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Abstract: Visual-based positioning technology plays a pivotal role in spatial artificial intelligence,
facilitating precise perception and comprehension of the physical world for robotic platforms and
augmented reality devices. In this study, we propose a binocular camera-based method for spatial
localization of targets using CNN for instance segmentation while simultaneously providing target
location information. The method encompasses image acquisition and correction, target recognition
and segmentation, and stereo matching, among other components. Building upon this foundation,
we introduce a pedestrian recognition segmentation network model with an attention mechanism. To
accurately locate the target, we employ a multi-feature fusion feature point extraction and matching
algorithm that combines edge information with semantic information. Finally, our proposed method is
evaluated for dynamic pedestrian targets in indoor environments, achieving a horizontal positioning
error of less than 0.25 m.

Keywords: semantic segmentation; deep learning; multi-feature fusion; stereo matching; dynamic
positioning

1. Introduction

Recently, significant advancements have been made in image-based object recognition,
detection, and segmentation due to the rapid progress in computer processing power
and deepening research on artificial intelligence algorithms. The wealth of information
embedded within images enables real-time identification and positioning of specific objects
such as pedestrians and vehicles through vision. Vision-based positioning technology
can be categorized into two main types: active positioning technology, exemplified by
structure from motion (SFM) or simultaneous localization and mapping (SLAM), which is
utilized for self-positioning calculation in autonomous driving, robotics, drones, VR/AR
applications [1,2]; passive positioning technology, represented by binocular or depth camera
positioning systems, is employed for target posture calculation and commonly applied in
industrial detection, automatic assembly processes, spacecraft docking operations, fruit
collection tasks among others. The vision-based positioning method offers high accuracy
at a low cost [3].

SFM is a 3D reconstruction strategy that leverages unordered images, showcasing
significant advancements in both robustness and accuracy. However, its time complexity
remains high, rendering real-time positioning unattainable [4,5]. SLAM serves as a dead
reckoning method based on visual sensor measurement data, commonly employing feature
matching and optical flow technologies in monocular and binocular SLMA systems like
ORB-SLAM, DSO, and VINS [6-9]. Nevertheless, the stability of positioning results is
suboptimal and susceptible to environmental interference. Furthermore, the positioning
error exhibits an upward trend with the increase of paths. Although notable progress in
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related algorithms and sensor hardware, vision-based SLAM technology still encounters
substantial challenges when operating in complex real-world environments.

By utilizing frame regression, the object detection algorithm accurately determines the
coordinate position information of the target object and locates it. However, in real-world
scenarios where multiple instances containing various types of objects or similar objects
coexist, mere coordinate information is often insufficient. In such cases, semantic informa-
tion plays a more crucial role in scene understanding. Traditional semantic segmentation
methods can interpret the pixel-level semantics of the target object, but cannot determine
its relative position information. In this study, we propose a passive location method that
can achieve instance segmentation and synchronous localization using low-cost binocular
cameras. Besides, it offers high accuracy and stability with static positioning accuracy at
the centimeter level and dynamic positioning accuracy at the decimeter level [10-12].

2. Related Work

In this section, we present pertinent prior research encompassing studies on target
recognition and segmentation, feature extraction, and matching.

Target recognition and segmentation: The field of object recognition and segmentation
techniques can be categorized into two main approaches: traditional artificial design fea-
tures and deep neural network-based methods. With the rapid advancements in neural
network technology, CNN-based algorithms have demonstrated superior capabilities com-
pared to artificial design features in various domains such as object detection and semantic
segmentation [13,14]. Notably, the Fast/Faster R-CNN [15,16] and FCN methods for seman-
tic segmentation exhibit remarkable flexibility and robustness. The SegNet model utilizes a
symmetrical encoder-decoder architecture to maintain feature positions throughout down-
sampling and restore them during upsampling, thus improving the output resolution of the
model. Void convolution enlarges the receptive field of output elements by incorporating
“holes” into the convolution kernel while keeping the parameter count unchanged. The
RefineNet model exploits features at different levels for gathering image information using
various sampling techniques, optimizes utilization of global-level features, and integrates
long-range residual connections to improve semantic segmentation. Deep Lab v3 integrates
a batch normalization layer within its network architecture and utilizes parallel as well as
serial hole convolution modules for enabling multi-scale object classification [17-19]. In
this study, we employed a multitasking framework that facilitates target identification and
segmentation, thereby incorporating a comprehensive loss function encompassing target
classification error, regression error, and image segmentation error.

