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With the development of vehicle intelligence, the in-vehicle interaction system becomes an important means of information exchange between drivers
and vehicles. The traditional in-vehicle interaction system has problems such as inaccurate information display and poor user experience. The purpose
of this study is to use the algorithm optimization of artificial intelligence to improve the interface display of in-vehicle interaction system, enhance the
user experience and improve safety. Firstly, the user’s preferences, habits and needs are determined; these will constitute the original user data set,
and deep learning algorithms are used to construct the user profile in order to optimize the personalized interface. After that, wavelet transform was
applied to carry out multi-scale redrawing and rendering of images to enhance the visual effect of interface image display. Finally, a collaborative
filtering algorithm was used to construct an intelligent recommendation model. The items in the recommendation set were arranged according to
the weighted degree of recommendation from the largest to the smallest, so as to realize the intelligent recommendation and optimization of the
interface information being displayed. In order to verify the effect of the interface display optimization algorithm of in-vehicle interaction system
based on artificial intelligence, this study evaluated the optimized display interface in terms of user satisfaction, operation efficiency, error rate and
interaction effect. The evaluation results showed that in the user satisfaction survey, the proportion of users who are satisfied and very satisfied with
the personalized level, comfort level, and information readability of the optimized display interface was 61.0%, 50.5%, and 50.0%, respectively.
The research results indicate that the interface display optimization algorithm based on artificial intelligence for in-vehicle interaction systems can
effectively meet the different needs of users and help improve the safety of the driver.
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1. INTRODUCTION

With the development of information technology, in-vehicle
interaction systems have been widely used [1]. However, due
to the diverse functions of automobiles and the complex traffic
environment, the display interface of in-vehicle interaction
systems still has certain defects in terms of practical use, such
as excessive information capacity, poor image data display,
and failure to consider the special characteristics of elderly
users, all of which has a great impact on user experience
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and safe driving. Therefore, user-centered optimization of
the interface display of in-vehicle interaction systems has
become an important direction for the development of vehicle
intelligence [2]. With the mature development of computer
science theory, artificial intelligence technology has achieved
great success [3–4]. It has high adaptability and accuracy.
Artificial intelligence technology is the core when designing
optimization algorithms for the interface display of the in-
vehicle interaction system, in order to display information
that better meets user needs, and achieve personalized
information recommendation and accurate image recognition
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and classification. This has important practical significance
and value for improving the visual effect of interface display,
improving driving safety, and enhancing user satisfaction.

With the development of intelligent vehicles, the role of
in-vehicle interaction systems in improving user-vehicle inter-
action is becoming increasingly significant. Zhang explored
the optimization of information exchange in-vehicle interac-
tion systems and proposed an adaptive backoff algorithm.
This algorithm considered the number of retransmissions
and the level of network busyness to select an appropriate
competition window. Finally, he used network simulation
tools to simulate different scene models of in-vehicle self-
organizing networks and studied the impact of different
access modes on service quality. The simulation results
showed that this algorithm can significantly improve the
packet loss rate by sacrificing smaller latency when there
are more vehicle nodes [5]. Detjen Henrik analyzed human
needs and system acceptance in the context of automated
driving. After that, based on the literature review, the
current interaction between the driver in the vehicle and
the vehicle, as well as related human performance issues,
were summarized [6]. Liao Yuan conducted a cross-regional
study on driving behavior and technology preferences in
typical driving scenarios through operational tests, which
contributed to the optimal design of the in-vehicle interaction
system. Yuan found that users’ preferences for the functions
of the in-vehicle interaction system were related to relative
driving risk perception and decision-making, thus providing a
reference for the optimal design of the in-vehicle interaction
system [7]. Zeng Qingshu developed an integrated evaluation
hierarchy and corresponding set of integrated evaluation
carriers and decision modes for an in-vehicle interaction
system to improve the interaction experience and usability of
the HMI (Human Machine Interface) interface, and conducted
a comprehensive evaluation of the rapid prototype electric
vehicle user interface, thereby improving the quality of inter-
action system design [8]. Currently, in-vehicle interaction
systems have made good progress, but with the complex
development of vehicle driving environments, appropriate
improvements and optimizations need to be made in the design
of in-vehicle interaction systems. Current research has not
taken into account the issue of user comfort when driving.

