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Abstract

Target tracking technology is a key research area in the field of mobile robots, with wide applications in logis-
tics, security, autonomous driving, and more. It generally involves two main components: target recognition and
target following. However, the limited computational power of the mobile robot’s controller makes achieving high
precision and fast target recognition and tracking a challenge. To address the challenges posed by limited comput-
ing power, this paper proposes a target-tracking control algorithm based on lightweight neural networks. First, a
depthwise separable convolution-based backbone is introduced for feature extraction. Then, an efficient channel
attention module is incorporated into the target recognition algorithm to minimize the impact of redundant features
and emphasize important channels, thereby reducing model complexity and enhancing network efficiency. Finally,
based on the data collected from visual and ultrasonic sensors, a model predictive control strategy is used to achieve
target tracking. Validation of the proposed algorithm is conducted using a mobile robot equipped with Raspberry
Pi 4B. Experimental results demonstrate that the proposed algorithm achieves rapid target tracking.

1. Introduction

Target tracking refers to tracking and identifying information such as the position, velocity, and state
of a target within a continuous time series. In the field of robotics, target tracking is the foundation
of many core tasks and is widely applied in key areas such as navigation, environmental perception,
and path planning [1-3]. Especially in industries like logistics, security, and autonomous driving, it not
only enhances the autonomy and intelligence of robotic systems but also drives technological advance-
ments in these fields. Logistics delivery robots need to navigate in dynamic environments and accurately
track the position of items or targets, particularly in open spaces or crowded scenarios, ensuring timely
and accurate deliveries. In security monitoring, robots or drones utilize target-tracking technology to
identify and track suspicious individuals or objects in real time, especially in large-area surveillance.
This improves the efficiency of automated patrol systems, reduces labor costs, and enhances security
response capabilities. In autonomous vehicles, target tracking helps the vehicle monitor the movement
trajectories of other road users (such as pedestrians, other vehicles, bicycles, etc.) in real time. This
enables the vehicle to make decisions on evasion or route adjustments, ensuring driving safety [4, 5].
This process includes target recognition, localization, and path planning, often combining data from
sensors such as vision systems, Light Detection and Ranging (LiDAR), and ultrasonic sensors, while
utilizing computer vision, filtering algorithms (such as Kalman filters and particle filters), and deep
learning techniques for target detection and tracking [6—8]. The challenges of target tracking include
issues like occlusion, motion uncertainty, sensor noise, and environmental changes.
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In the field of target recognition, deep learning-based methods have gained widespread acceptance
due to significant improvements in detection accuracy [9]. Unlike traditional approaches reliant on man-
ually crafted features, deep learning models can directly learn powerful features from facial images [10,
11]. These methods are typically categorized into single-stage and multi-stage frameworks, with single-
stage models gaining attention for their computational simplicity and operational efficiency in recent
years [12, 13]. Cao et al. [14] addressed the issue of small target omission or mis-detection in drone
detection processes by proposing an improved YOLOv5s-based algorithm named YOLOv5s_MSES.
Compared to existing methods, experimental results on the VisDrone2019 drone object detection dataset
demonstrate that YOLOv5s_MSES achieves better detection performance, effectively completing small
target detection tasks in drone aerial images. Xiong et al. [15] proposed the AS-YOLOVS algorithm
for small target detection by addressing the challenges posed by the complexity and variability of
real-world road environments. This algorithm integrates adaptive feature fusion and improved atten-
tion mechanisms. During the feature extraction stage, AS-YOLOVS employs soft pooling to enhance
feature extraction networks, thereby mitigating the inherent loss of critical edge information of small
targets in standard downsampling techniques. Chen et al. [16] proposed a novel object detector based on
continuous unsupervised domain adaptation to address the challenges of high scene complexity, small-
scale targets, and model domain shift. This approach enhances the detection accuracy and generalization
capability of the detector for small floating targets. However, many existing deep learning models prior-
itize higher accuracy, resulting in increasingly complex and parameter-heavy neural network structures,
sometimes spanning hundreds or thousands of megabytes. This poses challenges for deployment on
mobile or embedded devices with limited computational power and storage resources.

