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Abstract
Building mobile augmented reality (AR) applications has
become increasingly accessible to amateur developers in
recent years. In 2017, Apple released ARKit, a develop-
ment tool that enables creators to make smartphone-based
AR experiences. In this project, we build off of the ”Seg-
mentationAndOcclusion” repository by Dennis Ippel, an
ARKit repository that performs object detection, semantic
segmentation and occlusion. The two major objectives for
this project include (1) to learn about the built-in capabil-
ities of ARKit and how the repository uses the YOLOv3
and DeepLabv3 models in its implementation and (2) to
improve two technical features of the repository, namely
changing from static to dynamic sizing of bounding rings
during object segmentation and moving from single ob-
ject recognition to multi-object recognition and segmen-
tation during a singular, live feed. Both objectives were
successfully accomplished.

1 Introduction
The surging demand for augmented reality applications
in various industries has inspired developers across the
globe. The vision began with AR glasses, a wearable de-
vice that could seamlessly blend augmented and physical
reality. However, recent innovation in this field has di-
rected its focus at a much more addressable market: mo-
bile AR. Around 84% of the global population owns a
smartphone. While not all devices today are AR compat-
ible in terms of optical and processing components, most
will be over the next replacement cycle of 2.5 years. Cap-

italizing on this widespread use of smartphones proves
common among AR leaders in the tech sector.

In 2017, Apple released ARKit, a development tool
that enables creators to make smartphone-based AR ex-
periences. The main feature of an AR application is su-
perimposing a computer generated image into the phys-
ical world. ARKit boasts a wide range of capabilities,
including but not limited to instant placement of AR ob-
jects in the physical world through LiDAR plane detec-
tion, motion capture of a person in real time with a single
camera, topological mapping of a space, and people oc-
clusion. This democratization of advanced AR through
widely available software and hardware has significantly
lowered the barrier to AR.

While some applications of AR (e.g. face filters) may
seem simple to the everyday user, they all rely on sophis-
ticated computer vision algorithms. Object detection and
semantic segmentation are core tasks in computer vision.
Object detection aims to localize and recognize every in-
stance of a specific object in an image and then mark it
by a bounding box. Semantic segmentation assigns a cat-
egory label to each pixel in an image. Combining these
techniques together in the context of ARKit introduces a
reliable framework for generating new mobile AR appli-
cations.

In this report, we will first unpack the inner workings
of the “SegmentationAndOcclusion” repository by Den-
nis Ippel, an ARKit repository that performs object detec-
tion, semantic segmentation, and occlusion. This section
will be two-fold: an overview of the built-in capabilities
of ARKit and a deep-dive discussion into how the model
uses YOLOv3 for object detection and DeepLabv3 for se-
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mantic segmentation. Next, we will identify and address
two major shortcomings of Ippel’s work, namely chang-
ing from static to dynamic sizing of bounding rings dur-
ing object segmentation and moving from single object
recognition to multi-object recognition and segmentation
during a singular, live feed. Finally, we comment on our
results, technical difficulties, and future improvements to
our app.

2 Background

2.1 ARKit

ARKit is Apple’s suite of development tools for building
AR applications. ARKit uses Visual Inertial Odometry
(VIO) to accurately track the world, combining camera
sensor data with the device’s CoreMotion data. These
inputs allow the iOS device to accurately sense how it
moves within a room, eliminating the need for additional
calibration.

ARKit’s features include plane detection, person detec-
tion, as well as object anchoring. These features allow
applications to place artificial objects on a scene, letting
humans pass in front and behind of them. These recog-
nition, segmenting, and occluding capabilities, however,
are limited to humans. If one wishes for the application to
detect and manipulate other objects in the scene, then they
must use the ARRreferenceObject class. With this class
a user/developer “scans” a specific object, using structure
from motion algorithms, and only then can they interact
with it in the application scene. There are no other ob-
ject detection methods built into ARKit for non-human
objects. Our goal is to use external algorithms to expand
object detection and segmentation in ARKit.

2.2 YOLOv3

YOLOv3 is a real time object classification algorithm that
detects certain objects in images and generates bounding
boxes around them. It’s the newest iteration of the YOLO
and YOLOv2 models made by the same researchers,
Joseph Remon and Ali Frahadi. This model applies a
CNN to an image, divides the image into grid cells, and
produces the probabilities that each cell is a part of one of
80 object classes.