Feature extraction and matching: Vision-based localization methods commonly utilize
point, line, and surface features. The algorithms frequently employed for feature point
detection include Harris, FAST, SIFT, etc. Moreover, there are also local feature-based
detection techniques such as Log edge detection, LBP, HOG, etc. [20-23]. Although these
methods are interpretable and easy to understand and debug, they lack generality and
flexibility. They are more suitable for small datasets with obvious scene features. Recently,
several deep learning-based feature detection methods have been proposed. For exam-
ple, D. DeTone et al. introduced the Super Point feature extraction method which is a
self-supervised approach that trains the network to extract feature points and compute
descriptors. Multi PoseNet can simultaneously handle human detection and keypoint lo-
calization by utilizing a pose residual network (PRN) to implement a novel pose allocation
technique [24,25]. These methods automatically learn features with strong versatility and
flexibility but lack interpretability; thus they are more suitable for scenes with large datasets
and complex features. Our study proposes a novel hybrid feature detection approach that
effectively integrates semantic information into BRIEF descriptors, thereby harnessing the
combined strengths of both methodologies.
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3. System Overview and Method

Initially, we provide a comprehensive overview of the entire system, followed by an
explanation of the system procedures encompassing camera calibration, target recognition
and segmentation, and stereo matching, among others.

3.1. System Overview

The system for binocular instance segmentation and simultaneous localization is de-
picted in Figure 1, encompassing six sequential steps: (1) Image acquisition through the
binocular camera; (2) Camera calibration to derive internal and external parameters fol-
lowed by image correction based on a distortion model; (3)Targeted semantic segmentation
and recognition can be achieved through a multi-task semantic segmentation network
that incorporates an attention mechanism, enabling the identification and segmentation of
specific targets. (4) Feature extraction and matching is accomplished using a multi-feature
point fusion algorithm that combines edge detection with FAST corner detection. (5) Binoc-
ular parallax positioning is employed to compute the three-dimensional coordinates of an
object in the camera coordinate system by analyzing the parallax of feature points present
in both left and right images. (6) The output comprises target location information along
with category identification.

Image reading
Target

segmentation and

correction o
Right Image recognition

Left Image N Image o

. Binocular .
Location and Feature extraction

< parallax < .
category output positioning and matching

Figure 1. The system for binocular instance segmentation and simultaneous localization.

3.2. Camera Calibration

This section primarily focuses on the analysis and rectification of lens errors. The
camera lens consists of a combination of concave and convex lenses, representing the
essence of a pinhole camera model. However, inherent distortions caused by the camera
lenses often result in radial and tangential distortions in images. Therefore, prior to
image processing, it is essential to calibrate the camera and correct these distortions. In
this paper, we employ the checkerboard calibration method to obtain both internal and
external parameters of the camera. The checkerboard contains multiple reference points
for calibration purposes, with each point’s coordinates being subject to identical noise
disturbance. Consequently, an objective function is established accordingly -:

m 2
v=) Yllpi— p(A R, 1, P - O
1j=1

=

1

where p;; is the coordinates between the calibration reference points j and its correspond-
ing projected point on image i. While R; and t; represent the rotation and translation
vectors of image i, respectively. Here, P; denotes the three-dimensional coordinate of the
reference point i in the world coordinate system, whereas p(A, R;, t;, P;) represents its
two-dimensional coordinates in the image coordinate system. The rotation matrix and
translation matrix between binocular camera lenses can be expressed as follows:

R=R,(R)T, T=T,—RT, @)
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where R represents the rotation matrix and T denotes the translation matrix.

3.3. Architecture of Multitasking Network

This paper proposes a multitasking network architecture that incorporates an attention
mechanism by sequentially connecting the channel and spatial attention modules to extract
shallow global features and focus on relevant regions during object detection, recognition,
and semantic segmentation tasks. In comparison with conventional network models, this
approach enhances feature utilization, optimizes computational resources, and mitigates
noise impact.