Research on target tracking control for mobile robots primarily focuses on identifying targets in the
environment and directing the robot to track them. Currently, the main methods used are LIDAR-based
and vision-based tracking control [17, 18]. Yan et al. [19] proposed a walking aid robot for assisting
patients in rehabilitation training, where they employed onboard laser range finder sensors to track
human users. However, these sensors somewhat hinder tracking performance as they do not easily dis-
cern human direction and intention. In contrast, Chen et al. [20] utilized an online real-time convolutional
neural network target tracker with a stereo camera to track and control human targets. Yet, this method
is vulnerable to light variations and occlusions, affecting its tracking efficacy. LIDAR-based tracking is
straightforward and less affected by lighting changes, but it solely provides distance information, limit-
ing its adaptability to complex targets and environments [21]. Vision-based tracking can capture more
detailed target and environmental data but is sensitive to lighting changes, target deformations, and is
constrained by the camera’s field of view, increasing the risk of losing track of the target [22]. Each
sensor type possesses distinct strengths and weaknesses in target tracking. Hence, exploring the inte-
gration of multiple sensors could leverage their respective advantages to enhance tracking performance.
Thus, investigating multi-sensor combination approaches holds significant promise for advancing the
technology of mobile robots in achieving robust target-tracking control.

The computing power of the control system carried by mobile robots is relatively low, which makes
deploying intelligent algorithms challenging. To address the issue of insufficient computing power, a
target tracking control algorithm based on lightweight networks is proposed in the paper. First, to accu-
rately extract features, a feature extraction model based on a depthwise separable convolution backbone
network is constructed. Then, an efficient channel attention module (ECAM) is introduced into the tar-
get recognition algorithm to reduce the impact of redundant features and focus on significant channels,
thereby simplifying model complexity and improving network efficiency. Finally, a model predictive
control (MPC) tracking strategy that integrates information from visual and ultrasonic sensors is pro-
posed to achieve target following. Validation of the proposed algorithm is conducted using a mobile
robot equipped with Raspberry Pi 4B. Experimental results demonstrate that the proposed algorithm
achieves rapid target tracking.

The remainder of the paper is organized as follows: Section 2 outlines the lightweight recognition
method and the employed target tracking strategy; Section 3 covers the experimental aspects, including
demonstrations of the effectiveness and analysis of results from target detection comparison experiments
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Figure 1. Network architecture of improved RetinaFace.

and target tracking control experiments; Section 4 presents the conclusions drawn from this study and
suggests future research directions.

2. Tracking control algorithm based on lightweight network

2.1. Lightweight recognition method

The target recognition method presents lightweight improvements to RetinaFace, as depicted in Figure 1.
This method focuses on two main enhancements: (1) In the backbone network, depthwise separable
convolutions are used to replace standard convolutions, significantly reducing computational parame-
ters and improving interpretability; (2) The algorithm introduces ECAM, which selectively emphasizes
the key channels for object detection, minimizing the impact of redundant features, thereby effectively
reducing network complexity while improving efficiency. In addition, in terms of the loss function, the
CIoU Loss (Complete Intersection over Union Loss) is used as the target bounding box regression loss
to address the issue that the Smooth L1 loss is not equivalent to the actual evaluation metric IoU, while
also improving the model’s validation accuracy.

To accommodate the neural network’s input size requirements and enhance feature extraction perfor-
mance, preprocessing of input images is essential [23]. Initially, the image is scaled from 320 x 240 to
320 x 320 to align with the model’s input size specified in this paper. Following scaling, mean subtrac-
tion is applied, which involves subtracting the mean pixel value of each channel from the corresponding
pixels. This process improves the model’s capability to mitigate brightness variations in input images,
thereby reducing the impact of illumination on target detection performance.

2.1.1 Lightweight backbone network

For mobile and embedded vision applications, MobileNet stands out as an excellent choice due to its
lightweight architecture [24]. In this study, we utilize MobileNet0.25, which employs depthwise sep-
arable convolutions as the backbone network. Figure 2 illustrates a comparison between depthwise
separable convolution and standard convolution methods.

As depicted in Figure 2, depthwise separable convolution achieves equivalent feature map output
size as standard convolution by decomposing it into depthwise convolution and pointwise convolution.
Standard convolution extracts feature correlations within the image feature map and between channels,
involving numerous parameters and posing interpretability challenges. In contrast, depthwise separa-
ble convolution divides these tasks, decreasing parameter count and enhancing interpretability. Thus,
depthwise separable convolution markedly reduces computational parameters compared to standard
convolution.

https://doi.org/10.1017/50263574725000268 Published online by Cambridge University Press


https://doi.org/10.1017/S0263574725000268

1334 Yiming Hua et al.

(a)
3 channels input Filters*4 Maps * 4

Standard convolutions

(b)
3 channels input  Filters*3 Maps * 3 Filters*4 Maps * 4

B 5

._E - 5@@

< Depthwise Convolution » |« Pointwise Convolution "

)

Depthwise Separable Convolutions
Figure 2. Standard convolutions and depthwise separable convolutions.

