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Abstract - A well-designed human-machine interface (HMI) facilitates seamless interaction 
between drivers and vehicles, particularly when activating autonomous driving functions. This 
study aims to enhance the HMI of autonomous vehicles by optimizing information interaction 
during driving, using a situational awareness model. To achieve this, the sparrow search algorithm 
and simulated annealing algorithm were employed to evaluate and improve the display of head-up 
display (HUD) interface icons. The results revealed a strong positive correlation between the A1 
and A2 modules, as well as between the A5 and A6 modules, indicating that drivers tend to focus on 
highly correlated modules when engaging with specific elements of the interface. By integrating 
simulated annealing into the sparrow search algorithm, the study achieved the model's optimal 
solution. Notably, the accuracy of speech recognition technology improved from 85.12% to 95.32%, 
and gesture recognition accuracy increased from 80.24% to 90.67%. Additionally, the response 
times of the HMI and touch technology decreased from 0.581s to 0.462s and from 0.302s to 0.212s, 
respectively. These improvements highlight significant gains in both response speed and accuracy. 
The augmented reality HUD, developed based on the situational awareness model, effectively 
enhances user interaction and safety in autonomous vehicles. This study offers a valuable 
framework for designing and evaluating future HMI systems in autonomous driving contexts. 
 
Keywords:  Situational awareness model, AR-HUD, Human-computer interface design, Visual 
area. SA-SSA algorithm 

1. Introduction 
 
The evolution of autonomous driving technology has 
transformed vehicles from mere modes of 
transportation into mobile spaces that integrate 
various intelligent systems [1-2]. In this shift, 
Human-Computer Interface (HCI) design plays a 
crucial role in enhancing both user experience and 
driving safety. Augmented Reality Head-Up Displays 
(AR-HUD), as a cutting-edge HCI technology, offer 
drivers a more intuitive and efficient way to interact 
with information by projecting virtual data onto the 
real-world environment [3-4]. Since drivers have 
varying information needs and processing capacities, 
creating adaptable and personalized HCI systems has 
become a significant research focus. 

Several scholars have explored automotive HCI 
design. Jiang et al. proposed a multi-degree display 
adjustment system using near-field and far-field 
images to improve driver attention and vehicle 
synchronization, optimizing the interactive interface. 

This system-maintained image quality even when the 
optical path shifted by 25mm, enhancing multi-depth 
display [5]. Fan et al. introduced an off-axis reflective 
optical structure based on a dual focal plane display 
for an ideal AR-HUD. This system required multiple 
focal planes to enable basic driver interaction and 
included an automated analysis program to evaluate 
modulation transmission functions and distortion. 
The maximum distortion of far-field and near-field 
images was 3.15% and 3.58%, respectively, meeting 
interaction and display expansion needs [6]. Goodge 
et al. suggested optimizing the display interface 
based on gaze tracking to improve the evaluation of 
driving performance indicators. This method 
enhanced HCI interaction and contributed to safer 
driving and a better user experience [7]. Bing et al. 
developed a real-time system for publishing HCI data 
based on AI-driven behavior recognition, offering 
vehicle position detection, collision warnings, and 
fatigue monitoring. This system improved the HCI 
experience and alleviated drivers' psychological 
burden [8]. 
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The main goal of the research is to propose a new 

human-machine interface design scheme by 
optimizing the situational awareness model and 
combining with AR-HUD technology. At the same 
time, Sparrow Search Algorithm (SSA) combined 
with Simulated Annealing algorithm (SA) is 
introduced to optimize the interface icon and layout. 
This study provides a reference for the development 
direction of future intelligent transportation systems, 
aiming to improve the efficiency of information 
transmission and driving safety by optimizing HCI 
design, while reducing the cognitive load on drivers. 

