangles in JOL rectangles
2:while JOL rectngales is not empty do
3: sort the rectangles from highest to lowest
4: Hr ← JOL rectangles[0]
5: Hp ← JOL rectangles[0][”position”]
6: for JOL rectngale i in JOL rectangles do
7: Rp ← JOL rectangles[i][”position”]
8: if R p < radius then
9: delete JOL rectangle[i] from JOL rectangles
10: end if
11: end for
12: end while
13: return result
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Results

During this final year, the results are: (1) Create the human character models.
(2) Shoot the pedestrian photos from different orientations. (3) Generate the city
sceneandHDRIcampusscene. (4)Validatethehomographyofthefiguresatdifferent
orientations in the synthesized scene. (5)Masks extracted byusingMaskRCNN. (6)
Tsai’s calibration result. (7) JOL results. (8) RSS results. These will be discussed in
details.

3.1 Pedestrian datasets sybthesis

More than 100 human character models have also been built during this semester.
The details are shown in the figure below.

Figure 3.1: The human character models in the file and in the scene.

Human character models are programmed to walk in the predetermined area.
The number of randomly generatedmodels is 40 in each scene. Whenever the key-

26
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board code space is down, 40 random human characters of 100 models will ran-
domly generate in the area. The area is constrained by the parameter “LargestX”,
“LargestZ”, “SmallestX”, and “SmallestZ”. All these parameters can be modified
externally according to the different scenes.

3.2 Pedestrian photos in different orientations

Moreover, the script for photo shooting is also completed. When the program
is running, pressing the keyboard button “s” will let the cameras generate a set
of photos at different orientations. These photos are stored in the relative path
“Assets/Screenshot”. The shooting photos at different orientations with randomly
generated pedestrians are shown in the figures below.

Figure 3.2: Photo taken in the top view.
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(a) Photos taken in the low altitude.

(b) Photos taken in the middle altitude.

(c) Photos taken in the high altitude.

Figure3.3: Randomlygeneratedpedestrianswalkinthepredeterminedarea. Photos
are shot from twenty five different orientations.

3.3 The synthesized scenes

The synthesized city scene is shown in the figure below. There are a central
square, buildings, and trees. The central square is used as the walkable area for the
pedestrians.
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Figure 3.4: The overall structure of the city scene.

The HDRI campus scene is shown in the Figure 29. It is a campus scene, ren-
dered in HDRI pipeline. It has everything needed in a real-world classroomscene.
Comparedwiththepreviousone, it ismuchmorerealistic. Therender result is shown
as the figure below.

Figure 3.5: The overall structure of the campus scene.
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3.4 Homography validation of the figures

After generating these scenes, the homography is validated through OpenCV.
For homography mapping, the photos at each orientation are mapped with the top
view photos. The results are shown in figure below.

Figure 3.6: Homography transformation of views of Camera0 with Camera1 and
Camera 2.

It can be seen that the photos are transformed successfully. The length of the
poles is different, and it can be considered the shadow of different angles of light.
The figures are added together to figure out whether the transformation is accurate
to have further validation. The adding weight is set as 0.5 to have a clearer result.
The result is shown in the figure below.

Figure 3.7: Add the figures of each homography results together, with the weight of
0.5 each.

It can be seen that the dots coincide perfectly. However, the lines outside the
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predetermined region somehow incline due to the transformation points being selected
only in the predetermined area.

3.5 Masks extracted by using MaskRCNN

After validating the homography of the synthesized scene, the localization and
geometric relationship of the pedestrians are verified. The result of MaskRCNN is
shown in the figure below.

Figure3.8:Theimagestakenfromfourdifferentviews(southwest,northwest,south-
east, and northeast).

The images are then transformed into the gray level images. These gray images
are shown in the figure 33. It can be seen that the the persons mask are extracted
and transformed into white color.
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Figure 3.9: The gray image of the masks images.

3.6 Tsai’s calibration result

Theworldcoordinatehasbeentransformedto imagecoordinatesuccessfully. In
the program, if a point is clicked on the left side, the corresponding calculated point
will be generated on the right side. There are twocorresponding points in the image.
One is the ground point and the another one is the height point. The height is set
as 170cm in the program. The output of the Tsai’s algorithm is shown in thefigure
below.
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Figure 3.10: The output of the Tsai’s algorithm. The left one is world coordinate
and the right one is the image coordinate. Thepoints oneach side are corresponding
to each other.

3.7 JOL results

After calculating the JOL, rectangles are drawn if the JOL is larger than the
threshold. The rectangles in different views are corresponding to each other.However,
it can be seen that there are multiple rectangles on each character, and the number
of rectangles on each character is different. This is because the threshold is a fixed
value,whilethesizeofeachcharacter isdifferent. Therefore,thenumberofrectangles
whose JOL is larger than the threshold on each character is different. The result is
shown in figure below.



CHAPTER 3. RESULTS 34

Figure3.11: The resultof usingJOLalgorithmtodrawtherectangles. Therectangles
in each view is corresponding to each other.

3.8 RSS results

After applying theRSS algorithm, it can be seen that there is only one rectangle
remains on each character in different views. These corresponding rectangles are
drawn in the same color. The result is shown in the figure below.

Figure3.12: TheresultofusingRSSalgorithmtodrawtherectangles. Therectangles
in each view is corresponding to each other. Only one rectangle remains on each
character.
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Conclusions and Future Work

4.1 Conclusions

Duringthisyear, Ihaverealizedmodellingandverificationpart. Besides,human
charactermodellingfitswellinthesynthesizedscene. Thepedestrianmodelsarepro-
grammedtowalkinthepredeterminedareaandaregeneratedrandomly. Thephotos
are shot through the cameras placed at different orientations. Then the dots and
poles are put in the scene as the benchmark to validate the homography. The results
show that the homography transformation has succeeded. Moreover, the localization
and geometric relationship of these characters are verified correctly as well.

In the procedure, difficulties have been met. First of all, human modelling isa
long procedure. Since the existing public models are inadequate, while the project
requires many pedestrian models, “fuse” is used to create the models. Moreover, these
modelsare set as “rigidBody” toavoidocclusion. The lighting systemin thescenehas
been adjusted tomake clear photos. The size and position of the benchmark points
are also adjusted for calibration and validation. The radius of RSS is also adjust for
achieving the best result. The results show that the synthesized scene can be used as
thepedestriandetection trainingdataset. Theverificationof the synthesizeddataset
also means that it has the same properties as the real-world dataset.

4.2 Progress Analysis

AsmentionedintheProjectSpecificationReport,Ishouldhavedonetheseworks
in semester 1: (1) Literature review for the related work. (2) Create the human
character models and add them to the scene. (3) Adjust the models to fit thescene
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and program the models to walk in the predetermined area randomly. According
tomy preliminary results, these works have been done successfully. More than 100
human character models have been built using the “fuse”. They are then added to
the synthesized scene in Unity3D. These models are programmed to generate and
walk in the predetermined area randomly. C programming language is used in the
scripts. Besides, dots andpoles are put in the scene to validate thehomography. The
validation is successful, according to thepreviousanalysis. I alsoneed to finish these
work in semester 2: (1)Verify the synthesized datasets. (2) Adjust the datasets. (3)
Finish the final Report. In the final result, algorithms like Tsai’s calibration, Joint
Occupancy Likelihod,MaskRCNNet al are used to verified the datasets. The results
work as the expectation. Matlab, and python scripts are written to achieve these
algorithms in semester 2.

4.3 Future Work

There are still some limitations in thepresent stage. Firstly, the scene is limited.
Only the city scene has pedestrian models. Moreover, the synthetic dataset should
be adjusted according to the demand. The algorithms I used to verify the dataset
work no so well when toomany pedestrians are in the scene and they are occluded.
Therefore, amore robust and high performance algorithmmaybe used to verify the
datasets in the future.