¥ Convolutional kernel size k& /Z
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2.1.2 Efficient channel attention module
The ECAM is introduced to enhance the RetinaFace method. This module enables the network to dimin-
ish the impact of redundant features and prioritize channels crucial for target detection, thereby reducing
model complexity and enhancing network efficiency. The structure of ECAM is illustrated in Figure 3.

As illustrated in Figure 3, ECAM chooses average pooling to extract global information from each
channel. It then utilizes a fully connected layer to learn channel weights, which are normalized using an
activation function — a sigmoid function, as shown in Eq. (1). The kernel size(k) of the convolutional
layer in the channel attention module depends on the number of channels, as depicted in Eq. (2). Where
|x|,aqindicates the nearest odd number of x.

1

sigmoid (x) = m (D

log, C+1
2

k= @

odd

Following the feature extraction by ECAM, the target detection model incorporates a feature enhance-
ment module to maximize the utilization of these extracted features, thereby significantly enhancing
target detection accuracy. This enhancement is achieved through two primary modules: the Feature
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Pyramid Network [25] and the Single Stage Head-less network [26], which are utilized for advanced
feature extraction and further accuracy improvement in target detection.

2.1.3 Loss function
The loss function used for training the target detection model in this paper is shown in Eq. (3).

L= )"IL('Is(pi,p}*) + )"ZP?Lbox (th t,*) + )"3pr[)” (li, lj) (3)

The loss function consists of three main items, Ly, ) 18 target classification loss, Ly, (t;, t}) is target
frame regression loss, and L, (/;, [}) is target information regression loss. According to the above task
needs, in this paper, the loss-balancing parameters A, A,, and A; are set 1, 2, and 0.1 respectively.

2.1.4 Lightweight deployment

Target detection models are deployed on embedded devices, where choosing the right inference com-
putation framework is crucial for enhancing model efficiency. In order to further boost real-time
performance of the target detection model on Raspberry Pi, refs. [27, 28] led to the selection of
OpenCV’s DNN module for deployment and execution of the model. To deploy the target detection
model, the trained model file is first converted to the ONNX format. Subsequently, installation of the rel-
evant framework dependencies enables deployment. Once deployed, this approach enables the creation
of a lightweight real-time target detection system on Raspberry Pi.

2.2 Target tracking control based on multi-sensor information

Target tracking relies primarily on two key pieces of information: target direction and distance. In tradi-
tional tracking methods using a single visual sensor, target direction information can be swiftly obtained,
but accurately gauging distance is challenging. Typically, distance between the robot and the tracked tar-
get is roughly estimated based on the size of the detection frame area, leading to significant estimation
errors and inadequate tracking performance in the target of target motion. Addressing these limitations,
this paper proposes a target tracking method based on multi-sensor information. By integrating an ultra-
sonic sensor, accurate distance information of the target is obtained [29]. The direction information of the
target is obtained through visual sensor data. The mobile robot uses the visual and distance information
to implement target tracking using the PID control method.

The pivotal aspect of the target tracking process in this paper involves processing the coordinates of
the detected target frame, which are subsequently utilized as input for tracking control. The result of
target detection returns the coordinates (x;, y;) of the upper-left corner of the target frame and the width
W and height H of the target frame, as shown in Figure 4.

According to the needs of tracking control input, the coordinates of the center of the target frame
(%7, ¥x) need to be calculated, and the calculation formulas are shown in Eqgs. (4) and (5).

X =%+ (W/2) )
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Figure 5. Control schematic of target tracking.

Ve =yr+ (H/2) ©)

Target tracking control is primarily divided into left-right direction control and forward-backward
distance control. The main objective of left-right direction control is to maintain the detected target
frame within the central region of the video frame captured by the camera. The schematic diagram
illustrating the left-right direction control for target tracking is depicted in Figure 5.

According to Figure 5, this is achieved by pre-setting a suitable directional threshold X7, which
is relative to the width of the detection window and ranges between 0 and 1. Then the deviation Xp,,
between the center of the target frame and the center of the video frame in the X-coordinate direction is
calculated, and the formula for the deviation Xp,, is shown in Eq. (6).

XDev = (.Xf(/W) —-0.5 (6)

The left-right tracking motion of the robot is controlled by comparing whether the deviation Xp,, is
within the threshold X7,,. The control command for left-right direction tracking is Cyirecrion, Shown in Eq.