The multitasking network architecture can be divided into two stages: in the first
stage, the image is scanned using a sliding window to generate a feature map and region
proposal boxes; whereas in the second stage, these proposals are classified based on their
features, bounding boxes are regressed, and masks are generated.

Firstly, a deep convolutional neural network is utilized to extract low-level features
and generate feature maps. As the depth of the network increases, more intricate image
features are obtained. The regional proposal extraction network calculates ROIs that are
subsequently mapped onto the feature map. To address misalignment issues, an ROI Align
operation is incorporated. The bilinear interpolation method is employed to obtain the
image value of the corresponding pixel position, thereby reconstructing spatial information
and generating a fixed-size feature map. One branch connects to a fully connected network
layer for classification and regression detection, while another branch performs semantic
segmentation at the pixel level through FCN. Ultimately, multiple tasks are accomplished
in this multi-tasking-CNN model as illustrated in Figure 2:

Proposal box

generation —
network
I Attention Feature
,m age > leaming || extraction
input module network
’, Classification |«
Results L Regression [«

Segmentation <

Figure 2. Composition structure of the multi-task network.

The attention learning module consists of the channel attention module and the spatial
attention module, which are concatenated to the network model to achieve discrimination
in focus areas. The former includes global pooling, average pooling, a fully connected
layer, and a Sigmoid activation function, while the latter comprises global pooling, average
pooling, a convolutional layer, and a Sigmoid activation function. The feature extraction
network employs ResNet50 as the feature extractor, which incorporates a residual module
based on the VGG network architecture [26]. The lower layers detect low-level features such
as edges and corners, while the higher layers capture more abstract semantic information.
Once an image is processed by the backbone network, it generates a feature map that serves
as input for subsequent stages. The loss function comprises classification error, detection
error, and segmentation error:

L = Les + Lpox + Ls 3)
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where L; represents classification loss, Lj,, denotes regression loss, and L signifies
segmentation error.

3.4. Feature Points Detection and Matching

Image feature point matching algorithms typically consist of two steps: feature point
extraction and matching. Building upon the semantic segmentation conducted in the
preceding section, this paper proposes a method that integrates semantic information, edge
information, and corner information for detecting feature points. The FAST algorithm is
employed to efficiently extract local corner features of objects, while the Canny algorithm
is utilized to identify edge feature points of objects with sparse textures. This ensures
that these objects possess an adequate number of feature points while maintaining a more
uniform distribution. Furthermore, we incorporate semantic information by employing
improved BRIEF descriptors to describe these feature points. The complete implementation
process of the algorithm is illustrated in Figure 3.

Canny edge
— .
detection
FAST corner Improved
L g . .
Image detection Brief
. Semant_lc
information

Figure 3. Fusion-based matching of multi-feature points.

In order to improve the noise immunity of the descriptor, Gaussian templates with
window size 9 x 9 and variance ¢ = 2 are used to filter the image.

1 =62
2t @

G(x,y) =

Then select n comparison points in the S x S pixel block around the feature point p,
and compare the intensity value of the two pixels, and the comparison rule is as follows:

(i) :{ éigt(;e)rsg P 5)

where p(u), p(v) is the grayscale value respectively. The BRIEF descriptor of the n dimen-
sion is obtained by logical operations.

Select m comparison points and compare the semantic information of the two pixels,
and the comparison rule is as follows:

s = { L1 =10

where I(x), I(y) is the semantic information respectively. The BRIEF descriptor of the m
dimension is obtained by logical operations. Therefore, a binary descriptor of n + m bits is
formed for the feature point p, as shown in the following equation:

fu(P)="Y 27t (pu0)+ Y. 27 lu(pixy) @)

1<i<n n+1<i<n+m

During the process of matching feature points in the left and right camera images,
semantic information is effectively utilized to eliminate unmatched feature points. Sub-
sequently, a brute force algorithm is applied to calculate the Hamming distance for each
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feature point. The minimum Hamming distance value is then compared against a predeter-
mined threshold. If the calculated distance is less than or equal to this threshold, it indicates
a match between two points; otherwise, they are considered mismatched. Furthermore, all
qualifying features are sorted based on the number of identical elements in their respective
bits, with those having the highest count being selected as matching features. It should be
noted that no rotation or scale transformation occurs between corrected binocular images;
therefore, polar constraints are incorporated into the matching algorithm. By searching for
feature points within two pixels above and below the pole during the matching process,
not only can accuracy be improved but also computational time can be reduced.