 

2. Methods and Materials 
2.1Construction based on SA Model 

 
When studying the HCI design of autonomous 

vehicle, it is needed to first understand the SA model 
in depth. As a key theoretical framework for 
understanding how individuals perceive, understand, 
and predict changes in their surrounding 
environment, SA model plays a crucial role in HCI 
design in autonomous vehicle [9-10]. The study 
improved the situational awareness model by 
making decision-making information and action 
sequence information independent of each other and 
situational awareness, and situational awareness as a 
prerequisite for drivers to clarify decision-making 

information and take actions. The improved model 
takes into account the influence of drivers' driving 
experience, memory ability, and information 
processing ability on situational awareness. The SA 
model can be mainly divided into three levels, 
namely perception of elements in the environment, 
understanding of the current situation, and 
prediction of future states. At the perceptual level, 
drivers mainly collect situational information about 
actual road conditions based on their auditory and 
visual systems, including the current driving status of 
vehicles and road congestion. At the level of 
understanding, drivers make corresponding 
judgments and interpretations of the perceived 
information, and take certain measures when 
appropriate, such as reducing speed in advance to 
avoid collisions if there are pedestrians on the 
sidewalk ahead. At the prediction level, based on the 
information of perception and understanding levels, 
necessary measures have been taken for the current 
road condition information, such as the signal light 
ahead turning red and the driver being unable to 
drive through the intersection at the current speed. 
Therefore, the driver takes slow measures to slow 
down to the intersection [11-12]. Improvements have 
been made based on the three-level SA model by 
combining road condition information and 
interaction processes. The improved SA model 
structure is shown in Fig.1. 

 

Ability and 

experience

Information processing

Long-term memory

Automaticity

Goals and 

expectations

Situational awareness 

model
Environment Make a decision Action sequence

Individual factor

Task and system factors

 

Figure 1: The structure diagram of the optimized SA model 
 

In Fig.1, the SA model has been improved to 
ensure that decision information and action sequence 
information are independent of SA. SA, as a 
prerequisite for drivers to clarify decision-making 
information and take corresponding measures, is also 
influenced by the driver's driving experience, 
memory ability, information processing ability, and 
goals. In the SA model, there is a certain functional 
correspondence between SA level and time, which is 
mathematically expressed as formula (1). 
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In formula (1), A  and B  are fitting parameters. 

maxE  is the driver's maximum visual range. RE  is 

the level of effort required for drivers to achieve 
standard awareness. S  is the functional 

relationship. The factors that affect the driver's SA 
driving can mainly be divided into the driver's own 
factors, namely the driver's personal psychological 
and physiological conditions, as well as the 
interaction between the car and the driving 
environment. This includes road congestion and 
traffic flow. The representation of emotional 
awareness mainly depends on the degree to which 
the driver completes the driving task. The current 
methods used for SA mainly include physiological 
indicators, user recall and description, performance, 
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and SA scales. Physiological indicators mainly include 
EEG signals, eye movements, and other physiological 
indicators to determine the driver's SA. User recall 
and description mainly rely on the user's review and 
description of relevant information after the task is 
completed. Performance is evaluated by observing 

users' completion of tasks to assess SA level. The SA 
scale is mainly used by users to conduct 
self-evaluation based on their SA level. The SA model 
is integrated into AR-HUD to optimize HCI design. 
The HCI design of AR-HUD based on SA level 
indicator is shown in Fig.2. 
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Figure 2: HCI design of AR-HUD based on SA level index 
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Figure 3: Crawler-based flowchart 
 
2.2 HCI Evaluation and Optimization Method 

for AR-HUD System 
 
Before designing the interactive interface, it is 

often necessary to build a set of icon samples for the 
AR-HUD interface. This study constructs a crawler 
program based on Python technology to obtain image 
information. The crawler extracts icon samples 
related to driving scenarios from web resources 
based on keyword search and image recognition 
techniques. In addition, icon extraction is optimized 
by combining deep interviews to ensure the quality 
and applicability of the sample set. The program flow 
based on crawlers is shown in Fig.3. 