().

turn  left if  Xpe, < —Xgu
Cliireciion = § move  forward/backward if  |Xp.,| < X, )
turn  right if  Xpe > Xo

It is worth mentioning that the control output in the left-right direction is based on the action time
input to the motor, which is adjusted by the magnitude of the deviation d;..,- The calculation formula
of dieciion 18 shown in Eq. (8).

ddirection = |Xdev| - XTaI (8)

In general, the larger the value of the deviation d;,..;i.n, the larger the output motor action time #y;,,ion,
and vice versa. There is a linear relationship between ?cciion a0d dyirecrion With a coefficient k, which is
determined according to the actual situation, the formula is shown in Eq. (9).

tdircclion =k x dd[recl[rm (9)

The forward-backward distance control of target tracking is to make the mobile robot always keep
a suitable and safe distance from the target in the process of target tracking, so as to achieve a safe
and effective tracking effect. The prerequisite for the forward-backward distance control is that |Xp,, |
is less than X7, after the mobile robot has completed the current direction control. The hardware basis
for distance control of target tracking is an ultrasonic sensor. The principle of distance measurement by
ultrasonic sensors is shown in Figure 6.

As in Figure 6 the ultrasonic sensor has an ultrasonic transmitter and an ultrasonic receiver. The
distance between the ultrasonic sensor and the target can be measured by recording each ultrasonic
emission moment £, s and ultrasonic reception moment #,...., combined with the acoustic velocity v
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The formula for calculating the measurement distance d is shown in Eq. (10).

d = [(trezreiver - ttmmmitter) X V] /2 (10)

A suitable safety distance (D, Dmay) is predetermined, and then the distance d between the mobile
robot and the measured target is measured with the help of ultrasonic sensors. The forward-backward
distance control of the mobile robot is performed by comparing d with (Dp,, Dimax)- The control com-
mand for forward-backward distance tracking is Cigance, and the calculation formula is shown in Eq. (11).

move forward if d > Dy,
Cdismnce = smp lf Dmin S d E Dmax (1 1)
move backward if d < Dy,

It should be noted that the forward-backward distance control of target tracking is implemented on
the basis of | X, | < X7

This paper aims to implement a trajectory-tracking controller through MPC, with the core objective
of achieving high-precision trajectory-tracking control by using control inputs with minimal and smooth
variations. Specifically, this means that at each moment, the robot’s state £ should be able to accurately
track the reference state &,. Meanwhile, the robot’s input control u should remain as close as possible
to the reference control #, while maintaining minimal variation, subject to system constraints. Based on
the above analysis of the MPC strategy, the optimization objective function in the rolling optimization
process can be formulated as a function of the robot’s state £ and input control «, as shown in Eq. (12):

Eou) =115 = &l5+ lu—u iz 12)

where Q and R represent the weight matrices, which are typically semi-positive definite matrices
(Q=>0,R>0), and are adjusted to change the weight coefficients of different state and control terms
according to specific needs. Specifically, Q is used to weight the state tracking errors. By properly set-
ting the elements in Q, the importance of specific state variables can be emphasized or reduced, thereby
achieving differentiated control of different state variables. Similarly, R is used to penalize the varia-
tions in control inputs. By adjusting the weight coefficients in R, the smoothness and magnitude of the
control inputs can be controlled to prevent excessive control actions from having a negative impact on
the system. By solving for the minimum value of the optimization objective function shown in Eq. (12),
a series of optimal control sequences are obtained, as shown in Eq. (13):

u* =argmin, { (§,u)} (13)

The optimization process of MPC can be expressed as follows: at each sampling time k, the
controller based on the current robot state information and constraint conditions, along with the opti-
mization objective function, solves the optimization problem to obtain an optimal control sequence
w* = {u(klk), ..., u(k + N, — 1]k)} and the corresponding minimum objective function cost *(&, u).
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Figure 7. Experimental platform: differential wheel mobile robot based on Raspberry Pi 4B.

3. Experiment and analysis

3.1 Experimental platform

In this paper, a differential wheeled mobile robot based on Raspberry Pi 4B serves as the experimental
platform, as illustrated in Figure 7. The hardware system of the experimental platform in this paper is
designed with three layers: the control system, the embedded computing system, and the remote oper-
ating system. The architecture of the hardware system design is depicted in Figure 8. These three layers
communicate and collaborate to achieve the functions of target detection and tracking control. The exper-
iment aims to recognize faces and load the mentioned algorithm onto a Raspberry Pi-based mobile robot.
The robot’s facial tracking performance is then validated in a laboratory environment without obstacles.

