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Abstract: There is a high demand for information on what people are looking for when shopping and making decisions. Although wearable eye tracking devices can provide good gaze estimation results, it is not
practical to ask customers to wear a wearable type in the store. Therefore, we proposed a general, accurate
pipeline for tracking the gaze of people in the 3D space by integrating several diﬀerent optical sensors on
the environment side. The accuracy of the system is comparable to wearable devices so that we successfully
distinguished test points that are only 30cm apart on the shelf. The pipeline also can be used to restore the
purchase process and applied to a variety of tasks by updating those separated parts.

1.

Table 1: The comparison of the existing methods

Introduction

ﬁxed type

Knowing what people are looking at when they are shopping and making decisions is essential for the analysis of
shopping behavior. And the recent methods of gaze direction analysis can be roughly divided into three types shown
in Table 1. In those types of methods, the methods which
can provide good enough gaze direction results are always
based on wearable eye trackers.Although it is hard for the
space type to give an accurate gaze analysis results due to
the diﬃculties that the angular and positional relationship
between the ﬁxed camera and the head all change depending
on diﬀerences in physique and movement, it is impractical
and inconvenient to ask customers to wear one in the store.
And it is also possible for the space type to obtain the gaze
direction of multiple persons at the same time. As a result, an innovative method of tracking the gaze of people in
the 3D space data from the environment side accurately is
suitable to solve the actual task. And based on the consideration that the eye and head pose of a person in 3D space
can provide enough cues to calculate the gaze direction and
setting up cameras is convenient, multiple optical sensors
are able to be eﬀective raw data collection devices for gaze
analysis.
Recent gaze analysis research based on images has focused on appearance and deep learning based on the advantage that deep learning does not explicitly require the
complicated processing of subject-speciﬁc parameters such
as cornea radii and cornea center[1]. In this setting, many
deep learning approaches and datasets have been proposed
in recent years in order to locate the speciﬁc object seen by
people in a picture and get a good result[2]. However, they
do not take the 3D scene structure into consideration, so the
approaches always struggle with obtaining the relationship
between 3D gaze direction and the objects gazed by. So, it
is diﬃcult for traditional methods to give good results in environments with a large number of close objects. However,
this cases is common in the analysis problem of customer
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purchase intention before a goods shelf.
To eﬀectively solve the above disadvantages of the task,
we investigated a method of tracking the gaze of people in
the 3D space by integrating several diﬀerent optical sensors
on the environment side. The proposed pipeline shown in
Figure 1 consists of the following parts: (1) gaze estimation
based on deep learning and multi-information fusion. (2) 3D
Scene reconstruction and object detection based on multiple
optical sensors combination. (3) Optimize the interaction of
gaze and scene based on 3D space coordinate transformation
and decision fusion.
In summary, a general accurate pipeline is proposed for
the gaze object analysis in 3D space from the environment
side. Under good illumination conditions, the system can
provide accuracy comparable to wearable devices and eﬀectively distinguish test points that are only 30cm apart on the
shelf. And the pipeline also can be used to restore the purchase process and applied to a variety of tasks by updating
those separated parts.
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Fig. 1: The architecture of the whole system

2.

