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1 Introduction

Augmented Reality (AR) is a technology developed since 1960s. It incorporates
digital data perceived from users in real world and creates a mixed reality where
both real and virtual objects exist. AR exploits the capabilities of desktop and
mobile computing systems and allows users to see and interact with digitally
generated objects which are projected into the physical environment.[1]

There are lots of research areas in AR technology. According to [2], they
can be divided into three parts:

• Tracking Technique

• Interaction Technique

• Display Technique

Tracking technique aims to keep the AR system in track with target objects,
thus acquires transformation parameters, enabling cameras and virtual objects
to adjust themselves in real-time. Fast Tracking guarantees the interaction and
display techniques to perform fluently, leaving the difference between real and
virtual objects unnoticed, thus realizing ’augment’.

Interaction technique could endow meanings to virtual objects. With the
interaction technique, people could manipulate the virtual object as in reality.
Hand pose estimation is an indispensable part of interaction technique, which
allows AR devices to track and sense user’s hand movement so that the AR
system could respond to user’s hand instructions intelligently.

Display technique is essential to make virtual objects more like a real one. Il-
lumination estimation could give the displayed virtual objects a suitable shadow
given a specific light environment so that the object looks more like a real one.

Deep Learning technology utilizes artificial neural networks to extract fea-
ture representations from a large amount of data. It empowers the computer
to accomplish complicated computer-vision tasks and therefore a great tool for
AR. Equipped with deep learning technology, tracking, interaction and display

1



techniques could be improved in both quality and speed, which greatly promote
the development of AR.

This survey will focus on the three components of AR, especially when these
techniques meet deep learning technology. We will introduce our survey in
these research regions. For tracking technology, image feature extraction and
matching, as well as camera pose estimation techniques are demonstrated in
section 2. For interaction part, we briefly describe some developments of hand
pose estimation in section 3. For display part, we discuss how deep learning can
promote Illumination Estimation technology in section 4. We will also discuss
some applications of AR briefly in section 5.

2 Tracking Technology

Before 2007, tracking methods could be divided into three parts: sensor-based,
vision-based (RGB data) and hybrid. After then, diverse vision-based meth-
ods are developed with RGB-D data, simultaneous localization and mapping
(SLAM) technology.[3] Since 2016, many deep learning–based methods are pro-
posed, making tracking techniques more robust.

Traditional mainstream methods of tracking are conducted on a two-stage
manner: a feature extraction stage and a tracking (feature matching) stage.
Based on the two stages, a camera pose is finally estimated. However, these
methods often lose track due to motion blur, quick rotations or partial oc-
clusions, etc. Coupled with their complex and expensive pipelines, these ap-
proaches are not suitable for many real-world scenarios.

To alleviate these problems, some newly introduced methods used deep
learning to refine feature extraction and matching stage, others consider in a
new way, which learned end-to-end camera pose using neural networks.

In this section, we will first describe our survey in feature extraction and
matching techniques. Then we also discuss how deep learning technology can
be utilized for end-to-end camera pose tracking.

2.1 Feature Extraction and Matching

For real-time tracking, feature extraction is often the first step. The part that
performs feature extraction function in an AR system is also called a detector.
AR system needs to know representative feature of the object and keep in track
of these features. Robust detector for an AR system is significant since infor-
mative and robust feature extraction could make feature matching in the next
process easier, so that the system may less likely lose track of the object.

Traditional feature extraction methods are usually based on existing com-
puter vision algorithms, such as SIFT[4] and ORB[5]. However, in some specific
environments like scenes with weak texture, these methods tend to fail. With
the help of deep learning, quality of the extracted features is improved. In 2016,
Akgul et al.[6] proposed DeepAR which utilizes CNN to do feature extraction,
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achieving better performance than ORB. In 2018, DeTone et al.[7] designed
SuperPoint for feature extraction.

When detector obtained robust features from the object, feature matching
techniques will be applied. For AR tracking, speed is an essential aspect for
assessing tracking performance and real-time feature matching is needed.