The development of artificial intelligence technology pro-
vides more opportunities for optimizing in-vehicle interaction
systems. Jianan Lyu believed that the widespread application
of intelligent technology in automobiles has brought about
significant changes in human-computer interaction. He
studied the impact of human-computer interaction mode on
driving safety, comfort and efficiency from the perspectives
of physical interaction of artificial intelligence, touch screen
control interaction, augmented reality, etc. Finally, he
proposed a human-computer interaction design method for
on-board systems based on existing technologies, which
has certain guiding significance for the current design of
human-computer interaction interface for on-board systems
[9]. Liu Baojing proposed an artificial-intelligence-based
in-vehicle interaction system that combines high-speed,
robust, and low latency networks with artificial intelligence
technology. The in-vehicle interaction system was optimized
through intelligent image analysis and fifth generation mobile

communication technology. Finally, experiments showed
that the proposed system can effectively improve user
comfort when driving [10]. With the assistance of artificial
intelligence technology, in-vehicle interaction systems have
achieved further development, although most studies have
not addressed practical application problems to provide more
effective guidance for in-vehicle interaction systems. They
have explored only the application of artificial intelligence
technology for the optimization of in-vehicle interaction
systems from a theoretical perspective.

In order to improve the accuracy and visual effect of
information recommendation in-vehicle interaction systems,
and ensure user driving safety, this study conducted effective
research on the design of interface display optimization
algorithms for in-vehicle interaction systems using artificial
intelligence. The optimization effect of the final display
interface was evaluated in terms of: user satisfaction,
operational efficiency, error rate, and interaction effect.
With the support of artificial intelligence, the optimized
display interface of the in-vehicle interaction system can
effectively meet the diverse needs of users and improve their
operational efficiency and accuracy. In practical applications,
the proposed optimization algorithm has strong feasibility
in ensuring user driving safety and improving user interface
interaction.

2. OPTIMIZATION ALGORITHM
DESIGN FOR INTERFACE DISPLAY
OF IN-VEHICLE INTERACTION
SYSTEM

2.1 Personalized Interface Optimization
Based on User Profile

The user behavior data of the in-vehicle interaction system
includes basic user information, display interface application
data, environmental data, static and dynamic historical
information about the vehicle, and control data. To some
extent, these data indicate the user’s habits and preferences
for the display interface of the in-vehicle interaction system
under different driving scenarios. If the user behavior data is
connected with the user needs, and processed by integration,
classification, etc., the user behavior data can be abstracted
and labeled. The resulting user behavior data model is called
the user profile [11].

Through the analysis of user’s usage habits, function
preferences and corresponding historical operations, this
study established, processed and analysed the user’s original
data set. In this study, deep neural network algorithms
were used to extract features from the dataset, achieving fine
constructions of user profiles. Based on classification results,
label features of user preferences for displaying interface
operations in the in-vehicle interaction system were added,
and personalized interface display methods were designed
for different users. The overall framework for personalized
interface optimization based on user profiling is shown in
Figure 1.

466 Engineering Intelligent Systems



S. QU

Figure 1 Overall framework for personalized interface optimization based on user profile.

Table 1 User data table.

Field name Field description Field type Length Is it empty

User-identification User name or identification Varchar 50 No
Behavior-type User actions on the display interface Varchar 50 No
User-location User geospatial location information Integer 50 No

Behavioral-time The time when the user performs
operations on the display interface

Datetime 20 No

User-attitude User preferences Varchar 100 No
Vehicle-status Vehicle in static or dynamic state Tinyint 50 No

Taking the user behavior data of an automobile brand as the
original data set, a user data table was constructed, as shown
in Table 1, and the historical behavior data of known users in
a certain period of time was analyzed and processed.

In the optimization of personalized display interfaces, data
analysis and processing are the first and most crucial steps as
they affect the final optimization results. In the actual driving
environment, the user’s historical behavior data is often
incomplete and therefore requires some processing, which
is executed in two steps. Firstly, it is necessary to correct
possible errors in the obtained behavioral data. This involves
checking data consistency and handling missing values, so
that the features of user behavioral data can be effectively
mined. Secondly, a detailed analysis of data features must be

conducted in order to understand their overall distribution, so
as to provide valuable information for the establishment of
user profiles.

When correcting possible errors in the behavioral data, this
study estimated the outlier distribution of the data based on
the average statistics obtained from the data. Firstly, the
behavioral data related to users’ browsing, operating, and
implementing other driving functions on the display interface
of the in-vehicle interaction system during their daily driving
process were collected. The total amount of behavioral
data presented by each user during the driving process was
calculated, and those behavioral data that were significantly
above or below the average level were filtered and excluded.
In regard to incomplete data, the problem of missing sample
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Figure 2 Constructing a nonlinear model using deep neural networks.

features was solved by assigning values. In this study, the
missing values in the user behavior dataset were replaced by
the mean of the feature values.