The lower control system primarily includes a drive board, motor driver, motor, and two-dimensional
servo head. It is responsible for controlling the chassis motion and the servo head angle. The upper
embedded computing system consists mainly of a Raspberry Pi 4B, USB camera, and ultrasonic sensor.
Its main function is to execute visual perception algorithms and target-ranging modules. The remote
operation system function is primarily managed by a mobile PC terminal. This layer monitors and
oversees the operational functions of each part of the mobile robot.

In this paper, faces are used as targets in the object-tracking experiments. The target detection and
tracking control system proposed in this paper consists of three main modules: (1) a face detection
module based on an efficient lightweight network; (2) a tracking decision module based on multi-sensor
combination; and (3) a motion control module utilizing an MPC controller. The system flowchart is
illustrated in Figure 9.

As depicted in Figure 9, the process begins with the visual sensor gathering environmental data,
employing an efficient and lightweight method based on enhanced RetinaFace for face detection, while
an ultrasonic sensor measures the distance to the target face. Next, the face information and distance data
are fed into the multi-sensor combination-based face tracking module, which calculates and outputs the
appropriate tracking control commands. Finally, these commands are inputted into the motion control
module, utilizing an MPC controller to achieve precise motion tracking of the detected face.
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Table I. Performance comparison of different face recognition models.

Model APEasy  ApMedom  pApHard  Model Size (MB)  Speed (fps)
RetinaFace (ResNet50) 0.947 0.931 0.845 105.00 0.3
RetinaFace (MobileNet0.25)  0.896 0.872 0.751 1.7 12.5
LFFD 0.910 0.881 0.780 9.00 2

The proposed algorithm 0.908 0.886 0.762 1.71 12

3.2. Target recognition experiment

3.2.1. Data set

In this paper, the WIDER FACE [30] dataset is used to train and test the face detection algorithm.
The WIDER FACE dataset comprises 32,203 images with 393,703 annotated faces across 60 event
categories. Each event category includes subsets categorized into three detection difficulty levels: Easy,
Medium, and Hard. This categorization enables a detailed and nuanced evaluation of face detection
performance. According to the official WIDER FACE dataset standards, the images are divided into
training, validation, and test sets in a ratio of 4:1:5.

3.2.2. Evaluation indicators

In the context of face tracking control experiments on a Raspberry Pi using a deployed face detection
model, two key metrics, AP (Average Precision) and fps (frames per second), are employed to evaluate
the model’s performance. AP measures the average accuracy rate, indicating the proportion of success-
fully identified samples among all recognized samples (N) (as depicted in Eq. (16)). Additionally, AP
corresponds to the area under the Precision-Recall (P-R) curve, serving as an evaluation metric for face
detection accuracy. Here, Precision (P) refers to the proportion of images with correctly detected faces
out of all images with detected faces, and Recall (R) indicates the proportion of images correctly detect-
ing faces out of all images containing faces. The formulas for calculating P and R are provided in Egs.
(14) and (15), respectively.

TP

Precision= —— (14)
TP+ FP
TP
Recall = —— (15)
TP+ FN
AP 1i(P ision;) (16)
=— recision;
N i=1

Typically, fps is generally used as an important indicator of detection speed. fps is the number of
frames per second, which is how many images are processed per second. The units of fps are f - 57,
and f represents the number of frames processed. Higher fps means faster detection and better real-time
performance.

3.2.3. Experimental results and analysis

Firstly, the proposed face detection method RetinaFace (MobileNet0.25) + ECAM was evaluated using
the WIDER FACE validation dataset, comparing its detection accuracy with RetinaFace [31, 32] and
LFFD [29] methods. Secondly, models trained based on these methods were quantized to measure their
model size. Finally, these models were deployed on a Raspberry Pi 4B using a lightweight deployment
method (refer to Section 2.1.4 for details) to compare their detection speeds. Compare the performance
of these methods in terms of AP, model size, and detection speed on Raspberry Pi 4B, as shown in
Table 1.
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Table I1. Results of model ablation experiments.
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a i 0.896 0.865 0.731
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Figure 10. P-R curves of several face detection algorithms on the WIDER FACE validation set (a) Easy
set (b) Medium set (c) Hard set.

Table I illustrates that the face detection method introduced in this paper exhibits superior overall per-
formance and broader applicability. While the proposed method does not match RetinaFace (ResNet50)
in detection accuracy, its lightweight backbone network based on depthwise separable convolution
significantly reduces network parameters and model size. This reduction enhances its suitability for real-
time face-tracking tasks. Furthermore, compared to RetinaFace (MobileNet0.25), the proposed method
incorporates an attention mechanism to boost network efficiency, resulting in notable accuracy improve-
ments. Specifically, average accuracies on the easy, medium, and hard datasets of the WIDER FACE
validation partition increased by 1.2%, 1.4%, and 1.1%, respectively. Overall, the proposed method
achieves a balanced blend of detection accuracy and speed, making it highly suitable for embedded appli-
cations. This capability is crucial for deploying face detection systems on low-performance embedded
devices.