Related research

Elbers, T. (2016)[3] points out the strong correlation between human purchase behaviour and good shelf. So, there
are some related products or services in this ﬁeld. Motivation International, the largest independent full-service market research agency in the Netherlands, provides a shelf research service to show where the consumers see based on
specialized infrared eye-tracking devices. Although the use
of infrared cameras increases the accuracy of the system, it
reduces the scope of application of the system. Nippon Information Incorporated provides another service to obtain
the gaze direction without an infrared camera. The method
is mainly based on landmarks detection which is easily affected by outside noise. And it is hard to extend this method
to other tasks that require higher precision because they do
not consider the invisible factors such as the angle between
the visual axis and the optical axis. In order to design an expandable, general, and accurate pipeline, the gaze following
and gaze estimation of computer vision are the most related
ﬁelds.
Gaze following aims to ﬁnd the object gazed at by a person
in an image. Therefore, the methods used in this task always
output the 2D pixel location of the gazing object. This is a
promising ﬁeld for providing a solution of ﬁnding the gazed
object in a scene. Lian et al. (2018)[4] train neural networks
(NN) based on head position and head image in an image
to output the ﬁeld of view (FOV) of the image. Then they
use the 2D FOV to ﬁnd the object in the image. Chong,
Eunji et al. (2020)[5] provide an update method to make
the system can know whether the gazed object is outside
the image. They ﬁrst train a NN to extract the head feature and then use the head feature and scene feature as the
input of Conv-LSTM net to output the location heatmap.
Because this technology is often used to analyze people’s
buying behavior in a market, Tomas et al.(2021)[2] provide
the GOO dataset as an important dataset for training and
evaluation. However, this kind of methods always struggles
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with the situation that there are lots of objects overlapping
each and is hard to extend the application range.
Gaze estimation aims to calculate the gaze direction of a
person and usually does not consider the object in space.
Therefore, the methods used in this task always take the
head picture as input and output the gaze vectors. Compared to gaze following, this ﬁeld has various data sets designed for diﬀerent scenes to be used, in which the MPII
gaze proposed in 2017 [6], RT-GENE proposed in 2018[7]
and Gaze360 proposed in 2019[8] are famous. As a result, it
is more convenient for a researcher to train a method in this
ﬁeld and get a good result. But for a good result, an accurate gaze estimation pipeline always includes a ﬁne-tuning
process because it is not possible to obtain the true gaze direction without predicting the invisible factors[9]. Generally,
Liu.et al[10] and zhang. et al[11] all use lots of calibration
samples to predict those factors. However, it is very inconvenient to collect thousand of samples for ﬁne-tune process. Park et al.[12] design an adaptable gaze estimation
network (AdaGen) based on Meta-learning and successfully
reduce the amount of data required in the ﬁne-tuning process. Their work makes methods in this ﬁeld promising to
be used for other tasks.

3.

Proposed method

To solve the problem of “overlapping” and extend the application range, an innovative and expandable system is proposed to do 3D gaze recognition from the environment side.
The whole pipeline can be separated as gaze branch and
scene branch as shown in Figure 1.
3.1 3D gaze vector branch
The head pose estimation problem is modeled as a
Perspective-n-Point(PnP) problem. 2D landmarks of a human face are generated by face detection and landmark detection. The method proposed by K. Zhang et al(2016)[13]
is re-set for face detection and the landmark detection process is completed by the method proposed by Wang J et
al.(2020)[14]. According to the annotation of the 300-vw
data set, 68 landmarks are calculated. And the 3D landmark face model comes from the eos library.
A normalization method proposed by Xucong Zhang et
al. (2018) [15] is completed to output the eye part from the
normalized image(ﬁxed position and head pose), and then
the cropped image of the eye part is passed to the gaze estimation module to generate the 3D gaze vector. The gaze estimation module based on the FAZE framework[12] consists
of a feature extraction network and an adaptable gaze estimation network based on meta-learning. For a convenient
application and a good result, a representation learning network is chosen to complete the feature extraction and the
initial weights of the neural network are downloaded.
A ﬁne-tuning process is designed as in Figure 2, the participants are asked to look at the 13 points on the shelf,
and images of eye parts are collected simultaneously. We
convert the coordinates of the 9 points from the world co-
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al(2015)[16]and Park, Q.-Y. Zhou et al(2017)[17] completes
3D scene reconstruction. In many application scenarios, the
locations of speciﬁc objects are also needed. So an eﬃcient
object detection process based on the work of Zoran Zivkovic
et al[18] also be designed. The process ﬁrst outputs the
rough pixel location of speciﬁc objects by comparing the
image with objects and the image without objects. And
then a morphology process and coordinate transformation
process are completed to generate the location of objects
automatically. The entire pipeline is shown in Figure 4.