The advantages of synthetic datasets are obvious. The future work of these
datasetswill focus on the following aspects: (1) Build amore interactive, better data
quality synthetic data set engine with richer (and more variable) conditions, giving
users more authority to obtain data that meets as much further research needs as
possible. (2) Research on more efficient unsupervised domain adaptation methods to
makemoreefficientuseof syntheticdata andexisting real data sets. (3)Theproblem
of”what-how-why” invisual tasks isdeeplystudiedandexplored. Thecontrollability
ofsyntheticdataisusedtodesignmorescientificquantitativeexperimentsandrating
indexes so that visual research can develop in a balanced way between engineering
and science.
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p u b l i c c l a s s respawn Controller : MonoBehaviour
{

p u b l i c i n t humanNum total ;
pub lic int humanNum inScene ;
// Change the
pub l i c f l o a t
p u b l i c f l o a t
p u b l i c f l o a t
pub l i c f l o a t

area s i z e
larges tX ;
smallestX ;
l a r g e s t Z ;
smal les tZ ;

p r i v a te Array List humanList=new Array List ( ) ; // l i s t o f ID o f human ,
s t a r t s from zero

p r i v a te Array List o b j e c t L i s t=new Array List ( ) ;
p r i v a te Array List r human List ; // l i s t o f the random IDs o f human
// p r i v a te Array List
// p r i v a te Array List
// p r i v a te Array List

r Spawn List ;
r x ;
r z ;

l i s t o f the random spawn point

p r i v a te i n t SpawnCounter = 0 ;
void S ta r t ( )
{

f o r ( i n t i = 0 ; i< humanNum total ; i ++)

AppendixA

C# code

A.1 RespawnController

1 using
using

System ;
System . C o l l e c t i o n s ;

3 using System . C o l l e c t i o n s . Generic ;

5

using UnityEngine ;

7

9

11

13

15

17

19

21

23

25

40
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27 {
humanList . Add( i ) ;

29 }
}

31

// Update i s c a l l e d once per frame
33 void Update ( )

{
35 i f ( Input . GetKeyDown( KeyCode . Space ) )

{
37 i f ( SpawnCounter == 0 )

{
39

}
41 e l s e

{
43

SpawnCounter++;

f o r e a c h ( GameObject Object in o b j e c t L i s t )
{

45

}
47 }

Destroy ( Object ) ;

49 r human List = Randoms ( 0 , humanNum total , humanNum inScene ) ;
// r x = Randoms( smallest X , largest X , humanNum inScene ) ;

51 // r z = Randoms( smallest Z , larges tZ , humanNum inScene ) ;
f o r ( i n t i = 0 ; i< humanNum inScene ; i ++)

53 {
GameObject humanPrefab = Resources .

Load<GameObject >( r human List [ i ] . To String ( ) ) ;
55 f l o a t X = Unity Engine .Random. Range ( smallest X , larges tX ) ;

f l o a t Z = Unity Engine .Random. Range ( smallest Z , l a r ge s tZ ) ;
57 Vector 3 Spawn Position = new Vector 3 (X, 0 , Z) ;

GameObject human = Ins t an t i a t e ( humanPrefab ,
Spawn Position , UnityEngine . Random . r o t a t i o n ) ;

59 ob j e c tL i s t . Add(human) ;
}

61 /∗
r human List=RandomNum( humanList ) ;

63 r Spawn List = RandomList ( ) ;
f o r ( i n t i= 0 ; i<humanNum inScene ; i ++)

65 {
GameObject te s t Pr e f a b = Resources . Load<GameObject >( r

human List [ i ] . To String ( ) ) ;
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67

69

71 }
}

73

GameObject human = I n s t a n t i a t e ( te s t Pr e f a b , ( Vector 3 )
r Spawn List [ i ] , Unity Engine . Random . r o t a t i o n ) ;

o b j e c t L i s t . Add( human) ;
}
∗/

p u b l i c Array List Randoms( i n t begin , i n t end , i n t num)
75 {

Array List random = new Array List ( ) ;
77 /∗

System .Random rnd = new System .Random(Guid .NewGuid ( ) . GetHashCode
( ) ) ;

79 f o r ( i n t i = 0 ; i< humanNum inScene ; i ++)
{

81 random .Add( rnd . Next ( begin , end ) ) ;
}

83 r etur n ( random ) ;
∗/

85 while ( random . Count< num)
{

87 in t i=Unity Engine .Random. Range ( begin , end ) ;
i f ( ! random . Contains ( i ) )

89 {
random . Add( i ) ;

91

}
93 }

r etur n random ;
95 }

97

/∗
99 pub l i c Array List RandomNum(Array List l i s t )

101

103

105

{
i n t r e s u l t I D ;
Array List r e s u l t = new Array List ( ) ;
Array List l i s t C l on e = new Array List ( ) ;
fo re ach ( in t num in l i s t )

{
l i s t C l o n e . Add(num) ;

107
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109

111

113

115

117

119

121

123

125

127

129

131

133

135

137

RespawnController

A.2 Test navigator

1 using
using

System . C o l l e c t i o n s ;
System . C o l l e c t i o n s . Generic ;

3 using UnityEngine ;
using UnityEngine . AI ;

5 using System . IO ;

7

using System . Text ;

}

while ( l i s t C l o n e . Count > l i s t . Count − humanNum inScene )
{

re su l t ID= Unity Engine .Random. Range (0 , l i s tC l one . Count ) ;
r e su l t .Add( l i s tC l one [ resu l t ID ] ) ;
l i s t C l o n e . RemoveAt( r e s u l t I D ) ;

}

r etur n ( r e s u l t ) ;
}

p u b l i c Array List RandomList ( )
{

i n t x ;
i n t z;
Array List SpawnList = new Array List ( ) ; while
( SpawnList . Count < humanNum inScene )

{
x = UnityEngine .Random. Range ( smallest X , larges tX ) ;
z = UnityEngine .Random. Range ( smallest Z , l a rge s tZ ) ;
Vector 3 Spawn Position = new Vector 3 ( x , 0 , z ) ;

}

i f
{

}

( ! SpawnList . Contains ( Spawn Position ) )

SpawnList . Add( Spawn Position ) ;

r etur n SpawnList ;

}∗/
}
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9 p u b l i c c l a s s te s t N a v i g a to r : MonoBehaviour
{

11 // Sta r t i s c a l l e d be fo re the f i r s t frame update
p r i v a te NavMeshAgent nav ;

13 p r i v a te Animator animator ;
f l o a t smallest X ;

15 f l o a t l a r g e s t X ;
f l o a t smal lestZ ;

17 f l o a t l a r g e s t Z ;

19

21 void S ta r t ( )
{

23 nav = GetComponent<NavMeshAgent >() ;
animator = GetComponent<Animator >() ;

25 Invoke Repeating ( ” randomPosition ” , 2 , 2 + Random. Range (0 f , 2 f ) ) ;
respawn Control ler Spawn Controller = GameObject . Find ( ”

Spawn Controller ” ) . GetComponent<respawn Controller >() ;
27 smallest X = Spawn Controller . smallest X ;

la rges tX = Spawn Controller . l a rges tX ;
29 smal les tZ = Spawn Controller . smal les tZ ;

l a r ge s tZ = Spawn Controller . l a r ge s tZ ;
31

}
33

35 {

// Update i s c a l l e d once per frame
void Update ( )

37 i n t v e l o c i t y = Animator . StringToHash ( ” Ve loc i ty ” ) ;
i f ( transform . p o s i t i o n . x==nav . d e s t i n a t i o n . x&& transform . p o s i t i o n

. z== nav . d e s t i n a t i o n . z )
39 {

// Debug . Log ( ” Stooooop ! ” ) ;
41 nav . i s Stopped = true ;

// animator . Set Bool ( ” i s Walking ” , f a l s e ) ;
43 }

animator . Set Float ( v e l o c i t y , nav . v e l o c i t y . magnitude ) ;
45 i f ( ! nav . i s Stopped )

{
47 /∗ Unable to r o t a t e to the c o r r e c t angle
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∗ probably because o f misunderstanding o f quaternion
func t i on s

49 ∗
i n t r o t a t i o n = Animator . StringToHash ( ” Rotation ” ) ;

51 f l o a t rotate Angle = Quaternion . LookRotation ( nav . des t i na t i on
− transform . po s i t i on ) . eu lerAn g les . y − transform . ro ta t i on
. e u l e r An g l e s . y ;
i f ( rotate Angle > 180 )

53 {
rotate Angle = 360 − rotate Angle ;

55 }
e l s e i f ( rotate Angle < −180)

57 {
rotate Angle = −360 − rotate Angle ;

59 }
f l o a t r = rotate Angle ∗ ( 1 . 0 f / 180 . 0 f ) ;

61 ∗/

63

65 // Debug . Log ( r );
// animator . Set Float ( r o ta t i o n , r ) ;