To take into account the different driving scenarios and
the complexity of driver behavior in terms of user in-vehicle
interaction system display interface, for feature extraction,
this study used deep neural networks to construct a nonlinear
model to extract features from the dataset, as shown in
Figure 2.

Firstly, independent feature extraction methods are used
for the input layer. Each high-dimensional sparse feature
is mapped to a low-dimensional space, making it a low-
dimensional feature value. Finally, it is concatenated with
continuous features and input into the next layer for training.

In the hidden layer, the Rectified Linear Unit function
is used as the activation function to realize the information
transmission and feedback of the network. The forward
propagation formula of the neural network is expressed as
[12–13]:

u(k+1) = f
(
w(k) · u(k) + v(k)

)
(1)

where w(k) represents the layer k to layer k +1 weight matrix;
u(k+1) is the output of layer k + 1 neurons; v(k) is the offset
from layer k to layer k + 1.

The optimization goal of deep neural network training is
to minimize the value of loss function by adjusting model
parameters [14–15]. The loss function is set as a cross

entropy function to minimize the loss as a binary classification
problem. The formula can be written as:

B = − 1

A

∑
a

[t ln u + (1 − t) ln(1 − u)] (2)

where a represents the sample, and A represents the total
number of samples; t represents the true category to which
the sample belongs, and u represents the output category of
the neuron.

On this basis, the first-order moment estimation and second-
order moment estimation methods are used to dynamically
adjust the learning rate of each parameter to control the speed
of parameter update. The update process is expressed as:

δt+1= δt − ĥt√
ŝt + θ

× ε (3)

In Formula (3), the definitions of each variable are shown
in Table 2.

Finally, the overall personalized interface optimization
is completed based on the label characteristics of user
preferences for interface operations displayed on the in-
vehicle interaction interface. The final effect is shown in
Figure 3. This personalized interactive interface can be
planned and transformed according to the different driving
scenarios of drivers, providing them with more suitable
interface control modes.
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Table 2 Variable interpretation of Formula (3).

Sequence Variable Meaning

1 δt Parameters that need to be updated
2 ĥt Correction of first order moment estimation by updating process algorithm
3 ŝt Correction of second order Moment estimation by updating process algorithm
4 θ Constants that ensure numerical stability

Figure 3 Personalized display interface of in-vehicle interaction system.

2.2 Image Display Optimization Based on
Deep Learning

The display interface of the in-vehicle interaction system is
generally implemented by calling the application program-
ming interface, and the presentation of images requires a series
of complex processes. In real application scenarios, when
some images need to be presented in a centralized manner on
the display interface, if the difference in highlight resolution
is significant, this would cause the centralized display effect
of the images to be less than ideal; for instance, the images
might not be clear. This not only affects the user’s functional
experience, but also endangers the safe driving of the user
group, especially the elderly. Hence, in this study, by means
of algorithm optimization, the display interface image was
enhanced.

Taking the image display of the navigation function of the
in-vehicle interaction system in the interface as an example,
PI is the original image to be displayed, and PN is the noisy
image, as shown in Figure 4. N is noise, and the observation
mode can be expressed as:

PI = PN − N (4)

In Figure 4, the mathematical model of the noisy image in
the interface of the navigation function of the vehicle interac-
tive system is Gaussian noise. The image is transformed into
a real number domain, that is, a frequency domain, through a
discrete cosine transform [16]:

g (x, y) = 2

M
d (x) d (y)

M−1∑
m=0

M−1∑
n=0

PI (m, n)

× cos
[ π

2M
(2m + 1) x

]
cos

[ π

2M
(2n + 1) y

]
(5)

Among them, there are:

d (x) =
{

1√
2
, x = 0

1, x = 1, 2, · · · , M − 1
(6)

d (y) =
{

1√
2
, y = 0

1, y = 1, 2, · · · , M − 1
(7)

g (x, y) is the frequency domain coefficient of M × M .
On this basis, wavelet transform is used to transform image

information into frequency domain information containing
low-frequency and high-frequency components, and multi-
scale redraws of the image are performed horizontally,
vertically, and diagonally.

It is assumed that the two-dimensional scale space of the
image to be displayed is E2

o and another two-dimensional scale
space is represented as Q2

o, then there is:

E2
o+1 = E2

o ⊕ Q2
o (8)

where the image scale coefficient is represented as o, with a
value range of 0, 1, 2, · · · , and there is a sequence:
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Figure 4 Original image to be displayed and noisy image.