After constructing the icon sample set based on 
the crawler program, the modules are decomposed 
based on the unique functions of individual icons, 
and icons with similar functions are grouped 
together to complete the construction of the interface 
element sample set. To better select the icon sample 
set, this study optimizes the extraction of icons 
through in-depth interviews. Firstly, relevant 
keywords are extracted, and an icon evaluation index 
acquisition system based on AR-HUD interface is 

constructed from three dimensions: interview 
preparation, interview execution, and interview 
completion. Interview preparation aims to prepare in 
advance for the information that may be obtained 
during the interview, to ensure the smooth progress 
of the interview process. The interview execution 
aims to facilitate effective and easy communication 
with the interviewer. After the interview, the content 
of the interview is organized and keywords are 
extracted. This study introduces the entropy weight 
method to screen the indicators obtained from 
interviews for icons. By standardizing the icon 
samples and then calculating the weight value of each 
index based on information entropy. The 
comprehensive scores of all icons are evaluated by 
linear weighting method, so as to filter out the icons 
with higher importance. The standardization 
operation is carried out first. After standardization, 
individual icons are scored on a percentage scale 
[13-14]. The relevant expression is shown in formula 
(2). 
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In formula (2), ~

abX  is the standardized 

percentage score. abX  is the percentage score for 

the b -th indicator of the first a  icon. max  and 

min are the maximum and minimum values 

respectively. Based on a standardized percentage 
scoring system, the proportion of a single indicator 
under the corresponding icon can be calculated, as 
shown in formula (3). 
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In formula (3), abP  is the proportion of a single 

icon. Based on the definition of information entropy, 
the calculation of information entropy for all 
indicators is shown in formula (4). 
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In formula (4), bE  is the information entropy. 

After obtaining the information entropy of each 
indicator based on formula (4), the expression of the 
weight values of each indicator is further calculated 
as shown in formula (5). 
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In formula (5), k  is the number of icons. Finally, 

based on the weight values of individual indicators, 
the comprehensive score of all icons is evaluated 
using linear weighting method, as shown in formula 
(6). 
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In formula (6), 

aSC  is the comprehensive score 

of the icon. In the interface of AR-HUD, drivers may 
have different levels of attention to different icons 
based on different road conditions. Therefore, this 
study first optimizes the interface layout model based 
on icon importance. After sorting all icons according 
to their importance, the gray weighting method is 
used to represent the frequency of individual icon 
usage, and then the importance of the icons is 
obtained by combining their importance and 
frequency [15-16]. Based on the icon module set and 
the attribute set of the module, the mathematical 
calculation of the ordinal number is shown in 
formula (7). 

 

1

0.5

0

a b

ab a b

a b

T T

c T T

T T

 
 

= = 
 
 

                (7) 

 
In formula (7), T  is the attribute set composed 

of modules. After defining the icon viewing frequency 
rating matrix, and combining the importance level, 
relevance of icon elements, and frequency for 
summation, the mathematical expression of the 
importance of a single icon is shown in formula (8). 
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In formula (8), a  represents the importance of 

the icon module. 1  is the weight value of the icon 

module. 2  is the weight of viewing frequency. aI  

is the importance of the icon module. aR  is the 

viewing frequency of the icon. aK  is the viewing 

frequency rating of the icon. aJ  is the probability of 

module occurrence. Subsequently, optimization is 
carried out for different visual levels of the icon 
module, combining the driver's scanning range with 
the interactive interface to obtain the approximate 
field of view of the AR-HUD interface, as shown in 
Fig.4. 
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Figure 4: Field of view distribution diagram of AR-HUD 
module interface 

 
In Fig. 4, the information modules within the field 

of view are decomposed into six regions, and the area 
of the modules can be calculated based on the basic 
unit area. The expression based on visual allocation is 
shown in formula (9). 
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In formula (9), l  is the edge length of the basic cell. 

iu  is the importance of the icon module. m  is the 

total number of icon modules. ak  is the level of the 

module in different regions. aS  is the area of the 

icon module. In the design of AR-HUD, a clean 
interface is the key to user choice. This study aims to 
improve the cleanliness and simplicity of the 
interface by aligning icon modules. The calculation 
based on the simplicity of the AR-HUD interface is 
shown in formula (10). 
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In formula (10), sg  is the simplicity of the 