67 transform . rota t ion = Quaternion . RotateTowards ( transform .
rota t ion , Quaternion . Look Rotation ( nav . de s t i na t i on −
transform . po s i t i on ) , 2) ;

// animator . Set Float ( r o ta t i o n , 0 ) ;
69

}
71 i f ( Input . GetKeyDown( KeyCode .A) )

73

75

77 }

{
Debug . Log ( ” ( ” + transform . p o s i t i o n . x +” , ”+ transform .

po s i t i on . y + ” , ” + transform . p o s i t i o n . z + ” ) ” ) ;
groundTruth ( ) ;

}

79 void randomPosition ( )
{

81

f l o a t y = transform . p o s i t i o n . y ;
83 f l o a t x = Random. Range ( smallest X , larges tX ) ;

f l o a t z = Random. Range ( smallest Z , l a rg es tZ ) ;
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85 /∗
i n t r o t a t i o n = Animator . StringToHash ( ” Rotation ” ) ;

87

89

91

93

95

97

99

101

103

Vector 3 forward Dir = nav . d e s t i n a t i o n − transform . p o s i t i o n ;
Quaternion lookAtRot = Quaternion . Look Rotation ( forward Dir ) ;
Vector 3 r e s u l t E u l e r = lookAtRot . e u l e r An g l e s ;
f l o a t rotate Angle = re su l tEu l e r . y − transform . ro ta t i on .

eu le rAn g le s . y ;
i f ( rotate Angle > 180 )
{

rotate Angle =360 − rotate Angle ;
}
e l s e i f ( rotate Angle < −180)
{

rotate Angle = −360 − rotate Angle ;
}

f l o a t r = rotate Angle ∗ ( 1 . 0 f / 180 . 0 f ) ;
∗/
// while ( transform . ro ta t ion != Quaternion . LookRotation (nav .

de s t i n a t i on − transform . po s i t i on ) )

105

107

109

111

//{
// animator . Set Float ( ro ta t ion , r ) ;
//}

// animator . Set Float ( r o ta t i o n , 0 ) ;
nav . d e s t i n a t i on = new Vector 3 (x , y , z ) ;
nav . i s Stopped = f a l s e ;
// Debug . Log ( rotate Angle ) ;
// animator . Set Bool ( ” i s Walking ” , true ) ;

113 // transform . LookAt ( nav . de s t i na t i on ) ;
// transform . r o t a t i o n=Quaternion . RotateTowards ( transform . r o ta t i o n

, Quaternion . LookRotation (nav . des t inat ion− transform .
po s i t i on ) ,3 ) ;

115 // Debug . Log ( ” walking ! ! ! ” ) ;
}

117

p u b l i c void groundTruth ( )
119 {

F i l e . AppendAllText ( ”F: \ \ACADEMIC FILES\\SURF\\ GroundTruth\\ Test .
txt ” , ” ( ” + transform . p o s i t i o n . x + ” , ” + transform . p o s i t i o n
. y + ” , ” + transform . p o s i t i o n . z + ” ) ” + ”\ r \n” , Encoding .
Default ) ;
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121

Test navigator

}
}



Appendix B

Matlab code

B.1 Tsai’s calibration

2

4

6

8

10

12

14

16

18

20

22

24

26

48

%Ve r i f y t r a n s i t i o n from world c o o r d i n a te s
%−−−−−−−−−−−−%
%camera parameters
Ncx=576;
Nfx=576;
dx=0.023 ;
dy=0.023 ;
sx =1;
%l e f t world c o o r d i n a te
subplot ( 1 , 2 , 1 ) ;
CreateWorld ;
%r i g h t image c o o r d i n a te
subplot ( 1 , 2 , 2 ) ;
I=imread ( ’View/ cam1 1 . jpg ’ ) ; imagesc ( I ) ;
hold on ;
Cx=s i z e ( I , 2 ) /2 ;
Cy=s i z e ( I , 1 ) /2 ;
hold on ;
%c a l c u l a t e Tsai ’ s model parameter
L=l oad ( ’ Tsai Input / Pic Point 1 . txt ’ ) ;
LW=load ( ’ Tsai Input / WorldPoint1 . txt ’ ) ;
Xf=L ( : , 1 ) ;
Yf=L ( : , 2 ) ;
xw=LW(: , 1 ) ;
yw=LW(: , 2 ) ;
[M,N]= s i z e (LW) ;
zw=z e r o s (M, 1 ) ;

to image coordinate s
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28

[ R, T, f , k1 ] = Tsai ( Xf , Yf , xw , yw , zw , Ncx , Nfx , dx , dy , Cx , Cy , sx ) ;
30

csvwr i te ( ’ Tsai Result /R 1 . txt ’ ,R) ;
32 csvwr i te ( ’ Tsai Result /T 1 . txt ’ ,T) ;

csvwr i te ( ’ Tsai Result / f 1 . txt ’ , f ) ;
34 c s v w r i te ( ’ Tsai Result / k 1 1 . txt ’ , k1 ) ;
%−−−−−−−−−−−−−−−−−−−−−−−−%

36 %v er i f y co r re c tne s s
n = 2500 ;

38 f i g e r = 1 ;
f o r i = 1 : n

40 subplot ( 1 , 2 , 1 ) ;
t i t l e ( ’ c l i c k on a point ! here ! ’ ) ;

42%Cl i c k on a point in the world frame and mark i t in red
%−−−−−−−−−−−−−−−−−%

44 %inte rva l X = 20 .8 ;
%in te rva l Y = 20 .8 ;

46%Xw= i n te r v a l X ∗(mod( i −1, 50 ) ) ;
%Yw = i n te r v a l Y ∗ f l o o r ( ( i −1) / 50 ) ;

48 q = ginput ( 1 ) ;
hold on ;

50 plot (q (1) ,q (2) , ’ rp ’ , ’ markers ize ’ , 10 ) ;
Xw=q(1 ) ;

52 Yw=q( 2 ) ;
Zw = 17 0 ; %This i s the h e i g h t o f the point in the c l i c k e d world

coord inate system , −100 i s 100 uni t s on the ground
54%−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−%
%The image c o o r d i n a te s corresponding to p o i n ts in the world c o o r d i n a te system

56 [ xf , yf ]= p i c (Xw, Yw, Zw, f , dx , dy , Cx , Cy , R, T) ;
%The image coord ina te s o f po ints on the earth plane corresponding to

po in ts in the world coord ina te system
58 [ x f f , y f f ]= p i c (Xw, Yw, 0 , f , dx , dy , Cx , Cy , R, T) ;
%Mark v e r i f i c a t i o n points in the image coordinate system and the l i n e s

o f corresponding p o i n ts and two p o i n ts on the ground plane
60 subplot ( 1 , 2 , 2 ) ;

hold a l l ;
62 p l o t ( xf , yf , ’ bp ’ , ’ markers ize ’ , 10 ) ;

p lo t ( x f f , yf f , ’ yp ’ , ’ markersize ’ , 10 ) ;
64 l i n e ( [ x f f , xf ] , [ yf f , yf ] ) ;
%Save the world c o o r d i n a te s o f the v e r i f i c a t i o n point , the image

coord inate s of the corresponding point , and the image coord inate s of
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the corresponding point on the ground plane
66 i f ( f i g e r ==1)

f i l 1 = fopen ( ’ Ca l i b r a t ionResu l t / Cal ibration World . txt ’ , ’w ’ ) ; %Ve r i f y the
world coord ina te s o f the point

68 f p r i n t f ( f i l 1 , ’ %5.6 f ’ ,Xw) ;
f p r i n t f ( f i l 1 , ’ ’ ) ;

70 f p r i n t f ( f i l 1 , ’ %5.6 f ’ ,Yw) ;
f p r i n t f ( f i l 1 , ’ \n ’ ) ;

72 f c l o s e ( f i l 1 ) ;

74 f i l 2 = fopen ( ’ Ca l i b ra t ionResu l t / Ca l ib r a t ionPi c . txt ’ , ’w ’ ) ; %The graph
coord ina te s o f the corresponding po in ts

f p r i n t f ( f i l 2 , ’ %5.6 f ’ , xf ) ;
76 f p r i n t f ( f i l 2 , ’ ’ ) ;

f p r i n t f ( f i l 2 , ’ %5.6 f ’ , yf ) ;
78 f p r i n t f ( f i l 2 , ’\n ’ ) ;

f c l o s e ( f i l 2 ) ;
80

f i l 3 = fopen ( ’ Ca l i b r a t i o n R e s u l t / Calibration Pic Ground . txt ’ , ’w ’ ) ; %The
image c o o r d i n a te s o f the corresponding ground plane p o i n ts