To provide a more intuitive comparison of the accuracy between the proposed algorithm and other
algorithms, the target recognition results of the proposed algorithm and other algorithms on the three
validation subsets of WIDER FACE are shown using P-R curves, as illustrated in Figure 10.

To further test the performance of the mentioned algorithm, this paper conducts ablation experi-
ments based on the RetinaFace network architecture, using MobileNet(0.25 as the backbone for feature
extraction. The experiments verify the effectiveness of the efficient channel attention module ECANet
and the improved loss function CIoU Loss. The experimental data are shown in Table II. The ablation
experiment P-R curve on the WIDER FACE validation set is shown in Figure 11.

From the data in Table II, it can be seen that after using the MobileNet0.25 lightweight network as
the feature extraction backbone, the model’s average precision on the three difficulty validation subsets
of WIDER FACE are 0.882, 0.838, and 0.680, respectively. Compared to face detection models with
heavyweight backbone networks, its detection accuracy has not yet reached the expected performance
in practical application scenarios. After introducing the efficient channel attention module ECANet
after the backbone network, the model’s detection accuracy on the three difficulty validation subsets
of WIDER FACE improved by 1.4%, 2.7%, and 5.1%, respectively. The experimental results demon-
strate that the proposed ECANet module significantly enhances face detection accuracy, particularly in
terms of improving the detection accuracy of complex faces in the challenging subsets. This improve-
ment is due to the integration of the attention mechanism, which enables the network to focus more
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Table II1. Algorithm performance on different hardware platforms.

Parameter Average calculation Maximum single
Platforms time calculation time
MPC with single information input 8.79 ms 14.92 ms
Our algorithm 6.63 ms 11.24 ms
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Figure 11. P-R curves of ablation experiment results on the WIDER FACE validation set (a) Easy set
(b) Medium set (c) Hard set.

on the important channel features for face detection. By optimizing the face bounding box loss func-
tion with CloU Loss, the proposed method achieved improvements in average precision of 1.2%, 2.1%,
and 3.2% on the three difficulty validation subsets of WIDER FACE, demonstrating the effectiveness
of CloU Loss in enhancing face localization accuracy and detection rate. Overall, the proposed model,
based on improvements to the RetinaFace network architecture, achieved average precision increases
of 2.6%, 4.8%, and 8.3% on the three difficulty validation subsets of WIDER FACE. Therefore, the
experimental results fully validate the effectiveness of the proposed improvement module based on the
RetinaFace network in enhancing face detection performance.

3.3. Target tracking control simulation and experiment

3.3.1. Target tracking control simulation

The target direction and distance information are simultaneously input into the MPC control function
for circular trajectory tracking simulation. The tracking performance is compared with the MPC method
that only uses direction information as input under the same experimental conditions. The trajectory
tracking results are shown in Figure 12, while the comparison of the controller’s computation time
for all time steps during the tracking process is presented in the scatter plot in Figure 13. From the
performance comparison in Figure 12, it can be seen that the proposed method, compared to the MPC
method with single information input, exhibits excellent tracking performance for the circular trajectory.
Both methods follow the reference trajectory almost simultaneously and maintain stability once the
trajectory is tracked, verifying that the proposed algorithm can effectively and stably track the reference
trajectory, demonstrating good tracking performance. As shown in Figure 13, the proposed algorithm,
compared to the MPC method with single information input, has shorter solution times for each time
step throughout the entire tracking process, resulting in overall faster computation speed and significantly
improved computational performance.

In order to better validate the superiority of the algorithm presented in this paper, the average com-
putation time and the maximum computation time for a single run during the entire trajectory tracking
control process were recorded. The comparison of computation times between the two methods is shown
in Table III. It can be seen that the average computation time of the method in this paper is reduced
by 24.57% and the maximum single computation time is reduced by 24.66% compared to the MPC
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Figure 13. Comparison scatterplot of controller computation time.

method with single information input. The experimental results demonstrate that the proposed algorithm
shortens the overall computation time and improves the real-time performance of the controller.