AR-HUD interface. xo  and yo  are the number of 

modules corresponding to the horizontal and vertical 
axes. Finally, an objective function is introduced to 
allocate attention values for interface icons, and the 
equation based on the objective function is shown in 
formula (11). 
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In formula (11), ah  is the distance between icons, 

and 1 , 2 , and 3  are the weight values of each 

indicator. This study introduces SSA to evaluate and 
optimize HCI design. The core idea is to simulate the 
interaction between discoverers and followers during 
the foraging process of sparrows, as well as the 
reaction mechanism of sparrows when facing danger. 
In the algorithm, the sparrow population is divided 
into two roles: discoverer and follower. By simulating 
real hunting scenarios, the sparrow's danger warning 
mechanism is added [17-18]. Firstly, the population is 
initialized by defining the search space as R  
dimensions and the population size as m . The 
mathematical expression based on this population is 
shown in formula (12). 

 

1 2[ , , ], 1,2,a a a aRY y y y a m=  =          (12) 

 

In formula (12), aby  is the b -th dimensional 

position where the first a  sparrows are located. 
After obtaining the position of sparrows in the 
population, the fitness value of sparrows is shown in 
formula (13). 
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After the initialization of the population is 

completed, the first step is to update the position of 
the discoverer, as shown in formula (14). 
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In formula (14), t  is the number of iterations. 

maxIter  is the maximum number of iterations.   is a 

random number between 0-1. War  is the warning 

value. ST  is a security parameter. Q  is a random 

number that follows a normal distribution. 
T

 is the 

matrix of 
1 r

. Secondly, the position of the joiners 

has been updated, as shown in formula (15). 
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In formula (15), 

pY  is the optimal position of the 

discoverer at the current stage. 
worstY  is the worst 

position in the entire space. Finally, the location of 
the warning agent is updated, and the result is shown 
in formula (16). 
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In formula (16), 

bestY  is the global optimal 

position.   is the step size control parameter.   is 

a constant that ensures the denominator is not zero. 

af  is the fitness value of a single sparrow. 
gf  and 

wf  are currently the best and worst cases. 

Considering that SSA is prone to getting stuck in local 

optima, this study introduces Simulated Annealing 

(SA) algorithm to optimize SSA. Using the global 

optimization capability of SA and the fast 

convergence characteristics of SSA to optimize the 

interface icon layout, avoiding the problem that SSA 

may fall into the local optimum when used alone. The 

Metropolis criterion based on SA algorithm is shown 

in formula (17). 
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In formula (17), 

T
 is temperature. 

newx  and 

oldx  are the new and current solutions. 
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2.3 Analysis of HCI Design Based on AR-HUD 
 
After determining the optimization method for 

the interactive interface, based on the situational 
information of road conditions, the AR-HUD interface 
can be combined with SA to divide the AR-HUD 
system interface into six parts. The first part is the 
user status information column. After the driver 
monitoring system performs image recognition on 
the driver's facial features, it uses real-time 
intelligent analysis to determine whether the driver 
is in dangerous situations such as distracted driving 
or making phone calls. If there is a dangerous 
situation, the AR-HUD interface is used for real-time 
alarm. The second part is the vehicle status 
information section, which reflects information such 
as vehicle speed, fuel level, and mileage. The third 
part is vehicle maintenance information, relying on 
driving assistance systems and collision warning 
systems, detecting the position relationship between 
vehicles, pedestrians, and other vehicles through 
radar information and infrared camera technology, 
and displaying it through the AR-HUD interface.  
The fourth part is the vehicle braking information, 

mainly including deceleration icons and emergency 
braking.  

The fifth part is environmental status information, 
which provides traffic information to drivers through 
road traffic signs and is displayed in the AR-HUD 
interface. The sixth part is an environmental warning 
system based on blind spot monitoring and 
panoramic imaging, which alerts drivers to the risks 
around the vehicle through cameras around the 
vehicle. After confirming the components of the 
AR-HUD interface, this study refers to the AR-HUD 
information interface of several typical car models, as 
shown in Fig.5. 