82 f p r i n t f ( f i l 3 , ’%5.6 f ’ , x f f ) ;
f p r i n t f ( f i l 3 , ’ ’ ) ;

84 f p r i n t f ( f i l 3 , ’%5.6 f ’ , y f f ) ;
f p r i n t f ( f i l 3 , ’ \n ’ ) ;

86 f c l o s e ( f i l 3 ) ;
f i g e r =f i g e r +1;

88 e l s e

90 f i l 1 = fopen ( ’ Ca l ibra t ionResul t /Cal ibrationWorld . txt ’ , ’ a ’ ) ;
f p r i n t f ( f i l 1 , ’%5.6 f ’ ,Xw) ;

92 f p r i n t f ( f i l 1 , ’ ’ ) ;
f p r i n t f ( f i l 1 , ’ %5.6 f ’ ,Yw) ;

94 f p r i n t f ( f i l 1 , ’\n ’ ) ;
f c l o s e ( f i l 1 ) ;

96

98

100

102

f i l 2 = fopen ( ’ Ca l i b r a t i onResu l t / Ca l i br a t i onPi c . txt ’ , ’ a ’ ) ;
f p r i n t f ( f i l 2 , ’%5.6 f ’ , xf ) ;
f p r i n t f ( f i l 2 , ’ ’ ) ;
f p r i n t f ( f i l 2 , ’ %5.6 f ’ , yf ) ;
f p r i n t f ( f i l 2 , ’ \n ’ ) ;
f c l o s e ( f i l 2 ) ;

104 f i l 3 = fopen ( ’ Ca l i b r a t i o n R e s u l t / Calibration Pic Ground . txt ’ , ’ a ’ ) ;



APPENDIX B. MATLAB CODE 51

f p r i n t f ( f i l 3 , ’ %5.6 f ’ , x f f ) ;
106 f p r i n t f ( f i l 3 , ’ ’ ) ;

f p r i n t f ( f i l 3 , ’ %5.6 f ’ , y f f ) ;
108 f p r i n t f ( f i l 3 , ’ \n ’ ) ;

110

f c l o s e ( f i l 3 ) ;
end
end

Tsai’s calibration



import os
from PIL import Image

ground1 f i le path = ’ ./ save dpoints /Ground1 . txt ’
g r o un d2 f i l e p a t h = ’ . / s ave dpoin ts /Ground2 . txt ’
g r o un d3 f i l e p a t h = ’ . / s ave dpo in ts /Ground3 . txt ’
g r ound4 f i l e pa th = ’ . / save dpoints /Ground4 . txt ’

h e i g h t 1 f i l e p a t h = ’ . / s a ve dpo i n ts /Height1 . txt ’
h e i g h t 2 f i l e p a t h = ’ . / s ave dpo in ts /Height2 . txt ’
h e i g h t 3 f i l e p a t h = ’ . / save dpo in ts /Height3 . txt ’
h e i g h t 4 f i l e p a t h = ’ . / save dpoints /Height4 . txt ’

ima g e 1 f i l e p a t h = ’ . / img out2 /cam1 . png ’
im ag e2 f i l e p a th = ’ . / img out2 /cam2 . png ’
im ag e3 f i l e p a t h = ’ . / img out2 /cam3 . png ’
image4 f i l e pa th = ’ . / img out2 /cam4 . png ’

im a g e 1 r e c f i l e p a t h = ’ . / images rec /cam1 . jpg ’
imag e2 r e c f i l e p a t h = ’ . / images rec /cam2 . jpg ’
imag e3 r e c f i l e p a th = ’ . / images rec /cam3 . jpg ’
imag e4 r e c f i l e pa t h = ’ . / images rec /cam4 . jpg ’

Appendix C

Python code

C.1 JOL algorithm

1

3 import
import

s h u t i l
m a tp l o t l i b . patches as patches

5 import m a tp l o t l i b . pyplot as p l t
import numpy as np

7 import cv2 as cv

9

11

13

15

17

19

21

23

25

27

52
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29 image 1 save path = ’ . / img out3 /cam1 . png ’
image 2 save path = ’ ./ img out3 /cam2 .png ’

31 image 3 save path = ’ . / img out3 /cam3 . png ’
image 4 save path = ’ . / img out3 /cam4 . png ’

33

ground1 = [ ]
35 ground2 = [ ]
ground3 = [ ]

37 ground4 = [ ]

39 height 1 = [ ]
height 2 = [ ]

41 height 3 = [ ]
height 4 = [ ]

43

with open ( g r o u n d 1 f i l e p a th , ’ r ’ ) as f i l e t o r e a d :
45while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( )
47 i f not l i n e s :

break
49 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #I f the

separato r i s a space , no arguments are passed in parenth eses
. I f i t i s a comma , the ’ , ’ c h a r a c te r i s passed .

ground1 . append ( [ i n t ( x tmp ) , i n t ( y tmp ) ] ) # Adds newly read data
51 pass

ground1 = np . array ( ground1 ) # Adds newly read data
53 ground1 = ground1 . reshape ((50 ,50 ,2) )

pass
55

with open ( g r o u n d 2 f i l e p a th , ’ r ’ ) as f i l e t o r e a d :
57 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( )
59 i f not l i n e s :

break
61 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #I f the

separato r i s a space , no arguments are passed in parenth eses
. I f i t i s a comma , the ’ , ’ c h a r a c te r i s passed .

ground2 . append ( [ i n t ( x tmp ) , i n t ( y tmp ) ] ) # Adds newly read data
63 pass

ground2 = np . array ( ground2 ) #
listarray

65 ground2 = ground2 . reshape ( (50 ,50 ,2 ) )
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pass
67

with open ( g r o u n d 3 f i l e p a th , ’ r ’ ) as f i l e t o r e a d :
69 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
71 i f not l i n e s :

break
73 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #I f the

separato r i s a space , no arguments are passed in parenth eses
. I f i t i s a comma , the ’ , ’ c h a r a c te r i s passed .

ground3 . append ( [ i n t ( x tmp ) , i n t ( y tmp ) ] ) # Adds newly read data
75 pass

ground3 = np . array ( ground3 ) #
listarray

77 ground3 = ground3 . reshape ((50 ,50 ,2) )
pass

79

with open ( g r o u n d 4 f i l e p a th , ’ r ’ ) as f i l e t o r e a d :
81 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
83 i f not l i n e s :

break
85 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
ground4 . append ( [ in t ( x tmp ) , in t ( y tmp ) ] ) #

87 pass
ground4 = np . array ( ground4 ) #

listarray
89 ground4 = ground4 . reshape ((50 ,50 ,2) )

pass
91

with open ( h e i g h t 1 f i l e p a t h , ’ r ’ ) as f i l e t o r e a d :
93 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
95 i f not l i n e s :

break
97 pass

x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
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99 height 1 . append ( [ i n t ( x tmp ) , i n t ( y tmp ) ] ) #

pass
101 height 1 = np . array ( height 1 ) #

listarray
height 1 = height 1 . reshape ( ( 5 0 , 5 0 , 2 ) )

103 pass

105with open ( h e i g h t 2 f i l e p a t h , ’ r ’ ) as f i l e t o r e a d :
while True :

107 l i n e s = f i l e t o r e a d . r ead l ine ( ) #
i f not l i n e s :

109 break
pass

111 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
height 2 . append ( [ in t ( x tmp ) , i n t ( y tmp ) ] ) #

113 pass
height 2 = np . array ( height 2 ) #

listarray
115 height 2 = height 2 . reshape ((50 ,50 ,2) )

pass
117

with open ( h e i g h t 3 f i l e p a t h , ’ r ’ ) as f i l e t o r e a d :
119 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
121 i f not l i n e s :

break
123 pass

x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
125 height 3 . append ( [ in t ( x tmp ) , i n t ( y tmp ) ] ) #

pass
127 height 3 = np . array ( height 3 ) #

listarray
height 3 = height 3 . reshape ( ( 5 0 , 5 0 , 2 ) )

129 pass

131with open ( h e i g h t 4 f i l e p a t h , ’ r ’ ) as f i l e t o r e a d :
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while True :
133 l i n e s = f i l e t o r e a d . r ead l ine ( ) #

i f not l i n e s :
135 break

pass
137 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
height 4 . append ( [ in t ( x tmp ) , i n t ( y tmp ) ] ) #