3.5. Principle of Binocular Positioning

The geometric relationship between the point P and its corresponding projection point
in the left and right images is illustrated in Figure 4. The baseline distance between the left
and right lenses, denoted as b, and the focal length of the camera is represented by f. By
applying the trigonometric similarity formula, we derive the following equation:

ul:fz%x,uZ:@,Ul:vZ:f% 8)
Left Camera Right Camera
3 b L]
f f

o

(i }
o P2(u2,v 0: n
P1(ul,vl

v

<]

P(x,y,z)

Figure 4. Schematic of binocular stereo vision positioning.

The parallax of the P point between the two images is signified by 4
d=ul —u2= % )

Therefore, the position of point P in the camera’s coordinate system can be computed.

b-ul  b-v _ b-f
A R (10

X =

4. Experiments Results and Discussion

The test equipment consists of a binocular camera, comprising two cameras mounted
on a fixed structure with a baseline length of 10 cm as depicted in Figure 5, and a computer
equipped with an Intel Core i7-7700 (3.6 GHz) processor, 16 Gb RAM, Nvidia GTX1080
GPU, and running the Ubuntu 18.04 operating system. The binocular camera is connected
to the computer via USB for real-time image transmission, enabling object segmentation
and simultaneous location.



Appl. Sci. 2023,13, 11702 7 of 12

Figure 5. Binocular camera.

The indoor location test environment, measuring 9.7 m by 9.7 m, has been established
as depicted in Figure 6. With the upper right corner serving as the origin of the world
coordinate system, the camera is located at the intersection area shown in Figure 6.

—I {— Ij
9.7m 7 O

—
! Location
X

w

T——
—
T

wy L

=

Figure 6. The map of the indoor location test environment.

= |

4.1. Calibration of the Binocular Camera

Before conducting the positioning test, it is necessary to calibrate the distortion pa-
rameters of the camera. The calibration process mainly involves accurate calculation of
parameters such as radial and tangential distortion, along with determining the baseline
length of the camera. For this purpose, a calibration board with a checkerboard size measur-
ing 19 mm X 19 mm and containing 6 x 9 corners is utilized. Table 1 presents the resulting
calibration parameters.

Table 1. Calibration parameters of the binocular camera.

Left Camera Right Camera
Parameters
X Direction Y Direction X Direction Y Direction
Focus 341.98 338.82 340.64 340.17
Distortion 0.15921, —0.31659, 0.05029, —0.14436,
parameter —0.00949, —0.2309, 0 —0.01175, —0.0158, 0

4.2. Object Segmentation and Recognition

Firstly, the image to be segmented is inputted into the training dataset. Through
data standardization, image clipping transformation, and other processing techniques, the
data is propagated forward through a designed network model to obtain the segmented
image. The loss between the segmented image and the target image is then calculated for
backpropagation purposes. This process of updating model weights continues until a set
number of iteration rounds are reached. Subsequently, the test dataset is loaded and fed



Appl. Sci. 2023,13, 11702

8of 12

into the trained model for evaluation. The performance of the model is assessed using
various metrics, and if it fails to meet the desired criteria, adjustments are made to the
training process before saving a satisfactory version.

In this experiment, we initially trained the network model with a standardized dataset
to obtain preliminary network parameters. We further refined these parameters by training
on our self-made dataset collected in an indoor environment consisting of 1000 training
sets and 400 test sets. The images in this dataset include roads, tables, persons, chairs, and
other items considered as background.

The primary metric for evaluating the performance of a segmentation algorithm is
the mean Average Precision (mAP). Firstly, precision and recall are calculated. Precision
represents the ratio of correctly detected data to the total number of detected data, while
recall represents the ratio of correctly identified samples to the total number of positive
samples. Secondly, Average Precision is computed by plotting a precision-recall curve
based on these two metrics and calculating the area under it.

AveP = /01 p(r)dr (11)

The computation of the mean average precision indicator mAP is obtained by taking
the average across all categories.

N
Y. AveP(k)

Ap=Xx1 12
m < (12)

where N represents the number of target categories in the image. The comparative experi-
mental results are shown in Table 2.