Feature Matching are usually combined with feature extraction algorithms.
In 2017, DeTone et al. proposed MagicWarp and MagicPoint for feature ex-
traction and matching[8]. In 2020, Sarlin et al. proposed SuperGlue, which
imported Graph Neural Network(GNN) into feature matching task. They got
real-time matching performance and it is promising to be applied in AR track-
ing.

2.2 End-to-end Camera Pose Estimation

Camera pose estimation methods (or, vision localization technologies) could
be divided into two classes: Topological Localization and Metric Localization.
Topological localization models the problem as image retrieval and metric lo-
calization utilizes the feature extraction and matching paradigm. CNN based
end-to-end camera pose estimation methods, in essence, belongs to the first
category [9].

In 2016, PoseNet[10] is first proposed to directly regress the 6-DoF camera
pose from a single RGB image with GoogLeNet. Taking advantage of transfer
learning, it is lightweight, scalable and robust. But it is less accurate than
traditional image retrieval based methods. On the basis of PoseNet, Kendall
et al. [11, 12] make the weight between camera translation and rotation loss
self-adaptive and introduce the geometric reprojection loss. Melekhov et al. [13]
improved PoseNet architecture by introducing skip connections with ResNet34
architecture, whereas Walch et al. and Clark et al. extended PoseNet using
LSTM cells to better exploit the spatial [14] and temporal [15] information
in an image flow (e.g. videos). To make better use of datasets, Sattler [16]
explored how the Field-of-View, data augmentation and LSTM cells can benefit
the network performances.

To incorporate the cheap and ubiquitous sensory inputs into the end-to-end
camera pose estimation system, Brahmbhatt [17] et al. proposed MapNet in
2018. This work formulated the sensory inputs as loss terms in both training
and inference stages to allow the network to update in a self-supervised manner.
Observing that the network predictions are locally noisy but drift-free while the
Visual Odometry(VO) information from sensory inputs is locally smooth but
drifty, MapNet fuses these two into a moving window fashion with pose graph
optimization(PGO) [18, 19, 20] to exploit the complementary noise character-
istics. In addition, MapNet introduced the logarithm of unit quaternion as a
parameterization for rotation, which seems to be better suited for deep-learning
based camera pose regression.

Adversarial networks are introduced into camera pose estimation area in
2019 by Bui et al. [21]. Besides the pose regression network, a discriminator
is trained to distinguish between regressed and ground truth poses given the
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embedding of an input image. Bui et al. further refines the regressed pose
during an inference stage by making use of the trained discriminator, showing
the discriminator actually learns a meaningful representation of the camera pose
and image space. This architecture achieved a slightly better performance than
MapNet on the 7-Scenes dataset given that only RGB images are provided.

Radwan et al. [22] developd a deep multitask learning framework for se-
mantic visual localization and odometry. The framework, which is called VLoc-
Net++, consists of a localization network, an odometry network and a semantic
segmentation network. Some layers of these networks are shared and fused
in a self-adaptive manner to synergistically utilize information from multiple
datasets. Temporal information was exploited by warping and fusing specific
layer weights of the network when the previous frame is taken into the cur-
rent one as network input. Benefited from the multitask learning framework,
VLocNet++ achieved the state-of-the-art on both deep learning–based visual
localization and semantic segmentation at the time.

Sattler et al. [9] pointed out that CNN based pose regression networks math-
ematically follow the paradigm of image retrieval methods. As long as the last
layer of the network is linear, the outputs of the network is a linear combina-
tion of the parameters of the last layer. The parameters of the last layer thus
form base of the output space. Then the layers before the last layer can be
regarded as computing the similarity of the input image and some implicitly
encoded base images. In that view, neural networks encode the training set
and serve as the function to calculate image similarity. Therefore neural net-
work–based methods, in general, could be seen as an upgraded version of the
image retrieval method. Some specially designed experiments are carried out
to prove that MapNet and PoseNet cannot consistently outperform traditional
image retrieval methods. Thus they show that deep learning–based end-to-end
camera pose estimation methods have a long way to go.