(a) shelf setup

(b) training points setup

Fig. 2: ﬁne-tune process setup
ordinate system to the camera 2 coordinate system as the
ground truth. The predicted 3D vector is projected to the
camera 2 coordinate system, and the predicted results are
set as the intersection location of the projected 3D vector
and the camera coordinate plane z = 0. The ground truth
and the intersection location are passed to the angle loss
formula to calculate the loss. Then the loss back propagates
to the AdaGen network to ﬁne-tune the weight for better
gaze estimation results.
To better evaluate the training eﬀect, an updated test
process is designed. The process uses 12 points instead of
9 points and the test points are set in a wider range on the
shelf as shown in Figure 3.

3.3 Joint and ﬁne-tune process
This process is designed to align the results of the two
branches and post-process data to restore human purchase
behavior. The three-dimensional coordinate transformation
4x4 matrix is calculated by selecting the corresponding point
of the point cloud. Similar to the iterative closest point(ICP)
registration algorithm, we choose 6 points to ﬁt the transformation matrix. And a decision-fusion process based on
head pose and face location is designed to delete the case
where the staring object is not within the shelf range. The
gazed object is considered out of range if the norm of the
rotation angle is greater than 45 degrees.

Fig. 3: The test points setting

3.2 3D scene reconstruction branch
The data come from two mono-cameras and one color
camera is used as input data to generate color depth image pairs. The FPS of three cameras is set to 25 for the
OAK-D depth camera performance limitation, so the three
images are considered to be synchronized if the diﬀerence in
timestamp is less than 15ms.
And then a method proposed by Choi, Q.-Y. Zhou et
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Fig. 4: The object detection pipeline

4.

Evaluation and results

All evaluation results are obtained by a desktop PC with
one NVIDIA GeForce 3080Ti and OAK-D depth cameras
shown in Figure 5.
The intrinsic parameters matrix of the color camera 2 is
calculated as the following matrix. The shape of camera 2
frame is set to 3840×2160 (pixels).
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Fig. 7: The result of object detection

Fig. 5: The OAK-D cameras device
⎛

2.96625e + 03
⎜
⎝0.00000e + 00
0.00000e + 00

0.00000e + 00
2.96250e + 03
0.00000e + 00

⎞
1.91947e + 03
⎟
1.08536e + 03⎠
1.00000e + 00

The intrinsic parameters of the scene cameras (camera 1)
are shown in Table 2. Considering that color frames and
depth frames must be aligned and the resolution of mono
cameras are 720p, we downsampled the color camera metadata and aligned all depth frames to the color camera with
1280×720 (pixels).
Table 2: Calibration parameters of scene cameras.

Fig. 8: The result of scene reconstruction

Fig. 6: The relative position of two set cameras

the process.
We used 667 cloud point ﬁles to build this scene together.
As you can see in this ﬁgure, the result is good enough to
reconstruct the goods on the shelf but there also are some
places between the ﬁrst ﬂoor and the second ﬂoor needed to
ﬁll up for the construction of the whole scene. According to
the task requirements, we consider that the scene cameras
should be ﬁxed in some place of store; this case is the normal
case of an actual store environment. Therefore, it is hard
for the scene cameras to get the information of this part due
to the occlude caused by its position and rotation angle. In
addition to this, this part between the ﬁrst ﬂoor and the
second ﬂoor is a smooth strip shape, which means that it
is hard to obtain an accurate disparity between two mono
cameras. For the above two reasons, this part of the point
cloud of the scene is missing. And if the scene cameras do
not require to be ﬁxed in other practical application scenarios, this part of the cloud point is able to ﬁll up easily just
by moving the scene cameras in the data collection process.