In Fig. 5, although the AR-HUD interfaces of the 
four typical vehicle models are presented in different 
ways, the modules included are basically the same, all 
of which involve driving information, current speed, 
path planning, fuel consumption, etc. However, 
overall there is a lack of display of driver 
entertainment behaviors, such as current music, 
video information, etc. Based on the AR-HUD 
interfaces of various vehicle models, this study 
ultimately designs an interface layout diagram based 
on AR-HUD, as shown in Fig.6. 

 

(a) Benz (b) Rising auto

(c) Volkswagen (d) Chery AUTOMOBILE Co., Ltd

 

Figure 5: AR-HUD interface diagram of a typical vehicle 
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Figure 6: Layout design based on AR-HUD interface information 
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Figure 6 shows the layout design of the AR-HUD 
interface information. Among them, A1 is located in 
the lower center of the interface, which is mainly 
used to display the current state of the vehicle, such 
as speed, fuel, mileage and other basic information, 
which is one of the most frequently viewed 
information by the driver, and provides immediate 
feedback on the running status of the vehicle. A2 is 
located in the center of the interface and is mainly 
used to display environmental information around 
the vehicle, such as traffic signs, road conditions, 
weather, etc., which helps drivers understand the 
current driving environment and make 
corresponding driving decisions. Located in the lower 
right corner of the interface, A3 provides detailed 
vehicle status information, such as engine status, fault 
warnings, etc., which is crucial for drivers who need 

to monitor the health of the vehicle. A4 is located in 
the lower left corner of the interface and mainly 
displays whether there are other vehicles or obstacles 
in the blind zone of the vehicle, which can improve 
the safety of driving, especially when changing lanes 
or overtaking. A5 is located in the left center of the 
interface, which is mainly used to display the braking 
status of the vehicle, such as emergency braking 
warning, braking system status, etc., which plays an 
important role in preventing accidents and improving 
driving safety. A6, located in the upper left corner of 
the interface, is mainly used to monitor the driver's 
state, such as fatigue, concentration, etc. By 
monitoring the driver's state, the system can provide 
corresponding warnings or suggestions to improve 
driving safety. Finally, the specific flow of the 
research work is shown in Figure 7. 
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Figure 7: Human Machine Interface Design Process for Autonomous Vehicles 
 

In Fig. 7, the human-computer interface design is 
initially optimized based on the situational awareness 
model. Secondly, the icon samples are obtained 
through the crawler program, and the icon extraction 
is optimized based on the in-depth interview to 
complete the construction of the icon sample set; 
subsequently, the entropy weighting method is used 
to filter and evaluate the icons to complete the icon 
evaluation and filtering; immediately after that, based 

on the division of the visual area of the AR-HUD 
interface, the correlation between the modules is 
analyzed to complete the visual area analysis; the 
interface layout is optimized using the SA-SSA 
algorithm; finally, the user testing of the optimized 
interface is conducted to evaluate the effectiveness of 
the design. Finally, the optimized interface is tested 
by users to evaluate the effectiveness of the design. 

 

3. Results 
3.1 Visual Region Analysis Based on AR-HUD 

Interface 
 
Based on the AR-HUD interface diagram 

constructed above, the visual center is defined as the 
coordinate origin. After constructing a 2D coordinate 
system, the A1-A6 areas are coordinated. Table 1 
shows the size information of each module based on 
the AR-HUD interface. 
 

Table1. Detailed dimensional information for the 
module 

Module/mm Length Width Area 

A1 70/250 250 40000 

A2 250 150 37500 

A3 250 80 20000 

A4 250 80 20000 

A5 300 50 15000 

A6 550 50 27500 
 

After coordinating the modules based on the 
information in Table 1, 30 experts are selected to 
score individual modules on the AR-HUD interface. 
After constructing the matrix of module importance 
and viewing frequency, the comprehensive 
importance of six modules is constructed based on 
the importance and viewing matrix, as shown in 
Fig.8. 