3.3.2. Direction tracking experiment

In the face tracking experiments, we utilized the efficient and lightweight face detection model based on
an improved RetinaFace, as proposed in this paper, for face detection. Subsequently, we employed the
face servo tracking method, which integrates vision and ultrasound sensors, also proposed in this paper,
to achieve tracking decision output. According to Section 2, the experiment set the distance threshold in
the X-direction to Xy, = 10%. Xy, is based on the percentage width of the frame captured by the vision
sensor, defining a threshold region spanning 10% width to the left and right of the midline in the X-
direction. The advantage of using percentage thresholds lies in their adaptability to changes in the size
of the face detection window. This adaptive adjustment eliminates the need for manual modifications to
the threshold range when resizing the window. Distance measurement between the mobile robot and the
tracking target was conducted using the HC-SR04 ultrasonic distance sensor. This sensor can accurately
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Figure 14. Direction tracking experiment. (a) Right-turn direction tracking (b) Left-turn direction
tracking.

measure distances from 2cm to 4m with a precision of up to 3 mm, making it both accurate and cost-
effective. For the experiments, the safe distance range between the mobile robot and the face target was
set to 1.3 m—1.5 m, denoted as D,,;,, = 1.3 m and D,,, = 1.5 m.

The experimental scenario and process of directional tracking are depicted in Figure 14. In
Figure 14(a), the target initially positions at the right front of the robot. Once the robot detects the face
and computes the directional deviation, it begins turning right. This continues until the absolute value of
the directional deviation is adjusted within the pre-set directional threshold, aligning the robot directly
toward the target. This signifies the completion of directional tracking through rightward adjustment.

The real-time direction tracking is shown in Figure 15, with a focus on the right-turn direction track-
ing experiment presented in Figure 15(a). Initially, the tracking target is situated in the robot’s right
front, with a directional deviation of X, = —0.27. This value exceeds the absolute directional thresh-
old, necessitating directional adjustments. As the direction tracking progresses, the directional deviation
gradually diminishes, reaching X,,, = —0.05, where the absolute value falls below X, indicating suc-
cessful completion of the direction tracking through a right turn. For left-turn direction tracking, refer to
the experimental setup and real-time detection shown in Figs. 14(b) and 15(b) respectively. Similarly, the
robot detects the face target positioned in front of it on the left, computes the directional deviation, and
achieves real-time and effective directional control through left-turn tracking, ensuring precise tracking
of the target at all times.

Several experiments were conducted on direction tracking, and real-time deviations were generated
by capturing the orientation deviation of the center of the face frame in the X-direction frame by frame
during the tracking process. The direction deviations from these experiments are illustrated in Figure 16.

In the real-time deviation graph, the X-axis represents the number of frames detected and processed,
while the Y-axis depicts the real-time deviation of the center of the face frame from the center of the
video frame along the X-coordinate. The increment in frames from 0 to 120 illustrates the duration
of the face-tracking experiment. Assuming the real-time detection and processing interface operates at
approximately 10 frames per second (fps), processing 120 frames corresponds to approximately 12s. As
the number of frames increases, the phase characterized by increasing absolute deviation reflects rapid
movement of the target in front of the robot, prompting continuous evaluation of the system’s ability to
track the direction of the human face. Conversely, periods where absolute deviation decreases and sta-
bilizes signify the robot’s directional tracking phase, during which directional deviations are adjusted
within predefined thresholds. As illustrated in Figure 13, the target continuously adjusts its position in
front of the robot, enabling the system to perform real-time face detection, calculate directional devi-
ations, and adjust robot steering accordingly. This ensures precise tracking of the target throughout.
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Figure 15. Real-time detection of direction tracking experiment. (a) Right-turn direction tracking (b)

Left-turn direction tracking.
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Figure 16. Real-time deviation of direction tracking. (a) Right-turn direction tracking and (b) Left-turn
direction tracking.

Directional tracking experiments confirm the system’s capability to achieve real-time and effective direc-
tional tracking based on the strategies outlined in this paper, contingent upon successful face detection
by the robot.

3.3.3. Distance tracking experiment
The experimental setup and process of distance tracking are depicted in Figure 17. In Figure 17(a), the
face target initially positions directly in front of the robot, and the distance to the robot exceeds D,,,x =
1.5 m. Upon detecting this, the robot initiates forward movement to track the target until it reaches a safe
distance, then stabilizes its position. Figure 17(b) illustrates a scenario where the target is approaching
the robot, and the robot detects that the distance to the target is less than D,;, = 1.3 m. In response,
the robot moves backward to avoid collision, ensuring it maintains a safe distance within the range
of (1.3 m, 1.5 m).

Figure 18 depicts real-time detection of forward-backward distance tracking. In Figure 18(a), the
robot measures the distance to the face target as 1.66 m, which exceeds D,,x = 1.5 m, prompting it to
move forward to track the target. Figure 18(b) shows the distance measured as 1.25 m, which falls below
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Figure 17. Forward and backward distance tracking experiment.