To learn the image features, YOLOv3 uses Darknet-
53, a feature extractor with 53 convolutions. Using these
features, the model makes object detections at 3 distinct
layers using different strides in the convolutions at each
layer to detect objects of various sizes. To do so, each cell
keeps track of the probability that it is the center cell of
a bounding box around a certain object. Additionally, the
object includes the dimensions of the relative bounding
box it would be the center of which are also learned pa-
rameters although initialized through unsupervised learn-
ing. Each cell keeps track of the attributes and probabili-
ties of 3 bounding box predictions.

The dimensions of the 3 anchor boxes are generated
through k-means clustering. The model is trained with
one ground truth bounding box per object and the center
cell is assigned to predict the object. The model uses a
Leaky ReLU loss function and implements batch normal-
ization. Other features in the network that optimize per-
formance include residual blocks, skip connections and
up-sampling. There are no pooling layers but rather just
convolutional layers with 2 x 2 convolutions with stride 2
to prevent loss of low level features to help detect small
objects. The model was trained on the COCO dataset
which establishes the 80 classes of objects that can be de-
tected.

2.3 DeepLabv3
DeepLabv3 is an image semantic segmentation model that
classifies each pixel in an image as belonging to one of the
20 Pascal Visual Object classes. Features are extracted
from a backbone network (VGG, DenseNet, ResNet) and
fed into DeepLabv3. The model is trained on the Pas-
cal Visual Object classes and uses batch normalization.
To control the size of the feature map, the model uses
dilated/atrous convolution (holes between pixels in con-
volution) to get a larger field-of-view while using a simi-
lar computation standard convolution filter. This controls
the output of one atrous convolution from being too small
which is often a problem in semantic segmentation. Mul-
tiple cascading atrous convolutions are combined as an
Atrous Spatial Pyramid Pooling (ASPP) at the end of the
network to segment objects at different scales. The output
from the ASPP network is passed through a 1 x 1 convo-
lution to get the actual size of the image which will be the
final segmented mask for the image.
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3 Technical Approach
Our project builds off of a skeletal ARKit framework ti-
tled ”SegmentationAndOcclusion” by Dennis Ippel. Built
in ARKit, the codebase uses YOLOv3 to locate and clas-
sify an object and DeepLabv3 to segment the detected
object’s pixels and calculate depth in a Metal fragment
shader.

3.1 Implementation
The first major shortcoming of the existing project was
how it relied on statically sized bounding rings. When
identifying different objects in the world space where ob-
jects can be varying sizes, it is important to adapt the
bounding rings to the size of the newly detected ob-
jects. For example, moving from segmenting a person
to a couch in the same live-feed is a large difference in
size, and we believed that our implementation needed to
address this issue.

The second major shortcoming of the existing project
was how it could only recognize one type of object at a
time. However, for most AR application uses, it is neces-
sary to be able to segment multiple types of objects.

3.2 Code Structure
There are three main files that handle the object detection
and segmentation: ViewController.swift,
HighlighterNode.swift, and
segmentationMaskNode.swift.

3.2.1 ViewController.swift

The overall structure of the rendering pipeline is defined
in our ViewController class. The current scene
frame is captured and an image request handler instance
is instantiated from the VNImageRequestHandler
class. The VNImageRequestHandler is created
with a frame to be used for any requests the app
client wants to schedule, like our object detection
and segmentation requests. The handler never modi-
fies the image source but rather retains it for its en-
tire lifetime. After defining the image request, we
pass in our array of function requests for the han-
dler to perform: objectDetectionRequest and

segmentationRequest, both variables which are de-
fined within the ViewController class. The order is
important since we need to retrieve the detected object
first from YOLOv3 and then apply the segmentation to
the rendered camera view using DeepLabv3.

To store the current segmentation and apply the
yellow highlight visual to our object, we instantiate
two class variables within the ViewController:
quadNode and highlighterNode. The vari-
able types are defined in two other Swift class
files, SegmentationMaskNode.swift and
HighlighterNode.swift.

The objectDetectionRequest ex-
ecutes the YOLOv3 model and calls the
processSegmentations() class function within
the request and returns this request to the image handler
explained above. The segmentationRequest
executes the DeepLabv3 model and calls the
processObjectDetections() class function
within the request and returns this request to the image
handler explained above as well.