Figs.8 (a) and (b) compare the importance and 
viewing frequency of modules A1-A3 and A4-A6. In 
Fig.8 (a), the values of the basic importance and total 
importance A2 modules are both at the highest level, 
with values of 0.220 and 0.213. At the same time, the 
area with the highest viewing frequency is the A1 
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area, with a value of 0.225. In Fig.8 (b), the 
importance and viewing frequency of the A4 area are 
higher than those of the other areas, with basic 
importance, viewing frequency, and total importance 
values of 0.181, 0.164, and 0.171. In summary, the 
correlation analysis results show that the interface 
reaction time, touch technology reaction time and 
sight off road time are significantly reduced after 
optimization by the SA-SSA algorithm.  

This indicates that the optimized interface has a 
significant improvement in reaction speed as well as 
accuracy, which can effectively improve the 
interaction experience and safety of self-driving cars. 
This study further calculates the correlation 
coefficients between modules based on the cognitive 
abilities of drivers during the driving process, as 
shown in Table 2. 
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Figure 8: Icon module importance index and viewing frequency comparison 
 

Table 2. Correlation coefficient between modules 

Chart information module A1 A2 A3 A4 A5 A6 

A1 1 0.906 0.571 0.690 0.341 0.356 

A2 0.906 1 0.535 0.702 0.424 0.463 

A3 0.571 0.535 1 0.547 0.289 0.428 

A4 0.69 0.702 0.547 1 0.357 0.430 

A5 0.341 0.424 0.289 0.357 1 0.746 

A6 0.356 0.463 0.428 0.43 0.746 1 

 
Table 2 shows the correlation coefficients 

between each module. The correlation coefficient 

ranges from 0 to 1, and the closer the value is to 1, 

the higher the degree of correlation between the two. 

The correlation coefficient between modules mostly 

ranges from 0.4 to 0.6. The correlation coefficient 

between A1 and A2 is 0.906, indicating a strong 

positive correlation, meaning that users have a high 

probability of watching the other module when 

watching either A1 or A2 module. In addition, the 

correlation coefficient between A5 and A6 modules is 

0.746, indicating a strong positive correlation 

between the two. This indicates that there is a high 

correlation between modules A1 and A2, as well as 

A5 and A6. Drivers may also pay attention to module 

information with higher correlation while 

understanding the corresponding module 

information. 

3.2 Optimization Analysis of HCI Based on 
SA-SSA Algorithm 

 
Based on the above module coordinate system, 

the SA-SSA algorithm is used to obtain the optimal 
solution for the model. The parameter settings based 
on SA-SSA are as follows: population size of 100, 
safety factor of 0.6, initial and ending temperatures 
of 100 and 0.001, decay rate of 0.85, proportion of 
discoverers of 0.2, and proportion of warning 
persons of 0.1. Table 3 presents the optimal solutions 
based on each module. 

In Table 3, Xup and Xdown represent the range of 
values for the upper and lower boundaries of the 
module based on the x-axis. Yup and Ydown are the 
values of the upper and lower boundaries of the 
model based on the Y-axis. The Xup and Xdown 
values of modules A1 and A2 exhibit an inverse 
relationship, meaning that the distribution of A1 and 
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A2 is axisymmetric with respect to the Y-axis. The 
field of view in this area is good, making it convenient 
for drivers to view the corresponding module data in 
real-time. Secondly, the positional information of A3 
and A4 is distributed on both sides of the x-axis, 
exhibiting a mirror symmetric relationship with 
respect to the y-axis. The distribution of A5 and A6 
does not show any symmetry, but they are located at 
the same horizontal level, which is convenient for 
drivers to observe. The HCI distribution of each 
module in autonomous vehicle obtained by SA-SSA 
algorithm is more reasonable. By placing modules 

with high relevance in visually closer proximity, the 
driver's line-of-sight movement and cognitive load 
can be reduced and interaction efficiency can be 
improved. By analyzing the data on the distribution 
of modules, researchers can better understand how 
much attention users pay to each module and the 
importance of these modules in user interface design. 
This information is important for optimizing the 
AR-HUD interface design and improving the 
interaction experience and safety of self-driving cars. 
 This study further examines the stability and 
computational efficiency of SA-SSA, as shown in Fig.9. 