3 Hand Pose Estimation in Interaction Tech-
nique

Hand tracking is a major problem in interaction technique development. Hand
pose need to be estimated when performing hand tracking. Here we only intro-
duce some development of vision-based hand pose estimation techniques. For
basic hand pose estimation problem formulation, refer to [23] for an overview.
Researchers tend to explore different type of images and use deep learning to
make full use of them. In [24], single RGB images are put into a CNN and obtain
a 3D hand pose. In [25], depth images were used to estimate hand pose, which
were processed to generate 3D point cloud and put into a neural network which
outputs a hand pose. In [26], combined utilization of depth image and point
cloud were explored. They were put into a 2D CNN and a 3D CNN respectively
to make hand pose estimation.

However, blurred depth image caused by fast hand movement is a critical
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problem in hand pose estimation and could not be settled well. In [27], in-
frared images were explored and were reported nice performance with fast hand
movement. To utilize previous techniques with depth image, domain transfer
learning was used to transform unblurred infrared image to depth and then use
neural network to process depth image and obtain a hand pose.

4 Illumination Estimation

Visual coherence is a key requirement in AR. As one of the most important
factors, illumination consistency is typically achieved by two steps: real lighting
estimation and virtual object rendering. Since the acquisition of real-world
lighting directly affects the rendering result of virtual objects, much efforts have
been made towards illumination estimation.

There are two main approaches for obtaining information about environment
lighting in AR: (1) inserting active or passive light probes into a scene. This kind
of methods use either an active camera with a fish-eye lens or a passive object
with known shape and reflectivity such as chrome spheres to capture environ-
mental illumination in real time. (2) estimating the illumination from the image
of the main AR camera. This category of methods (probe-less methods) can
estimate lighting information without additional equipment or arbitrary known
objects in the scene. These methods typically use image features which are
known to be directly affected by illumination, such as shadows, gradient of im-
age brightness. Nowadays, data-driven approaches have been introduced which
use a large dataset of panoramas to train an illumination predictor. Here, we
mainly focus on the second category of methods since deep learning techniques
could be applied.

Wang et al. [28] deployed a GAN-based method to achieve illumination con-
sistency. A series of rendered images with different illumination and viewpoints
were created first to serve as training data. Image transformation network is
applied as a generator. Adversarial loss, feature matching loss and perceptual
loss were considered and minimized to make the composite image more natural
and realistic. However, the method is not that applicable since different virtual
objects and scenes require different massive training process.

Kán and Kafumann [29] presented a novel method for dominant light es-
timation from RGB-D images. Authors used relative Euler angles calculated
in camera coordinate space to serve as the direction of light source in training
data since registration for different camera poses will lead to high complexity
for network. Then, synthesized images and transformed light source positions
are fed into a convolutional neural network equipped with residual blocks. A
mean squared error was used as loss function for optimization. This method
is relatively convincing since this network needs to be trained only once on a
variety of scenes, and then can be applied in a new scene not seen before by
network during training.

Mandl et al. [30] proposed a happy medium method that takes advantages
of both light probe and probe-less light estimation, which was given the name
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”learned light probe”. The system is split into a preparation and an online
phase. A known object in the scene is selected arbitrarily as light probe at first.
Then, authors reconstructed the geometry and albedo map of selected 3D object.
For each uniformly distributed camera pose, they illuminated the retrieved 3D
model with different spherical harmonics variations. The resulting images were
then used to train a set of CNN instances for all camera poses which will be
stored in the database at last. During the AR rendering, a live camera frame will
be used to match the most similar camera pose in the database. Then the system
would input that frame to the matched CNN model which outputs estimated
spherical harmonics. This estimated lighting could be utilized to illuminate the
augmented 3D object in the camera frame. ”Learned light probe” works in an
unmodified scene just like probe-less method but still retains the computational
benefits of a normal light probe. However, it’s computationally expensive to
train CNN instances for all camera poses when the number of camera poses is
considerably large.