Within the processObjectDetections() func-
tion, the object observations are returned and sorted based
on the confidence scores from highest to lowest based on
the matching of the detected object to the target object la-
bel. Once the best observation is returned (the first item in
the sorted array of detections), the area of the observation
is expanded to account for edge noise and provide a more
accurate detection mask. This region is then passed to the
segmentation mask node/quad node variable in order to
label the according pixels as the segmented area. The seg-
mentation mask that displays what is being segmented in
the camera view is also passed to the segementation mask
node variable in order to know which pixels to shade yel-
low in the processSegmentations() function.

Within the processSegmentations() function,
we retrieve the object observation from the DeepLabv3
model request. Then, the observation’s pixel buffer with
the object mask is copied over to an Apple Metal compat-
ible pixel buffer. A texture cache is generated using this
pixel buffer, which holds the texture for the image frame
as well as the texture for the quad node variable that stores
the current segmentation mask node.
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3.2.2 HighlighterNode.swift

The highlighter node manages the rotating bounding rings
in the scene. Two torus geometries are generated and
added as children nodes to the highlighter class parent
node. A constant rotation animation is applied to both,
and the radii are determined by the bounding box size of
the detected object.

3.2.3 segmentationMaskNode.swift

The SegmentationMaskNode stores the texture, re-
gion, classification label, depth buffer, and aspect ra-
tio adjustment for a segmentation observation. A sin-
gle segmentation mask node is initialized as the variable
quadNode in the ViewController class. The segmenta-
tion node also stores the pixel information to display the
segmentation mask that flashes yellow in our application.

3.3 Dynamic Sizing of Bounding Rings

In order to switch from static to dynamic sizing
of the rings, there are two main code files that
we had to modify: ViewController.swift and
HighlighterNode.swift. The object detection
is handled in the processObjectDetections()
function. After a classification request is made to the
YOLOv3 model, an array of possible object classifica-
tions are returned and the observations are sorted from
highest to lowest confidence. The best object is found by
indexing the first item in the sorted observations list.

Once the best observation is returned, we can capture
the bounding box width and height of the object from the
observation data. This information is then passed to an
updateNode() function in the HighlighterNode
class and used to scale the radii of the bounding rings. We
chose to use the largest of the width or height as the base
radius, scaled it by 1.1x for the outer ring, and scaled it
by 0.9x for the inner ring. We made the thicknesses to be
0.02x the radius for the outer ring and 0.01x the radius for
the inner ring.

In the HighlighterNode class, the 3D mod-
eled rings are added as children nodes to the par-
ent HighlighterNode object instance in the
setupNode() function. This function is called in
the initialization of the highlighter node. The high-

lighter node is turned on when an object is detected by
setting a boolean isHidden parameter of the parent
HighlighterNode instance. In order to update the
size of the rings, we ensured that any previous child node
for the outer and inner ring are removed before calling the
setupNode() function within the updateNode()
function as shown below.

public func updateNode(w: Double, h:
Double) {
self.childNodes.filter({ $0.name ==

"outerRing" }).forEach({
$0.removeFromParentNode() })

self.childNodes.filter({ $0.name ==
"innerRing" }).forEach({
$0.removeFromParentNode() })

setupNode()
}

We decided to keep the main HighlighterNode in-
stance instantiated and instead replace the child ring
nodes because the initial view controller of the ARKit app
instantiates both the segmentation mask and highlighting
mask nodes once - this helps improve performance so an
entire class instance does not have to be continuously re-
moved and added. It is faster and simpler to remove the
children nodes that only handle the 3D rings and keep up-
dates to components of the class to functions within the
parent class.

3.4 Detecting Multiple Types of Objects
In order to detect multiple objects, we focused on
editing the structure of the SegmentationMaskNode
class and the processObjectDetections()
function in the ViewController.swift class.
There are several private variables that encode the label
information: labels, targetObjectLabel,
and targetObjectLabelindex. Ini-
tially, both the targetObjectLabel and
targetObjectLabelindex were singular values.
To accommodate multiple types of objects, we changed
these to a string array and UInt array, respectively.

In the SegmentationMaskNode class, we also up-
dated the Uniforms and class variables to reflect the
change to arrays. Because we are performing the same op-
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erations on many pixels, we can use simd type variables
to encode the Uniforms to improve processing speed,
meaning the computations will be performed in parallel
across blocks of pixels. Thus, for detecting 3 types of ob-
jects, we can use a simd uint3 to encode an array of
three UInt variables for the indices of the labels in the
full label array.