Table 2. Comparison of results obtained from the experimental scenario dataset.

Method mAP
Mask RCNN 63.3
PSP_Net 68.5
Ours 70.5

In scenarios with low light conditions, a random collection of images was employed
to validate the algorithm’s performance. Many multi-task segmentation algorithms fail
to accurately segment in complex indoor environments under dim lighting, resulting in
poor segmentation outcomes for relatively small targets such as chairs and people, often
leading to incorrect segmentation. However, the visualization results presented in Figure 7
demonstrate that our method can effectively distinguish individuals even in challenging
indoor settings where chairs are obstructed and lighting is insufficient.

Figure 7. Result of object segmentation and feature point matching.
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4.3. Feature Point Extraction and Matching

In the segmentation area, feature points are extracted and matched, which effectively
reduces the matching error and operation time. The experimental comparison methods
include the SIFT, SURF, and ORB algorithms as well as our proprietary algorithm. Experi-
mental results are presented in Table 3.

Table 3. Performance comparison of different feature point matching algorithms.

Algorithm Feature Points Time (s)
SIFT 21 0.11
SURF 19 0.09
ORB 13 0.02
Ours 19 0.07

The performance of our algorithm surpasses that of the SIFT and SURF algorithms
in terms of time consumption and matching points, as evidenced by the results presented
in Table 3. Furthermore, our algorithm outperforms the ORB algorithm in terms of the
number of matching points.

4.4. Location Results and Analysis
4.4.1. Test of Static Positioning Accuracy

The results of the indoor target’s static positioning are illustrated in Figure 8. The
tester remains stationary at various locations within the camera’s field of view, displaying
the type and location coordinates of the target.

= | |

e P50 om o
7 persOn | T TN

c f.ber_sori"

Figure 8. Results of static positioning.

We employ a total station to accurately measure the precise position of the target. The
disparity between ground truth and estimated positions is calculated using the follow-
ing formula.

Error = \/(Xtruth - Xmea)2 + (Yeruth — Ymea)z (13)

The Cumulative Distribution graph illustrating the static positioning error is presented
in Figure 9, revealing that 50% of the positioning results exhibit an error rate below 0.08 m,
while 80% demonstrate an error less than 0.1 m; furthermore, the maximum positioning
error is below 0.16 m.
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Figure 9. Cumulative distribution graph of the static positioning error.

4.4.2. Test of Dynamic Positioning Accuracy

The tester traverses a rectangular area within the camera’s field of view, and the blue
dot represents their movement trajectory as depicted in Figure 10.

|
- 4
img_map_small_1

Figure 10. Results of dynamic positioning.

The positioning error calculation method is the same as that described in the previous
section. The Cumulative Distribution graph of dynamic positioning error is presented in
Figure 11, revealing that 65% of the positioning results exhibit an error below 0.2 m, while
85% demonstrate an error less than 0.3 m. Furthermore, the maximum positioning error is
below 0.8 m.

CDF

1N o o
~ o ©
.

Cumulative distribution

o
)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Position error in terms of the meter

Figure 11. Cumulative distribution graph of the dynamic positioning error.
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The primary causes for the high positioning error are attributed to both instance
segmentation and feature matching inaccuracies. Based on our experimental findings, the
maximum error observed is less than 0.8 m. This discrepancy can be primarily attributed
to challenges in accurately segmenting specific targets due to their similarity with the
background, as well as discrepancies between calculated individual features and the actual
target location.

5. Conclusions and Future Work

In this paper, we propose a novel approach for spatial localization of targets using
binocular cameras and CNNs, which enables accurate identification of the object class and
its position. To enhance the accuracy and robustness of target position determination, we
introduce a method that integrates semantic information, edge information, and corner
information to extract and describe feature points. Additionally, we present preliminary
results from indoor positioning tests. The experiments demonstrate that our approach
offers high accuracy and stability, with static positioning accuracy at the centimeter level
and dynamic positioning accuracy at the decimeter level. Future attention should be
given to three tasks: firstly, investigating target continuous tracking algorithms to mitigate
computational complexity; secondly, exploring multi-target positioning methods across
disparate cameras; and thirdly, exploring strategies to compensate for long-distance errors.
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