Figure 18. Real-time detection of distance tracking.

Dy = 1.3 m, indicating the robot moves backward to maintain a distance within (1.3 m, 1.5 m) from
the target.

After conducting multiple experiments, the real-time distance between the robot and the target was
measured frame by frame during distance tracking. A graphical representation of this real-time distance
recording is depicted in Figure 19.

In Figure 19, the X-axis denotes the number of frames detected and processed, with increasing num-
bers representing the passage of time. Assuming a processing fps of around 10, this corresponds to
approximately 20s for 200 frames. The Y-axis shows the distance between the robot and the tracked
target, measured in meters by the ultrasonic sensor. Two blue lines represent the predefined safety dis-
tances, D, and D, respectively. As depicted in Figure 17, regardless of whether the tracked target
approaches or moves away from the robot, ensuring the distance between them does not fall within the
range (Dyin, Dimax)s the system described in this paper can effectively control the robot. This control is
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Table IV. Algorithm performance on different hardware

platforms.

Parameter Decision Delay Accuracy Success
Platforms time time rate rate
STM32 3 ms 0.8s 80.6% 85.4%
ARM 0.08ms 0.1 ms 98.7% 99.2%

Distance Control

1.8
174

1.6 1

15 \W

1.4 1

distance /m

13 \/

1.2

1.1 1

1.0 T T T T T T T
0 25 50 75 100 125 150 175 200

Frame

Figure 19. Real-time distance recording for distance tracking.

achieved by adjusting its forward and backward movements to maintain a safe distance from the target,
thereby achieving effective distance tracking.

The distance tracking experiment demonstrates that accurate measurement of the distance to the
following target can be achieved using an ultrasonic sensor. The tracking strategy proposed in this paper
enables effective distance tracking, allowing the robot to maintain a safe distance from the target and
ensuring precise distance tracking control.

Based on the experiments and data analysis above, it is evident that the multi-sensor combination-
based face-tracking strategy proposed in this paper successfully generates precise and effective tracking
commands. This capability enables the mobile robot to perform real-time and effective motion tracking
of detected face targets. The experimental results validate that the face detection and tracking control
system proposed in this study achieves offline real-time, high-precision face detection and efficiently
tracks detected face targets with accuracy.

To verify the versatility and superiority of the proposed algorithm, tests were conducted on different
hardware platforms. The algorithm was loaded onto the STM32 and ARM, and the performance test
results are shown in Table IV. According to the test results, due to the smaller memory and weaker
task processing capability of the STM32, it was unable to complete the tasks effectively. In contrast, the
ARM performed better than the Raspberry Pi, enabling it to complete the tasks more efficiently. The
experimental results demonstrate that the proposed algorithm has a certain degree of versatility.
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4. Conclusion

This paper focuses on two technologies in mobile robot target tracking control, namely target recog-
nition and tracking control. It mainly studies target detection algorithms based on deep learning and
MPC tracking control algorithms and considers the limited computational performance of mobile robots
by optimizing and improving the algorithms. A four-wheeled differential drive mobile robot based on
Raspberry Pi 4B was built as an experimental platform to validate the mentioned algorithms. The main
contributions of this paper are:

(1) This paper proposes an efficient lightweight method for target recognition based on an enhanced
version of RetinaFace. The approach employs a backbone network utilizing depthwise separable convo-
lutions for feature extraction and incorporates an ECAM. This module reduces the impact of redundant
features while emphasizing crucial channels, thereby decreasing model complexity and enhancing
network efficiency.

(2) To address the issue of a single visual sensor being unable to accurately measure distance in servo
tracking tasks, this paper proposes a simple and effective tracking method that integrates both vision and
ultrasonic sensors. This approach effectively leverages the strengths of both sensors: the visual sensor’s
directional sensing capability and the ultrasonic sensor’s accurate distance measurement.

Experimental results demonstrate that the proposed method outperforms RetinaFace average preci-
sion by 1.2%, 1.4%, and 1.1%, respectively. Also, the model size is only 1.71 MB, which can realize
high-precision and fast face detection in Raspberry Pi 4B. Furthermore, it effectively tracks detected
targets during motion with stability and reliability.

Although the proposed algorithm achieves lightweight implementation and improves target recog-
nition accuracy, it has only been tested in simple scenarios and does not address complex situations
involving obstacles, occlusions, or other challenging environments. Future research will incorporate
factors such as obstacle avoidance into the tracking control, aiming to enhance the adaptability and
safety of mobile robots in complex environments.
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