5 Applications

In general, AR has diverse applications, consisting of education, medical, man-
ufacturing and entertainment, etc. In this section, we demonstrate our survey
on applications of AR, especially when equipped with deep learning techniques.

For navigation applications, Lin et al. [31] developed a campus navigation
APP that uses object recognition and AR to make information of detected
objects available and interactive on the smart phone screen. The APP first gets
screenshots from phone camera and location data from GPS. These information
is then treated as input to the search engine to figure out the rough camera
pose and which model to be displayed. The output engine then uses a CNN
to determine the actual place where the 3D model should be placed. Finally,
computer graphics technologies were used to display 3D models and enabled
them to interact with users. Moreover, Cruz et al. [32] proposed a system
which was able to navigate users in big malls and display the interactive 3D
models of some goods in a similar manner. With the help of argument reality
and deep learning technologies, they make shopping and strolling easier and
much more interesting. In [33], AR was applied in museum navigation. An
android app pipeline for museum experience enhancing with deep learning was
proposed.

AR could be introduced to enhance experiment in entertainment. In [34],
combined traditional computer vision techniques and deep learning methods
were used to solve Sudoku Puzzle in newspapers and could be displayed in an
AR context.

In medical applications, [35] introduced Faster-RCNN in to visual inspection
and installed it on an head mounted AR device. Besides, [36] developed a
botulinum toxin injection application used for educational purpose, which relies
on OpenCV and Dlib library to do injection point registration and show the
results on patients’ faces through AR techniques.
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AR can also be utilized in aviation areas. In [37], with the assistance of
AR techniques, it will be easier to do mismatched pins inspection of complex
aviation connector. Onsite connector image can be captured by the digital cam-
era of AR glasses and transmitted to background deep learning-based detection
architecture. Once mismatched pins are identified, the AR glasses will deliver
warning information to the operators with an intuitionistic interface to highlight
those mismatched pins.

AR also has application in information security. Li et al. [38] proposed
an AR-based information hiding architecture. Through this architecture, users
could first map secret messages into secret keys which can be objects, images
and coordinates, and then transmit the secret keys and concealing models to
their patterns. The secret keys can only be revealed when the secret key is
detected by the AR system. In such a system argument reality and deep learning
technologies are exploited to make the secret keys various and thus improve the
secret embedding rate.

In summary, AR has a wide range of application aspects. Together with
deep learning technology, they made our life more comfortable and convenient.

6 Discussion

In this section, we will discuss some future directions of the AR techniques
mensioned above.

We notice that although deep learning method is developed quickly, non-
learning methods are developed in parallel. In tracking techniques, optical flow
algorithm were explored and obtained good implement performance. [39] We
believe that non-learning methods would behave as a significant part in future
AR development and provide theory fundamentals for deep learning methods of
AR.

As we can see in hand tracking methods development, various image types
were explored. As an example, depth image improved hand tracking techniques
greatly. Furthermore, infrared image provide a new horizon for fast hand pose
estimation. We think these new types of image would be encouraged to try and
utilize.

End-to-end camera pose estimation methods have made great strides in the
past few years. Systems in such a manner are known for their robustness.
However, so far, they fail to beat the state-of-the-art SLAM/SFM based systems
in terms of accuracy. Moreover, these systems do not self-adaptively expand
to unknown space since they are essentially an encoding of the training data.
Thus, there is still a significant amount of research to be done before deep
learning–based end-to-end camera pose estimation approaches can be brought
into real world systems.

In illumination estimation field, up to now, deep learning techniques are
mostly associated with probe-less light estimation methods. And this category
of methods mainly focus on point light source estimation rather than environ-
mental light. Besides, since the training datasets are synthesized by computer
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and are relatively simple, when facing with real world scenes, the trained model’s
robustness is still a challenging problem for researchers.

Deep learning empowers AR in a variety of fundamental techniques, we think
more cutting-edge deep learning methods, such as reinforcement learning, meta
learning, could be explored and utilized in AR technology.
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