139 pass
height 4 = np . array ( height 4 ) #

listarray
141 height 4 = height 4 . reshape ((50 ,50 ,2) )

pass
143

img1 = cv . imread ( i m a g e 1 f i l e p a t h , 0 )
145 img1 = np . copy ( img1 )

img rec 1 = cv . imread ( i m a g e 1 r e c f i l e p a t h )
147 img rec 1 = np . copy ( img rec 1 )

149 img2 = cv . imread ( i m a g e 2 f i l e p a t h , 0 )
img2 = np . copy ( img2 )

151 img rec 2 = cv . imread ( i m a g e 2 r e c f i l e p a t h )
#img rec 2 = np . copy ( img rec 2 )

153

img3 = cv . imread ( i m a g e 3 f i l e p a t h , 0 )
155 img3 = np . copy ( img3 )

img rec 3 = cv . imread ( i m a g e 3 r e c f i l e p a t h )
157 #img rec 3 = np . copy ( img rec 3 )

159 img4 = cv . imread ( i m a g e 4 f i l e p a t h , 0 )
img4 = np . copy ( img4 )

161 img rec 4 = cv . imread ( i m a g e 4 r e c f i l e p a t h )
#img rec 4 = np . copy ( img rec 4 )

163 p o s i = [ ]

165 ’ ’ ’
#c a l c u l a t e the re c ta ngu la r in width

167 # f o r i in range ( ground1 . shape [ 0 ] ) :
# f o r j in range ( ground1 . shape [ 1 ] − 3 ) :

169 # le f t down1 = ground1 [ i , j ]
# lef t down2 = ground2 [ i , j ]
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171 # left down3 = ground3 [ i , j ]
# le f t down4 = ground4 [ i , j ]

173

# right up1 = height 1 [ i , j +3]
175 # r i g h t u p 2 = height 2 [ i , j +3]

# r i g h t u p 3 = height 3 [ i , j +3]
177 # r i g h t u p 4 = height 4 [ i , j +3]

179 # cnt 1 = 0;
# cnt 2= 0 ;

181 # cnt 3 =0 ;
# cnt 4 = 0 ;

183

# s i z e 1 = abs ( ( r i gh t up1 [ 0 ] − l e f t down1 [ 0 ] ) ∗ ( r i gh t up1 [ 1 ]
− l e f t down1 [ 1 ] ) )

185 # s i ze 2 = abs ( ( r i ght up2 [ 0 ] − le f t down2 [ 0 ] ) ∗ ( r igh t up2 [ 1 ]
− l e f t down2 [ 1 ] ) )

# s i z e 3 = abs ( ( r ight up3 [ 0 ] − le f t down3 [ 0 ] ) ∗ ( r i gh t up3 [ 1 ]
− l e f t down3 [ 1 ] ) )

187 # s i ze 4 = abs ( ( r i gh t up4 [ 0 ] − l e f t down4 [ 0 ] ) ∗ ( r i gh t up4 [ 1 ]
− l e f t down4 [ 1 ] ) )

189

# for x in range (min ( le f t down1 [0 ] , r ight up1 [ 0 ] ) ,
max( le f t down1 [ 0 ] , r i gh t up1 [ 0 ] ) ) :

191 # for y in range (min ( le f t down1 [ 1 ] , r ight up1 [ 1 ] ) , max
( le f t down1 [ 1 ] , r i gh t up1 [ 1 ] ) ) :

# i f img1 [ y , x ]> 0:
193 # cnt 1+=1

# por t ion1 = cnt 1 / s i z e 1
195

# for x in range (min ( lef t down2 [0 ] , r ight up2 [ 0 ] ) ,
max( le f t down2 [ 0 ] , r igh t up2 [ 0 ] ) ) :

197 # for y in range (min ( lef t down2 [ 1 ] , r igh t up2 [ 1 ] ) , max
( le f t down2 [ 1 ] , r i ght up2 [ 1 ] ) ) :

# i f img2 [ y , x ] > 2:
199 # cnt 2+=1

# i f s i z e 2 != 0 :
201 # port ion2 = cnt 2 / s i z e 2

203

# for x in range (min ( le ft down3 [0 ] , r ight up3 [ 0 ] ) ,
max( le f t down3 [ 0 ] , r i gh t up3 [ 0 ] ) ) :
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205 # for y in range (min ( le f t down3 [ 1 ] , r igh t up3 [ 1 ] ) , max
( le f t down3 [ 1 ] , r i gh t up3 [ 1 ] ) ) :

# i f y<1080:
207 # i f img3 [ y , x ] > 2:

# cnt 3+=1
209 # i f s i z e 3 != 0 :

# por t ion3 = cnt 3 / s i z e 3
211

# for x in range (min ( lef t down4 [0 ] , r igh t up4 [ 0 ] ) ,
max( le f t down4 [ 0 ] , r i ght up4 [ 0 ] ) ) :

213 # for y in range (min ( lef t down4 [ 1 ] , r ight up4 [ 1 ] ) , max
( le f t down4 [ 1 ] , r i gh t up4 [ 1 ] ) ) :

# i f img4 [ y , x ]> 2:
215 # cnt 4+=1

# i f s i z e 4 != 0 :
217 # portion4 = cnt 4/ s i ze4

# i f port ion1 > 0 .6 :
219 # cv . rec tang le ( img rec 1 , tu ple ( left down1 ) , tu ple

( r ight up1 ) , (128 , 128 , 128 ) , 1)

221 # i f pow( port ion1 ∗port ion2 ∗port ion3 ∗portion 4 , 1/ 4) > 0 . 3 :
# pos i . append ( [ i , j ] )

223 # cv . rec tang le ( img rec 1 , tu ple ( lef t down1 ) , tu ple
( r ight up1 ) , (128 , 128 , 128 ) , 1)

# cv . rectangle ( img rec 2 , tu ple ( left down2 ) , tu ple
( r ight up2 ) , (128 , 128 , 128 ) , 1)

225 # cv . rectangle ( img rec 3 , tu ple ( left down3 ) , tu ple
( r ight up3 ) , ( 128 , 128 , 128 ) , 1)

# cv . rectangle ( img rec 4 , tu ple ( left down4 ) , tu ple
( r ight up4 ) , ( 128 , 128 , 128 ) , 1)

227 ’ ’ ’
cor path = ’ . / cor / cor . txt ’

229

pos 1 = [ ]
231 pos 2 = [ ]

pos 3 = [ ]
233 pos 4 = []

235 def checkposi ( posi 1 , posi 2 , posi 3 , posi4 ) :
p o s i = 0

237 i f ( p o s i 1 < 0 . 1 ) :
p o s i = pow( p o s i 2 ∗ p o s i 3 ∗ posi 4 , 1/ 3 )

239 i f ( p o s i 2 < 0 . 1 ):
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p o s i = pow( p o s i 1 ∗ p o s i 3 ∗ posi 4 , 1/ 3 )
241 i f ( p o s i 3< 0 . 1 ) :

p o s i = pow( p o s i 2 ∗ p o s i 1 ∗ posi 4 , 1/ 3 )
243 i f ( p o s i 4< 0 . 1 ) :

p o s i = pow( p o s i 2 ∗ p o s i 3 ∗ posi 1 , 1/ 3 )
245 retur n pos i

247 f o r i in range ( 5 0 ) :
f o r j in range ( 5 0 ) :

249 p o i n t g 1 = ground1 [ i , j ]
point h 1 = height 1 [ i , j ]

251 po in t he igh t 1 = abs ( po in t g1 [ 1 ] − point h1 [ 1 ] )
point width 1 = 0 . 35 ∗ p o i n t h e i g h t 1

253 p o i n t g 1 l = i n t ( ground1 [ i , j ] [ 0 ] − point width 1 / 2 )
p o i n t g 1 r = i n t ( ground1 [ i , j ] [ 0 ] + point width 1 / 2)

255

point g2 = ground2 [ i , j ]
257 point h 2 = height 2 [ i , j ]

p o i n t h e i g h t 2 = abs ( p o i n t g 2 [ 1 ] − point h 2 [ 1 ] )
259 point width 2 = 0.35 ∗ po in t he i gh t2

po i n t g2 l = in t ( ground2 [ i , j ] [ 0 ] − point width 2 /2)
261 po in t g2 r = in t ( ground2 [ i , j ] [ 0 ] + point width 2 /2)