Figure 5 Rendered display image.

Do+1 =
{

Do,1
r,c

}
r, c ∈ z (9)

Lo,1 =
{

Lo,2
r,c

}
r, c ∈ z (10)

Lo,2 =
{

Lo,3
r,c

}
r, c ∈ z (11)

Lo,3 =
{

Do+1
r,c

}
r, c ∈ z (12)

From the sequence, it can be concluded that:

go+1 =
∑
r,c

do+1
r,c αo+1,r,c (13)

Lo =
∑
r,c

Lo,1
r,c β1

o,r,c +
∑
r,c

Lo,2
r,c β2

o,r,c +
∑
r,c

Lo,3
r,c β3

o,r,c

(14)

where α represents the transformed image scale coefficient,
and β represents the wavelet coefficient; r and c represent the
rows and columns of the corresponding coefficient matrix,
then there are [17]:

Do+1
r,c = 〈

g, αo+1, r,c
〉

(15)

Lo,1
r,c =

〈
g, β1

o,r,c

〉
(16)

Lo,2
r,c =

〈
g, β2

o,r,c

〉
(17)

Lo,3
r,c =

〈
g, β3

o,r,c

〉
(18)

Sequence Do, Lo,1, Lo,2, Lo,3 is a two-dimensional wavelet
transform of Do+1.

By following the algorithm steps and principles, the
image of the display interface of the in-vehicle interaction
system is processed and optimized, and then the image is
rendered through the application programming interface of the
in-vehicle interaction system. Finally, the optimized display
image is obtained, as shown in Figure 5.

2.3 Optimization of Information Display
Based on Intelligent Recommendation

The optimization of information display aims to improve
the way information is presented in the current in-vehicle
interaction system display interface. Specifically, in order to
ensure that the amount of information and content differences
presented in the display interface of the in-vehicle interactive
system would not occupy too much cognitive and memory
resources of the user, it is necessary to change and adjust
the information and content presented in the display interface
according to the user’s habits, preferences, and specific
driving situations, so as to ensure driving safety. At present,
with the continuous development of intelligent technology,
the functions of in-vehicle interaction systems have been
expanded, and the number of display interface menus and
information would continue to increase, which would have
varying degrees of impact on user operation behavior.

On this basis, this paper constructed an intelligent recom-
mendation model with the help of the Collaborative filtering
algorithm, as shown in Figure 6. According to the user infor-
mation browsing history, recommendation information table
and other information to intelligently recommend relevant
information and functions can provide more intelligent and
personalized interface display.

It is assumed that Ra is the collection of resources that
the user has browsed in the in-vehicle interaction system
display interface, and Mn is the nearest neighbor model of
the project, where the nearest neighbor of the project refers to
other projects similar to the target project.

For each browsing item p, p ∈ PX . After obtaining
its K nearest neighbor set Cp = {p1, p1, · · · , pK }, the
set is obtained by merging all Cp . After deleting the
existing items in PX from C , a candidate recommen-
dation set is obtained. For each j belonging to the
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Figure 6 Intelligent recommendation model.

Table 3 Explanation of variables in Formula (22).

Sequence Variable Meaning

1 SX The average score of user X on all items
2 S j The average score of user j on all items
3 CX, j The collection of items jointly rated by user X and user j
4 CX The collection of items rated by user X
5 C j The collection of items rated by user j

recommendation set, the recommendation degree of j to X is
calculated [18–19]:

rec (X, p) =
∑

p∈PX

sim (X, j) (19)

where sim (X, j) represents the similarity between the two
browsing items.

The similarity calculation is as follows:

sim (X, j) = cos (X, j) =
−→
X · −→j

|X | | j | (20)

|X | =
√√√√ C∑

K=1

X K (21)

Among them, X K is the rating given by user X to the K -th
project. For those cases where data is sparse, the distance
between users is mainly calculated through similarity.