 
Table 3. Comparison of optimal solution of module coordinate information 

Module coordinate information Xup Xdown Yup Ydown 

A1 -40.11~40.11 -120.12~120.12 0 -240.12 

A2 -120.12~120.12 -120.12~120.12 160.24 21.02 

A3 160.22~423.12 160.22~423.12 -42.58 -122.25 

A4 -423.12-160.22 -423.12-160.22 -42.58 -122.25 

A5 -423.12-160.22 -423.12-160.22 200.36 240.12 

A6 -112.56~438.58 -112.56~438.58 200.36 240.12 
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Figure 9: The target value of algorithm is compared with the accuracy curve 
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Figure 10: Comparison of time and accuracy before and after optimization 
 
Figs.9 (a) and (b) compare the target values and 

accuracy curves of four algorithms. In Fig.9 (a), the 
SA-SSA algorithm converges after 60 iterations, and 

the target value converges to around 7.22, which is 
higher than other algorithms. Due to the lack of SA 
algorithm optimization, the difference between SSA 
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and SA-SSA in terms of target value convergence is 
relatively small. As GA and GWO iterate, there is a 
certain fluctuation in the target values, and their 
target values eventually converge to around 5.98 and 
5.74. In Fig.9 (b), the accuracy of SA-SSA is 
significantly higher than other algorithms after 
convergence, with a value of 95.89%. Next is SSA, 
which converges at iteration 120 with an accuracy 
rate of around 88.36%. There is a certain degree of 
fluctuation in the accuracy curves of GA and GWO, 
with accuracies of 84.97% and 85.21% at iteration 
200. In conclusion, SA-SSA algorithm has significant 
advantages in the process of solving the model, and 
the design scheme of HCI module of autonomous 
vehicle based on this algorithm is more excellent. 
Finally, this study selects 200 college students with 
over 1 year of driving experience and no color 
weakness to evaluate the interface parameters 
before and after optimization, as shown in Fig.10. 

Fig.10 (a) shows the comparison of voice gesture 
accuracy and user satisfaction of autonomous vehicle 
before and after HCI optimization. The accuracy of 
optimized speech recognition technology has 
increased from 85.12% to 95.32%, it shows that the 
optimized interface is more accurate in speech 
recognition, and the user has a higher success rate of 
interacting with the system through voice commands. 
Gesture recognition technology has increased from 
80.24% to 90.67%, it shows that the optimized 
interface also improves gesture recognition, and the 
accuracy of user control through gesture is increased. 
User satisfaction has increased from 70% to 85%. 
Fig.10 (b) shows the comparison of time before and 
after interface design optimization. The interface 
response, touch technology response, and line of 
sight departure time decrease from 0.581s to 0.462s, 
0.302s to 0.212s, and 2.181s to 1.803s, respectively. It 
shows that the system responds to the user's 
operation faster, which can reduce the user's waiting 
time and improve the interaction efficiency. At the 
same time, users take their eyes off the road for less 
time while viewing interface information, thus 
reducing driving risks. In conclusion, after 
optimization, the recognition accuracy and response 
time of autonomous vehicle HCI have been optimized, 
which can provide more effective information and 
comfortable experience for drivers. 
 