263 point g3 = ground3 [ i , j ]
point h 3 = height 3 [ i , j]

265 po in t he igh t3 = abs ( po in t g3 [ 1 ] − point h3 [ 1 ] )
point width 3 = 0 . 35 ∗ p o i n t h e i g h t 3

267 po i n t g 3 l = in t ( ground3 [ i , j ] [ 0 ] − point width 3 /2)
po in t g3 r = int ( ground3 [ i , j ] [ 0 ] + point width 3 /2)

269

point g4 = ground4 [ i , j ]
271 point h 4 = height 4 [ i , j ]

p o i n t h e i g h t 4 = abs ( p o i n t g 4 [ 1 ] − point h 4 [ 1 ] )
273 point width 4 = 0.35 ∗ po in t he i gh t4

po i n t g4 l = in t ( ground4 [ i , j ] [ 0 ] − point width 4 /2)
275 po in t g4 r = in t ( ground4 [ i , j ] [ 0 ] + point width 4 /2)

277

cnt 1 = 0
279 cnt 2 = 0

cnt 3 = 0
281 cnt 4 = 0
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283 s t a r t p 1 = [ po in t g 1 l , min ( po in t g1 [ 1 ] , point h1 [ 1 ] ) ]
end p 1 = [ p o i n t g 1 r , max( p o i n t g 1 [ 1 ] , point h1 [ 1 ] )]

285

s t a r t p2 = [ po in t g2 l , min ( po int g2 [ 1 ] , point h2 [ 1 ] ) ]
287 end p2 = [ po int g2 r , max( po in t g2 [ 1 ] , point h2 [ 1 ] ) ]

289 s t a r t p3 = [ po in t g3 l , min ( po int g3 [ 1 ] , point h3 [ 1 ] ) ]
end p3 = [ po int g3 r , max( poin t g3 [ 1 ] , point h3 [ 1 ] )]

291

s t a r t p4 = [ po in t g4 l , min ( po in t g4 [ 1 ] , point h4 [ 1 ] ) ]
293 end p4 = [ po in t g4 r , max( point g4 [ 1 ] , point h4 [ 1 ] ) ]

295

297

[ 1 ] ) )

[ 1 ] ) )

[ 1 ] ) )

[ 1 ] ) )

s i z e 1 = abs ( ( p o i n t g 1 l −p o i n t g 1 r ) ∗( po in t g 1 [ 1 ] − point h 1

s i z e 2 = abs ( ( p o i n t g 2 l −p o i n t g 2 r ) ∗( po in t g2 [ 1 ] − point h2

s i z e 3 = abs ( ( po i n t g 3 l −p o i n t g 3 r ) ∗( po in t g3 [ 1 ] − point h3

s i z e4 = abs ( ( po in t g4 l −po in t g4 r ) ∗( po int g4 [ 1 ] − point h4

299

301

f o r x in range ( i n t ( s t a r t p 1 [ 0 ] ) , i n t ( end p 1 [ 0 ] ) ) :
303 f o r y in range ( in t ( s t a r t p 1 [ 1 ] ) , i n t ( end p1 [ 1 ] ) ) :

i f y<1080 and x <1920:
305 i f img1 [ y , x ] > 0:

cnt 1+=1
307 por t ion1 = cnt 1 / s i z e 1

f o r x in range ( i n t ( s t a r t p 2 [ 0 ] ) , i n t ( end p 2 [ 0 ] ) ) :
309 f o r y in range ( in t ( s t a r t p2 [ 1 ] ) , in t ( end p2 [ 1 ] ) ) :

i f y<1080 and x <1920:
311 i f img2 [ y , x ]> 0 :

cnt 2+=1
313 por t ion2 = cnt 2 / s i z e 2

f o r x in range ( i n t ( s t a r t p 3 [ 0 ] ) , i n t ( end p 3 [ 0 ] ) ) :
315 f o r y in range ( in t ( s t a r t p3 [ 1 ] ) , i n t ( end p3 [ 1 ] ) ) :

i f y<1080 and x <1920:
317 i f img3 [ y , x ]> 0 :

cnt 3+=1
319 por t ion3 = cnt 3 / s i z e 3

321 f o r x in range ( in t ( s t a r t p4 [ 0 ] ) , in t ( end p4 [ 0 ] ) ) :
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f o r y in range ( i n t ( s t a r t p 4 [ 1 ] ) , i n t ( end p 4 [ 1 ] ) ) :
323 i f y <1080 and x <1920:

i f img4 [ y , x ]> 0 :
325 cnt 4+=1

p o r t i o n 4 = cnt 4 / s i z e 4
327 #print ( port ion

4 ) ’ ’ ’
329 i f por t ion4 > 0 . 4 :

cv . r ec t ang l e ( img rec 4 , tu p le ( s t a r t p4 ) , tu p le ( end p4 ) ,
( 128 , 128 , 128 ) , 1)

331

i f ( p o r t i o n 1 < 0 . 1 ) :
333 port ion = pow( port ion2 ∗port ion3 ∗portion 4 , 1/ 3)

i f p o r t i o n> 0 . 4 :
335 cv . r ec t ang l e ( img rec 2 , tu p le ( s t a r t p2 ) , tu p le

( end p 2 ) , ( 128 , 128 , 128 ) , 1)
cv . r ec t ang l e ( img rec 3 , tu p le ( s t a r t p3 ) , tu p le

( end p 3 ) , ( 128 , 128 , 128 ) , 1)
337 cv . r ec t ang l e ( img rec 4 , tu ple ( s t a r t p4 ) , tu p le

( end p 4 ) , ( 128 , 128 , 128 ) , 1)
with open ( cor path , ”a ”) as f :

339 f . w r i t e l i n e s ( s t r ( i ) + ” ” + s t r ( j ) + ” ” +
s t r ( por t i on ) +”\n”)

341 e l i f ( por t ion2 < 0 . 1 ) :
p o r t i o n = pow( p o r t i o n 1 ∗ p o r t i o n 3 ∗ portion 4 , 1/ 3 )

343 i f por t ion > 0 . 3 :
cv . r e c t ang l e ( img rec 1 , tu p le ( s t a r t p 1 ) , tu p le

( end p 1 ) , ( 128 , 128 , 128 ) , 1)
345 cv . r ec t ang l e ( img rec 3 , tu p le ( s t a r t p3 ) , tu p le

( end p 3 ) , ( 128 , 128 , 128 ) , 1)
cv . r ec t ang l e ( img rec 4 , tu ple ( s t a r t p4 ) , tu p le

( end p 4 ) , ( 128 , 128 , 128 ) , 1)
347 with open ( cor path , ”a ”) as f :

f . w r i t e l i n e s ( s t r ( i ) + ” ” + s t r ( j ) + ” ” +
s t r ( p o r t i o n ) +”\n ”)

349

e l i f ( p o r t i o n 3< 0 . 1 ) :
351 port ion = pow( port ion1 ∗por tion2 ∗portion 4 , 1/ 3)

i f p o r t i o n> 0 . 4 :
353 cv . r ec t ang l e ( img rec 2 , tu p le ( s t a r t p2 ) , tu p le

( end p 2 ) , ( 128 , 128 , 128 ) , 1)
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cv . r e c t ang l e ( img rec 1 , tu p le ( s t a r t p 1 ) , tu p le
( end p 1 ) , ( 128 , 128 , 128 ) , 1)

355 cv . r ec t ang l e ( img rec 4 , tu ple ( s t a r t p4 ) , tu p le
( end p 4 ) , ( 128 , 128 , 128 ) , 1)

with open ( cor path , ”a ”) as f :
357 f . w r i t e l i n e s ( s t r ( i ) + ” ” + s t r ( j ) + ” ” +

s t r ( por t i on ) +”\n”)

359 e l i f ( por t ion4 < 0 . 1 ) :
p o r t i o n = pow( p o r t i o n 1 ∗ p o r t i o n 3 ∗ portion 2 , 1/ 3 )

361 i f por t ion > 0 . 2 :
cv . r e c t ang l e ( img rec 1 , tu p le ( s t a r t p 1 ) , tu p le

( end p 1 ) , ( 128 , 128 , 128 ) , 1)
363 cv . r ec t ang l e ( img rec 2 , tu p le ( s t a r t p2 ) , tu p le