Due to individual differences among users, different
users have different evaluation criteria for a unified project.
Therefore, even if different users have consistent ratings for
a certain project, it does not mean that their preferences and
application habits for the project are completely consistent
among users. To solve this problem, it is necessary to
make certain modifications to the similarity formula, which is
mainly achieved by subtracting the average score:

sim (X, j) =
∑

K∈CX, j

(
SX,K − S X

) (
Sj,K − S j

)
√∑

K∈CX

(
SX,K − SX

)2
√∑

K∈C j

(
Sj,K − S j

)2

(22)
The definitions of each variable are shown in Table 3.
Based on the weight of recommended values in the

recommendation set, the project information is sorted from

high to low, and the top items are used as the user’s recom-
mendation set. With the assistance of the recommendation
model, the display interface of the in-vehicle interaction
system can achieve diversified information recommendation,
that is, it can no longer only push text content, but also
personalized recommendations for images and videos related
to user preferences. This not only effectively discovers
users’ potential preferences and improves the accuracy of
display interface recommendations, but also makes it easier
for users to obtain the information they need, improving their
satisfaction with the display interface of the car interaction
system.

3. EVALUATION OF THE
EFFECTIVENESS OF OPTIMIZATION
ALGORITHMS FOR DISPLAYING THE
INTERFACE OF THE IN-VEHICLE
INTERACTION SYSTEM

To verify the effectiveness of the interface display opti-
mization algorithm for artificial intelligence based in-vehicle
interaction systems, this article evaluated the optimization
effect of the final display interface from four aspects: user
satisfaction, operational efficiency, error rate, and interaction
effect.

3.1 User Satisfaction

In the evaluation of user satisfaction, this article mainly used
a questionnaire survey to investigate users’ experience and
feelings towards the optimized interface. Due to the fact that
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Table 4 Basic user information.

Item Classification Number of people Proportion (%)

Gender Male 127 63.5
Female 73 36.5

Age 18–30 years old 57 28.5
31–50 years old 101 50.5

Over 50 years old 42 21.0
Driving experience 1-3 years 94 47.0

Over 3 years 106 53.0

Figure 7 Satisfaction survey results.

the evaluation in this article mainly focuses on the display
interface of the in-vehicle interaction system, the survey
object of this questionnaire was mainly the driver. The
survey content was mainly divided into two aspects: user
basic information and user satisfaction. The survey content
of user basic information mainly includes user gender, age,
and driving experience. The content of the user satisfaction
survey mainly includes the degree of personalization,comfort,
and readability of information displayed on the interface of
the artificial intelligence based in-vehicle interaction system.
Satisfaction ratings were categorized on a scale of 1–5,
indicating very satisfied, satisfied, fair, dissatisfied, and very
dissatisfied, respectively.

A total of 210 questionnaires were distributed in this
survey, and 10 invalid and incomplete questionnaires were
removed. Finally, 200 valid questionnaires were collected,
with a validity rate of approximately 95.24%. The basic user
information is shown in Table 4, and the satisfaction survey
results are shown in Figure 7.

According to Table 4, in terms of user gender, the majority
of respondents in this survey were males, accounting for
63.5% of the total population; the proportion of women
accounted for 36.5% of the total population. In terms of user
age, drivers aged 31 to 50 were the majority, with a specific
proportion of 50.5%; the proportion of drivers aged 18–30
was 28.5%, and the proportion of drivers over 50 was 21.0%.
At the level of driving experience, the proportion of drivers

aged 1–3 years was 47.0%, and the proportion of drivers aged
over 3 years was 53.0%.

In Figure 7, the horizontal axis represents the satisfaction
level, which is divided into 1–5 levels. The vertical axis
represents the number of people. Generally speaking, the
more people in the satisfied and very satisfied categories, the
better the user’s experience of using the car interaction system
display interface. The survey results indicate that in regard to
personalization, 61.0% of participants were either satisfied or
very satisfied with the optimized display interface; in terms of
user comfort and information readability, 50.5% and 50.0%,
respectively, were satisfied or very satisfied with the optimized
display interface. In the satisfaction survey, the number of
users who were satisfied or very satisfied with the personalized
level, comfort level, and information readability of the
optimized display interface reached half or more of the total
number. This indicated that the proposed optimization algo-
rithm successfully took into account the different ages of users
and their various demands and requirements in practical appli-
cations, thereby effectively improving the user experience.

3.2 Operational Efficiency

Operational efficiency refers to the time spent by users to
complete specific tasks before and after the optimization of
the display interface. In the actual driving process, the user’s
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Figure 8 Evaluation results for operational efficiency.

operational efficiency in the display interface greatly affects
driving safety. This study took the common path query, vehi-
cle control, and entertainment function implementation in user
driving scenarios as specific tasks for operational efficiency
evaluation, and used user data as a test set to randomly select
six test cases related to these three types of operations. The
times spent by users completing specific tasks before and after
the optimization of the display interface were compared and
evaluated. The final results are shown in Figure 8.