4. Discussion 
 
This study improved the SA model by separating 
decision information and action sequence 
information from SA, reflecting the prerequisite of SA 
in drivers making decision information and taking 
corresponding measures. It obtains a set of icon 
samples by building a crawler program, and 
optimizes icon extraction through in-depth 
interviews. It uses entropy weight method to screen 
and evaluate icons. This process not only improves 

the quality and applicability of the icon sample set, 
but also characterizes the comprehensive score of 
the icon through the calculation of information 
entropy and weight values. By analyzing the visual 
area of the AR-HUD interface, it was found that there 
is a strong positive correlation between modules A1 
and A2, A5 and A6. This indicates that when the 
driver payed attention to a module, he was likely to 
pay attention to the module with high correlation, 
which is of great significance for the information 
layout in the interface design. In algorithm 
optimization analysis, the SA-SSA algorithm 
outperformed the comparison algorithms in terms of 
iteration times and target values when seeking the 
optimal solution for the model. In the optimized 
interface parameter evaluation, the accuracy of 
speech recognition and gesture recognition 
technology increased from 85.12% to 95.32%, 
80.24% to 90.67%, and user satisfaction increased 
from 70% to 85%. In addition, the interface response 
time, touch technology response time, and line of 
sight departure time have all been significantly 
reduced. Yamin P A R et al. improved automotive HCI 
based on AR-HUD. Similar to the research, this study 
designed 9 criteria that divided the area into vehicle 
status information, environmental information, and 
user information. These modules were also involved 
in the research. At the same time, this study 
discussed the possibility of machine learning 
algorithms optimizing HCI and demonstrated the 
effectiveness of using SA-SSA to optimize page layout 
[19]. Wu Z et al. evaluated the assisted-driving effects 
of different AR-HUD based on the SA model. This 
study indicated that in HCI, the importance of vehicle 
maintenance information was highest. This is 
consistent with the data results regarding A1 in this 
study. This study revealed that the importance of 
user information modules in HCI is relatively low, 
which is also addressed in the research results [20]. In 
conclusion, the AR-HUD design based on SA model 
can effectively improve the interactive experience 
and safety of autonomous vehicle. The application of 
SA-SSA algorithm further proves the effectiveness of 
the optimization scheme. In addition, considering 
that the driving scenarios of self-driving cars change 
dynamically, future research can explore the 
development of dynamic adaptive AR-HUD interfaces, 
which can automatically adjust the interface layout 
and information display according to the real-time 
road conditions and the driver's state (e.g., fatigue, 
concentration level), which will help to further 
reduce the cognitive load on the driver and improve 
driving safety. Meanwhile, HMI design for 
autonomous vehicles involves multiple disciplines 
such as psychology, cognitive science, computer 
science and traffic engineering, etc. Strengthening 
interdisciplinary cooperation and optimizing HMI 
design from a multidisciplinary perspective can 
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provide more comprehensive support for the user 
experience and safety of autonomous vehicles. 
 

5. Conclusions 
 

This research deeply discussed the HCI design in 
autonomous vehicle, and proposed a new interface 
design scheme by optimizing the SA model and 
combining AR-HUD technology. Based on the SA-SSA 
algorithm, the HCI module was optimized and 
designed, and it was found that the optimized HCI 
page can provide more assistance for drivers' driving. 
Strong correlation between modules provides an 
important guideline for interface design. During the 
information layout, modules with high correlation 
should be placed in visually closer positions to 
reduce the driver's visual movement and cognitive 
load. Meanwhile the numerical results show that the 
optimized interface achieves significant 
improvement in both accuracy and response time. 
For example, the significant improvement in voice 
recognition accuracy means that the system is able to 
understand commands more accurately when the 
driver uses the voice interaction function, reducing 
the risk of misuse. The shortened response time of 
the interface shows that the system can respond to 
the driver's operation more quickly, reducing the 
waiting time for the driver and improving the 
efficiency of the interaction. Although this study has 
achieved certain results, there are still some 
limitations. The research sample may not be broad 
enough, as it mainly focuses on college students with 
certain driving experience, which may limit the 
generalizability of the research results. In addition, 
the complexity of the actual driving environment far 
exceeds laboratory conditions, so further 
adjustments and optimizations may be needed in 
practical applications. Future research can expand 
the data sample to include drivers of different ages, 
genders, and driving experiences, to improve the 
representativeness and applicability of research 
results. More advanced algorithms and AI 
technologies can also be introduced to further 
improve the performance and user experience of 
autonomous vehicle HCI. 
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