( end p 2 ) , ( 128 , 128 , 128 ) , 1)
cv . r ec t ang l e ( img rec 3 , tu p le ( s t a r t p3 ) , tu p le

( end p 3 ) , ( 128 , 128 , 128 ) , 1)
365 with open ( cor path , ”a ”) as f :

f . w r i t e l i n e s ( s t r ( i ) + ” ” + s t r ( j ) + ” ” +
s t r ( p o r t i o n ) +”\n ”)

367

e l s e :
369 port ion = pow( port ion1 ∗port ion3 ∗port ion2 ∗portion 4 ,

1/ 4)
i f p o r t i o n > 0 . 4 :

371 cv . r e c t ang l e ( img rec 1 , tu p le ( s t a r t p 1 ) , tu p le
( end p 1 ) , ( 128 , 128 , 128 ) , 1)

cv . r ec t ang l e ( img rec 2 , tu p le ( s t a r t p2 ) , tu p le
( end p 2 ) , ( 128 , 128 , 128 ) , 1)

373 cv . r ec t ang l e ( img rec 3 , tu p le ( s t a r t p3 ) , tu p le
( end p 3 ) , ( 128 , 128 , 128 ) , 1)

cv . r ec t ang l e ( img rec 4 , tu ple ( s t a r t p4 ) , tu p le
( end p 4 ) , ( 128 , 128 , 128 ) , 1)

375 with open ( cor path , ”a ”) as f :
f . w r i t e l i n e s ( s t r ( i ) + ” ” + s t r ( j ) + ” ” +

377

379

381

’ ’ ’
s t r ( p o r t i o n ) +”\n ”)

por t ion = pow( port ion1 ∗port ion3 ∗port ion2 ∗portion 4 , 1/ 4)
i f p o r t i o n> 0 . 5 :

cv . r e c t ang l e ( img rec 1 , tu p l e ( s t a r t p 1 ) , tu p le ( end p1 ) ,
( 128 , 128 , 128 ) , 1)

cv . r ec t ang l e ( img rec 2 , tu ple ( s t a r t p2 ) , tu p le ( end p2 ) ,
( 128 , 128 , 128 ) , 1)
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cv . r ec t ang l e ( img rec 3 , tu ple ( s t a r t p3 ) , tu p le ( end p3 ) ,
( 128 , 128 , 128 ) , 1)

cv . r ec t ang l e ( img rec 4 , tu p le ( s t a r t p4 ) , tu p le ( end p4 ) ,
( 128 , 128 , 128 ) , 1)

with open ( cor path , ”a” ) as f :
f . w r i t e l i n e s ( s t r ( i ) + ” ” + s t r ( j ) + ” ” + s t r (

p o r t i o n ) +”\n” )

# i f p o r t i o n > 0 . 3 5 :
# with open ( cor path , ”a ”) as f :
# f . w r i t e l i n e s ( s t r ( i ) + ” ” + s t r ( j ) + ” ” + s t r

( por t ion ) +”\n”)

# pos i . append ( [ i , j , por t ion ] )

#
#
#
#

pos 1 . append ( [ s ta r t p1 , end p1 , por t ion ] )
pos 2 . append ( [ s ta r t p 2 , end p2 , p o r t i o n ] )
pos 3 . append ( [ s ta r t p 3 , end p3 , p o r t i o n ] )
pos4 . append ( [ s ta r t p4 , end p4 , por t ion ] )

cv . imwrite ( image 1 save path , img rec 1 )
cv . imwrite ( image 2 save path , img rec 2 )
cv . imwrite ( image 3 save path , img rec 3 )
cv . imwrite ( image 4 save path , img rec4 )

383

385

387

389

391

393

395

397

# cv . r e c t a n g l e ( img rec 1 , tu p le ( s t a r t p 1 ) , tu p l e ( end p 1
) , ( 128 , 128 , 128 ) , 1 )

399 # cv . r e c t a n g l e ( img rec 2 , tu p le ( s t a r t p 2 ) , tu p l e ( end p 2
) , ( 128 , 128 , 128 ) , 1 )

# cv . r e c t a n g l e ( img rec 3 , tu p le ( s t a r t p 3 ) , tu p l e ( end p 3
) , ( 128 , 128 , 128 ) , 1 )

401 # cv . r e c t a n g l e ( img rec 4 , tu p le ( s t a r t p 4 ) , tu p l e ( end p 4
) , ( 128 , 128 , 128 ) , 1 )

403

405

JOL algorithm

C.2 RSS algorithm

2

4

import os
from PIL import Image
import s h u t i l
from cv2 import s o r t
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import m a tp l o t l i b . patches as patches
6 import m a tp l o t l i b . pyplot as p l t
import numpy as np

8 import cv2 as cv

10

import random

def randomcolor ( ) :
12 c o l o r Ar r = [ ’ 1 ’ , ’ 2 ’ , ’ 3 ’ , ’ 4 ’ , ’ 5 ’ , ’ 6 ’ , ’ 7 ’ , ’ 8 ’ , ’

9 ’ , ’A ’ , ’B ’ , ’C ’ , ’D ’ , ’E ’ , ’F ’ ]
c o l o r = ””

14 f o r i in range ( 6 ) :
c o l o r += c o l o r Ar r [ random . randint ( 0 , 14 ) ]

16 retur n ”#”+co l o r

18 def random colour ( ) :
r etur n random . randint ( 0 , 2 5 5 ) , random . randint ( 0 , 2 5 5 ) , random . randint

( 0 , 2 5 5 )
20

imag e 1 f i l e p a t h = ’ . / images rec /cam1 . jpg ’
22 image2 f i l e pa th = ’ . / images rec /cam2 . jpg ’

image3 f i l e p a th = ’ . / images rec /cam3 . jpg ’
24 image4 f i l e pa th = ’ . / images rec /cam4 . jpg ’

26 image 1 save path = ’ . / img out4 /cam1 . png ’
image 2 save path = ’ ./ img out4 /cam2 . png ’

28 image 3 save path = ’ . / img out4 /cam3 . png ’
image 4 save path = ’ . / img out4 /cam4 . png ’

30

p o s i p a th = ’ . / cor / cor 2 . txt ’
32

p o s i =[]
34

36

ground1
ground2

=
=

[]
[ ]

38

ground3
ground4

=
=

[]
[ ]

40

42

height 1
height 2
height 3

=
=
=

[]
[ ]
[ ]

height 4 = [ ]
44

g r o u n d 1 f i l e p a t h = ’ . / s a ve d p o i n ts / Ground1 . txt ’
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46 ground2 f i l e pa th = ’ . / save dpoints /Ground2 . txt ’
g r ound3 f i l e pa th = ’ . / save dpoints /Ground3 . txt ’

48 g round4 f i l e pa th = ’ . / save dpoints /Ground4 . txt ’

50 h e i g h t 1 f i l e p a t h = ’ . / save dpoin ts /Height1 . txt ’
h e i g h t 2 f i l e p a t h = ’ . / save dpoints /Height2 . txt ’

52 h e i gh t 3 f i l e p a t h = ’ . / save dpoints /Height3 . txt ’
h e i g h t 4 f i l e p a t h = ’ . / save dpoin ts /Height4 . txt ’

54

r a d i u s =4
56

with open ( g r o u n d 1 f i l e p a th , ’ r ’ ) as f i l e t o r e a d :
58 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
60 i f not l i n e s :

break
62 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
ground1 . append ( [ in t ( x tmp ) , in t ( y tmp ) ] ) #

64 pass
ground1 = np . array ( ground1 ) #

listarray
66 ground1 = ground1 . reshape ((50 ,50 ,2) )

pass
68

with open ( g r o u n d 2 f i l e p a th , ’ r ’ ) as f i l e t o r e a d :
70 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
72 i f not l i n e s :

break
74 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
ground2 . append ( [ in t ( x tmp ) , in t ( y tmp ) ] ) #

76 pass
ground2 = np . array ( ground2 ) #

listarray
78 ground2 = ground2 . reshape ((50 ,50 ,2) )

pass
80
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with open ( g r o u n d 3 f i l e p a th , ’ r ’ ) as f i l e t o r e a d :
82 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
84 i f not l i n e s :

break
86 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
ground3 . append ( [ in t ( x tmp ) , i n t ( y tmp ) ] ) #