4.1 3D scene reconstruction and object detection
The location output of the object detection process is
shown in Figure 7.
We use the frames taken from scene cameras (camera 1)
directly and generate these locations with squares automatically. As you can see from this picture, we accurately detected the position of the twelve items and the gaze camera,
although the locations and shapes are very diﬀerent.
The 3D reconstruction result based on RGB-D image pairs
is shown in Figure 8. All points’ locations are presented in

4.2 3D gaze vector estimation
The training and test results of the gaze branch are shown
in Figure 9 - Figure 11. The three ﬁgures correspond to three
diﬀerent people.
From the result, it is obvious that no matter how far from
the truth ground at the ﬁrst epoch, the meta-learning-based
neural networks can quickly converge. And the accuracy
is also high as shown in Figure 9a -Figure 10a（degrees）
and Figure 9b- Figure 10b (millimeters). However, when
ﬁne-tuned data is not suitable, this branch can not give the
accurate results as shown in Figure 11. Unlike previous re-

fx
fy
cx
cy

color
992.81341553
991.55731201
636.06518555
354.62969971

mono 1
842.82958984
843.40100098
627.25701904
630.68615723

mono 2
837.64855957
838.36700439
354.54779053
362.41262817

The relative positions of the two sets of cameras are shown
in Figure 6.
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⎛

−908.07281
⎜ 19.92509
⎜
⎜
⎝ −31.20626
0.00000
(a) train and validation process

−28.02541
935.12317
−67.5288
0.00000

16.05037
126.89289
−241.70967
0.00000

⎞
263.06542
−19.3187 ⎟
⎟
⎟
433.97928⎠
1.00000

(b) test process

Fig. 9: The gaze results1

(a) train and validation process

(b) test process

Fig. 10: The gaze results2

Fig. 13: The scene after transformation

sults, the NN can only converge to 8.17 degrees, and it fails
to generate 12 clear clusters. In particular, it cannot eﬀectively distinguish the right area in Figure 11b. And this part
of the system is easily aﬀected by illumination.

(a) train and validation process

For easy installation, the gaze cameras (camera 2) are upside down, so the aligned point cloud is also upside down.
We render all results in a 3D space based on the decision
process to restore a product purchase process, and the joint
result is shown in Figure 14. The box represents the location and rotation of a head, and the red mesh represents
the plane z = 0 of the gaze camera. Under good illumination conditions, the system can eﬀectively distinguish test
points that are only 30cm apart on the shelf and restore the
product purchase process successfully.

(b) test process

Fig. 11: The gaze results3
In insuﬃcient illumination, it cannot detect landmark
points accurately. The Figure 12 has been transformed by
gamma transform to show the dark park clearly, and we can
easily ﬁnd that there is still no way to tell the location of
the left pupil. As a result, the head pose estimation and eye
part normalization process will be not accurate. Therefore,
for further research, we will focus on solving this problem to
make the system suitable for wider applications.

Fig. 14: The joint result

5.

Fig. 12: normalized input patch

4.3 Coordinate transformation and joint results
A transformation matrix is ﬁtted by 6 points based on
the previous method. The matrix is shown as the following,
and it is used to transform the scene reconstruction results
to the gaze camera (camera 2) coordinate system shown in
Figure 13.
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Conclusion

An expandable, accurate pipeline is proposed for gaze object analysis in 3D space from the environment side. The
pipeline takes the 3D scene into consideration, so it is suitable for the following cases: (1) The head pose is down, but
they look upside. (2) Along the 2D line of sight, there are
multiple objects that overlap each other, which is diﬃcult
to solve with traditional methods. The designed pipeline
consists of the gaze estimation branch and the 3D scene reconstruction branch, so it is more convenient to update the
part of the system for other new tasks. We redesign and
train the meta-learning based neural networks for accurate
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gaze estimation results (eﬀectively distinguish test points
that are only 30cm apart on the shelf) and make all parts
of the system work ﬁne to restore a purchase behaviour in
the store based on multiple information fusion.
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