In the processObjectDetections() function,
we updated the sorting and retrieving of the best obser-
vation code. Now, when the observations are sorted, we
add checks to see if each of the target labels is detected:

objectObservations.sort {
return $0.labels.firstIndex(where: {

$0.identifier ==
targetObjectLabel[0] }) ?? -1 <
$1.labels.firstIndex(where: {
$0.identifier ==
targetObjectLabel[0] }) ?? -1 ||

$0.labels.firstIndex(where: {
$0.identifier ==
targetObjectLabel[1] }) ?? -1 <
$1.labels.firstIndex(where: {
$0.identifier ==
targetObjectLabel[1] }) ?? -1 ||

.

.

.
$0.labels.firstIndex(where: {

$0.identifier ==
targetObjectLabel[numLabels - 1]
}) ?? -1 <
$1.labels.firstIndex(where: {
$0.identifier ==
targetObjectLabel[numLabels - 1]
}) ?? -1

}

Additionally, after we retrieve the best observation, we
can check if the label matches any of the object labels
in the targetObjectLabels array variable before re-
turning the best, label-matching observation.

3.5 Results

Image stills from our AR app are shown below. We were
successfully able to size the rings and segment objects of
type car (Fig. 1), sofa (Fig. 2), and person (Fig 3).

Figure 1. Toy car segmentation

Figure 2. Couch segmentation

Figure 3. Person segmentation

It should be noted that, as you can see in the person
still, the rings do not recognize the table as being in front
of the person. This is because the bounding rings only use
the depth map of the segmented object.
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4 Conclusion
Our attempt to understand the inner workings of the “Seg-
mentationAndOcclusion” repository by Dennis Ippel was
successful. We developed a solid understanding of the
built-in capabilities of ARKit, including depth buffers,
understanding the standard graphics pipeline, and Swift
syntax. We also learned how the provided repository uses
YOLOv3 for real time object classification that enables
the model to detect certain objects in images and gener-
ate bounding boxes around them. YOLOv3 relies on a
CNN to divide an image into grid cells and produce the
probabilities that each cell is a part of one of the 80 object
classes. We learned how the provided repository then uses
DeepLabv3 for semantic segmentation to classify each
pixel in an image as belonging to one of the 20 Pascal Vi-
sual Object classes. Together, YOLOv3 and DeepLabv3
outperform the built-in ARKit capabilities. ARKit does
not use a live segmentation model for other objects and
requires multiple-view photos of a real object to be able
to execute any object tracking/segmentation/AR projec-
tion. Our framework gives developers more flexibility in
the types of objects their programs can interact with.

Additionally, we were able to identify and address two
major shortcomings of the “SegmentationAndOcclusion”
repository. The first improvement we made to the model
was moving from static to dynamic sizing of the bounding
rings. After an object observation during a live-feed is re-
turned by the model, we captured the bounding box width
and height of the object from the observation data. We
then used this information to dynamically scale the radii
of the inner and outer bounding rings. Now, the bounding
rings adjust according to the dimensions of the detected
object instead of being a static size for any type of ob-
ject. With this improvement, the model displays accurate
bounding rings that allow users to gain insight into the
dimensions of the object in the physical world.

The second improvement we made to the model was
moving from singular- to multi-object detection from a
live-feed. Previously, the model could only look for one
type of object at a time and required the user to kill the
current process, reset the object label of interest, and re-
run the code in order for the model to detect a different
object type. We changed the implementation to instead
take an array of object types at the beginning of runtime.
This required many downstream code changes to accom-

modate for an array of labels versus a singular label. After
we made those changes, the model is able to detect mul-
tiple types of objects while only highlighting one of the
objects at a time.

This work demonstrated that it is possible to learn about
ARKit, YOLOv3, and DeepLabv3 in order to improve
a preexisting object detection and segmentation ARKit
repository.

Further work includes increasing the types of ob-
jects segmented, since not all the DeepLab object labels
worked consistently. Additionally, we would like to ex-
plore recognizing multiple objects at once so 3D geome-
try can be integrated into a scene more realistically. This
would improve the segmentation shown in Figure 3.

Code for the project is available in a public
repository at https://github.com/jyeung27/
cs231a-final-project.
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