88 pass
ground3 = np . array ( ground3 ) #

listarray
90 ground3 = ground3 . reshape ((50 ,50 ,2) )

pass
92

with open ( g r o u n d 4 f i l e p a th , ’ r ’ ) as f i l e t o r e a d :
94 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
96 i f not l i n e s :

break
98 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
ground4 . append ( [ in t ( x tmp ) , in t ( y tmp ) ] ) #

100 pass
ground4 = np . array ( ground4 ) #

listarray
102 ground4 = ground4 . reshape ((50 ,50 ,2) )

pass
104

with open ( h e i g h t 1 f i l e p a t h , ’ r ’ ) as f i l e t o r e a d :
106 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
108 i f not l i n e s :

break
110 pass

x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
112 height 1 . append ( [ i n t ( x tmp ) , i n t ( y tmp ) ] ) #
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pass
114 height 1 = np . array ( height 1 ) #

listarray
height 1 = height 1 . reshape ( ( 5 0 , 5 0 , 2 ) )

116 pass

118with open ( h e i g h t 2 f i l e p a t h , ’ r ’ ) as f i l e t o r e a d :
while True :

120 l i n e s = f i l e t o r e a d . r ead l ine ( ) #
i f not l i n e s :

122 break
pass

124 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
height 2 . append ( [ in t ( x tmp ) , i n t ( y tmp ) ] ) #

126 pass
height 2 = np . array ( height 2 ) #

listarray
128 height 2 = height 2 . reshape ((50 ,50 ,2) )

pass
130

with open ( h e i g h t 3 f i l e p a t h , ’ r ’ ) as f i l e t o r e a d :
132 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
134 i f not l i n e s :

break
136 pass

x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
138 height 3 . append ( [ in t ( x tmp ) , i n t ( y tmp ) ] ) #

pass
140 height 3 = np . array ( height 3 ) #

listarray
height 3 = height 3 . reshape ( ( 5 0 , 5 0 , 2 ) )

142 pass

144with open ( h e i g h t 4 f i l e p a t h , ’ r ’ ) as f i l e t o r e a d :
while True :

146 l i n e s = f i l e t o r e a d . r e ad l in e ( ) #
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i f not l i n e s :
148 break

pass
150 x tmp , y tmp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ] #

’
height 4 . append ( [ in t ( x tmp ) , i n t ( y tmp ) ] ) #

152 pass
height 4 = np . array ( height 4 ) #

listarray
154 height 4 = height 4 . reshape ((50 ,50 ,2) )

pass
156

with open ( posi path , ’ r ’ ) as f i l e t o r e a d :
158 while True :

l i n e s = f i l e t o r e a d . r e a d l i n e ( ) #
160 i f not l i n e s :

break
162 pass

x tmp , y tmp , posi temp = [ f l o a t ( i ) f o r i in l i n e s . s p l i t ( ) ]
#

’
164 pos i . append ( [ i n t ( x tmp ) , in t ( y tmp ) , posi temp ] ) #

pass
166 #p o s i = np . array ( p o s i ) #

listarray
pass

168

img1 = cv . imread ( i m a g e 1 f i l e p a t h )
170 img1 = np . copy ( img1 )

172 img2 = cv . imread ( image2 f i l e pa th )
img2 = np . copy ( img2 )

174 img3 = cv . imread ( image3 f i l e pa th )
img3 = np . copy ( img3 )

176 img4 = cv . imread ( image4 f i l e pa th )
img4 = np . copy ( img4 )

178

#po s i = sorted ( posi , key = lambda pos i : pos i [ 2 ] , r e v e r s e=True )
180
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while l e n ( p o s i ) ! = 0 :
182 posi tmp = sorte d ( posi , key = lambda pos i : pos i [ 2 ] , r eve r se=True )

#the tmp l a r g e t p o s i b i l i t y
184 x tmp , y tmp , pos tmp = posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] , posi tmp

[ 0 ] [ 2]
i = 0

186 while i< l e n ( p o s i ) :
x , y , pos = p o s i [ i ] [ 0 ] , p o s i [ i ] [ 1 ] , p o s i [ i ] [ 2 ]

188 i f ( ( x>=x tmp−r a d i u s and x<= x tmp+r a d i u s ) and ( y>=y tmp−
rad ius and y<=y tmp+r ad ius ) ) :

p o s i . remove ( p o s i [ i ] )
190 i−=1

i+=1
192

p o i n t g 1 = ground1 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ]
194 point h 1 = height 1 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ]

po in t he ight 1 = abs ( po int g1 [ 1 ] − point h1 [ 1 ] )
196 point width 1 = 0.35 ∗ po in t he i gh t 1

p o i n t g 1 l = i n t ( ground1 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ] [ 0 ] −
point width 1 /2)

198 point g1 r = int ( ground1 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ] [ 0 ] +
point width 1 / 2 )

200 point g2 = ground2 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ]
point h2 = height 2 [ posi tmp [0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ]

202 po in t he igh t2 = abs ( po in t g2 [ 1 ] − point h2 [ 1 ] )
point width 2 = 0 . 35 ∗ p o i n t h e i g h t 2

204 p o i n t g 2 l = i n t ( ground2 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ] [ 0 ] −
point width 2 /2)

po in t g2 r = int ( ground2 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ] [ 0 ] +
point width 2 / 2 )

206

p o i n t g 3 = ground3 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ]
208 point h3 = height 3 [ posi tmp [0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ]

po in t he ight3 = abs ( po int g3 [ 1 ] − point h3 [ 1 ] )
210 point width 3 = 0 .35 ∗ po in t he i gh t3

p o i n t g 3 l = i n t ( ground3 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ] [ 0 ] −
point width 3 /2)

212 poin t g3 r = int ( ground3 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ] [ 0 ] +
point width 3 / 2 )

214 point g4 = ground4 [ posi tmp [0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ]
point h4 = height 4 [ posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] ]
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p o i n t h e i g h t 4 = abs ( p o i n t g 4 [ 1 ] − point h 4 [ 1 ] )
point width 4 = 0 . 35 ∗ p o i n t h e i g h t 4
p o i n t g 4 l = i n t ( ground4 [ posi tmp [ 0 ] [ 0 ] ,

point width 4 /2)
po int g4 r = int ( ground4 [ posi tmp [ 0 ] [ 0 ] ,

point width 4 / 2 )

posi tmp [0 ] [ 1 ] ] [ 0 ] −

posi tmp [0 ] [ 1 ] ] [ 0 ] +

s t a r t p 1 = [ po in t g 1 l , min ( po in t g1 [ 1 ] , point h1 [ 1 ] ) ]
end p 1 = [ p o i n t g 1 r , max( p o i n t g 1 [ 1 ] , point h1 [ 1 ] ) ]

s t a r t p2 = [ po in t g2 l , min ( po in t g2 [ 1 ] , point h2 [ 1 ] ) ]
end p2 = [ po int g2 r , max( po int g2 [ 1 ] , point h2 [ 1 ] )]

s t a r t p3 = [ po in t g3 l , min ( po in t g3 [ 1 ] , point h3 [ 1 ] ) ]
end p3 = [ po in t g3 r , max( po int g3 [ 1 ] , point h3 [ 1 ] )]

s t a r t p4 = [ po in t g4 l , min ( po in t g4 [ 1 ] , point h4 [ 1 ] ) ]
end p4 = [ po int g4 r , max( po int g4 [ 1 ] , point h4 [ 1 ] )]

c o l o r = random colour ( )

cv . r e c t a n g l e ( img1 , tu p l e ( s t a r t p 1 ) , tu p l e ( end p1 ) , c o l o r , 1 )
cv . r e c t a n g l e ( img2 , tu p l e ( s t a r t p 2 ) , tu p l e ( end p2 ) , co lo r , 1 )
cv . r e c t a n g l e ( img3 , tu p l e ( s t a r t p 3 ) , tu p l e ( end p3 ) , c o lo r , 1 )
cv . r e c t ang l e ( img4 , tu p le ( s t a r t p4 ) , tu p le ( end p4 ) , co lo r , 1)
p r i n t ( posi tmp [ 0 ] [ 0 ] , posi tmp [ 0 ] [ 1 ] )

cv . imwrite ( image 1 save path , img1 ) cv .
imwrite ( image 2 save path , img2 ) cv .
imwrite ( image 3 save path , img3 ) cv .
imwrite ( image 4 save path , img4 )

#p r i n t ( p o s i [ 0 ] )

216

218

220

222

224

226

228

230

232

234

236

238

240

242

244

246

RSS algorithm
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