Figure 8A shows the evaluation results for operational
efficiency after optimization, while Figure 8B shows the eval-
uation results for operational efficiency before optimization.

In figures 8A and 8B, the horizontal axis represents the
test cases for path query, vehicle control, and entertainment
function implementation,while the vertical axis represents the
time spent by the user in operation. In Figure 8A, the average
time spent on the optimized display interface of the algorithm
in the path query, vehicle control, and implementation of
entertainment function test cases was approximately 2.55
seconds, 1.86 seconds, and 1.55 seconds, respectively.
In Figure 8B, the average time spent on the optimized
display interface under the test cases of path query, vehicle
control, and the implementation of the entertainment function
were approximately 3.26 seconds, 2.76 seconds, and 2.55
seconds, respectively. The evaluation results for operational
efficiency before and after optimization showed that under
the optimization of the algorithm proposed in this study, the
user’s operational efficiency in terms of the display interface
had significantly improved. Users need to spend less time to
complete the operation, which can help to ensure driver safety.

3.3 Error Rate

Error rate refers to the operation error rate of the user in
the display interface. When the in-vehicle interactive system

displays too many information elements or the interface layout
is not user-friendly, the user operation error rate is expected
to be higher. When determining the error rate, this study
also focused on three types of operations: path query, vehicle
control, and entertainment function implementation. Six test
cases related to these three types of operations were randomly
selected from user behavior data, and the error rate of user
execution tasks before and after display interface optimization
was compared and evaluated. The final results are shown in
Figure 9.

Figure 9A shows the error rate evaluation results after
optimization, and Figure 9B shows the error rate evaluation
results before optimization.

In Figures 9A and 9B, the horizontal axis represents test
cases for path query, vehicle control, and entertainment
function implementation, while the vertical axis represents
the error rate of user display interface operations. In Figure
9A, the average error rates of path query, vehicle control, and
entertainment function implementation under different test
cases were about 0.45%, 0.38% and 0.43%, respectively. In
Figure 9B, the average error rates of the path query, vehicle
control, and entertainment function implementation before
optimization under different test cases were about 0.92%,
0.93% and 0.86%, respectively.

3.4 Interactive Effects

The interaction effect of the display interface of the in-vehicle
interaction system is analyzed by examining user behavior
data and operation records. Given the complexity of driving
conditions and environments, this study set up 10 driving
scenarios and evaluated the completion rate, usage level, and
page bounce rate of user target functions at specific times
under different driving scenarios. The results are shown in
Figure 10.
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Figure 9 Error rate evaluation results.

Figure 10 Evaluation results for interaction effects.

In Figure 10, the horizontal axis represents different driving
scenarios, while the vertical axis represents the evaluation
results of target function completion rate, usage level, and
page bounce rate. The higher the completion rate and usage
level of the target function, the better the interaction effect
of the display interface. Page bounce rate refers to the
number of page views by users who leave after reading only
one page. The higher the page bounce rate, the lower the
attractiveness of the page content to users, and the worse the
interaction effect. The results indicated certain differences
in the interaction effects under different driving scenarios.
However, overall, the optimized in-vehicle interaction system
display interface proposed in this paper had a relatively ideal
interaction effect. For instance, the average completion rate

of user target functions within specific time periods under
different driving scenarios was about 92.37%; the average
usage of functions was about 96.98%, while the average
page bounce rate was about 30.97%. The evaluation of the
interaction effects shows that the proposed optimized system
can effectively improve the interaction between the display
interface and users.

4. CONCLUSION

The development of automotive intelligence not only provides
users with higher travel efficiency; it also makes safe driving
a top priority in transportation [20]. The display interface
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centered on the in-vehicle interaction system effectively inte-
grates vehicle information and functions,playing an important
role in ensuring the safety of travelers when driving. In
order to improve the application effect of the display interface
of the car interaction system and enhance user satisfaction,
this study conducted in-depth research on the optimization
algorithm design of the car interaction system interface based
on artificial intelligence [21–22]. This improved the user
experience to a certain extent, and also significantly improved
the efficiency and accuracy of user operation on the display
interface, thereby enhancing the interaction effect between the
car interaction system display interface and users. Although
the design of interface display optimization algorithms for
in-vehicle interaction systems based on artificial intelligence
can help promote the intelligent and rational development of
display interface design, this study has certain limitations. In
future research, further improvements could be considered
in terms of display interface scalability to meet the needs of
different users and improve traffic safety.
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