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Abstract

Driver attention recognition in driving scenarios is a popu-
lar direction in traffic scene perception technology. It aims to
understand human driver attention to focus on specific target-
s/objects in the driving scene. However, traffic scenes contain
not only a large amount of visual information but also se-
mantic information related to driving tasks. Existing methods
lack attention to the actual semantic information present in
driving scenes. Additionally, the traffic scene is a complex
and dynamic process that requires constant attention to ob-
jects related to the current driving task. Existing models, in-
fluenced by their foundational frameworks, tend to have large
parameter counts and complex structures. Therefore, this pa-
per proposes a real-time saliency Mamba network based on
the latest Mamba framework. As shown in Figure 1, our
model uses very few parameters (0.08M, only 0.09~11.16%
of other models), while maintaining SOTA performance or
achieving over 98% of the SOTA model’s performance.

Code — https://github.com/zhao-chunyu/SaliencyMamba

Introduction

With the rapid advancement of autonomous driving technol-
ogy, understanding and predicting driver behavior has be-
come increasingly important. Among the many factors af-
fecting driving safety, the driver’s attention state is crucial
(Balasubramani et al. 2024). Distraction or insufficient at-
tention can lead to reduced perception of the surrounding
environment, increasing the risk of traffic accidents (Fang
et al. 2024). Therefore, research on methods for recognizing
driver attention is of great significance for enhancing road
safety and advancing the development of intelligent driving
assistance systems.

Given that the traffic driving scenario is dynamic and
complex (Alkaabi 2023), it is unwise to analyze driver at-
tention solely based on features from the driving scene. The
driving environment contains not only rich “Bottom-up” im-
age features (such as the sky, buildings, vehicles, etc.) but
also “Top-down” information related to the current driving
task (such as vehicles ahead, pedestrians crossing the road,
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Figure 1: Comparison of Parameters and Performance. We
compare our model with other state-of-the-art models on
the DrFixD-rainy dataset. The horizontal axis represents the
number of parameters (M), and the vertical axis represents
performance. e denotes our model, and e denotes the best-
performing model among the comparison models, and - de-
notes other comparison models. # denotes truncated coordi-
nates, with the origin set to 0.08.

traffic lights, etc.). Relying only on features within the driv-
ing scene to identify driver attention may cause the model
to overfit to the labeled driver attention data, leading to a
lack of understanding of the driving context and reducing
the model’s generalization ability. However, within the vi-
sual attention system, relevant stimuli and cues can be se-
lected while filtering out less relevant ones from the rich
visual information around us. Attention resources are then
allocated to these stimuli and cues, typically by directing
gaze toward objects of interest in the visual environment
(Hertz-Palmor et al. 2023; Itti and Koch 2001). This process
is known as selective visual attention or selective attention
allocation (Evans et al. 2011). Similarly, in specific traffic
driving scenarios, a driver’s visual attention, driven by the
driving task, tends to focus on one or more regions or targets
that are related to the task at hand. When performing a driv-
ing task, a driver’s attention needs to remain highly focused,
consistently allocating attention to objects or areas relevant
to the current driving task. If the driving scenario or task
changes, the driver’s attention will also shift accordingly.
Therefore, the semantic information of the current driving



scene is crucial for understanding the subsequent shifts in
driver attention.

Numerous researchers have studied driver attention pre-
diction, but most of these studies focus on the overall fea-
tures of the driving scene, often neglecting the understand-
ing of semantic information present within the scene (Xia
etal. 2019; Baee et al. 2021; Shen et al. 2022). Additionally,
existing models tend to have large parameter counts and high
computational complexity (Fang et al. 2022; Chen, Nan, and
Xiang 2023). Therefore, this paper proposes a novel driver
attention recognition model based on driving events, which
not only has a small parameter count but also utilizes the
semantic information from the driving scene to guide the
recognition of current driver attention. Specifically, we em-
ploy a dual-branch structure: one “Bottom-up” branch ex-
tracts image features from the driving scene, while the other
“Top-down” branch captures the semantic information of
the scene. At the deepest layer of image feature extraction,
we integrate the semantic information of the driving scene
to guide the image features. This semantic-guided feature
is then passed through a decoder module to obtain the fi-
nal driver attention map. Since our driver gaze prediction is
driven by the contextual information of the driving scene, the
resulting attention maps align more closely with the actual
distribution of driver attention. To summarize, the contribu-
tions of this work are the following:

* We propose a driver attention prediction architecture in-
spired by human visual attention mechanism. Our ar-
chitecture include a “Bottom-up” branch that extracts
stimulus-driven image features from the driving scene,
and a “Top-down” branch that extracts task-driven se-
mantic features. The “Top-down” branch includes a
novel Selective Channel Parallel Mamba (SCPM) layer,
which not only addresses the parameter explosion issues
caused by high-dimensional data in Mamba, but also cor-
rects the information loss from fixed channel partition.

* We design a novel Cross-Modal Attention (CMA) fusion
module. This module integrates the semantic informa-
tion from the cognitive process and the image features
to guide the allocation of driver attention in driving sce-
narios. Our module adopts the idea of channel attention
to address the challenge of feature dimension mismatch
between semantic and image information, allowing for
effective fusion. The entire module introduces only a sin-
gle additional parameter.

* We develop an extremely lightweight effective driver at-
tention prediction network. To the best of our knowl-
edge, the SalM? network is the most lightweight model
for driver saliency prediction, with only 0.08M train-
able parameters. The model is trained on three popular
datasets, and SalM? achieves SOTA performance using
only a fraction (approximately 0.09% to 11.16%) of the
parameters compared to other models, or reaches 98+%
of the performance of the SOTA models.

1648

Related Work

Driver Saliency Prediction

Previous works have made notable advances in driver
saliency prediction, primarily focusing on inherent visual
features or semantic information from image segmentation
and optical flow. Tawari et al. pioneered first-person gaze
estimation using Google Glass (Tawari et al. 2014), while
Deng et al. proposed a bottom-up saliency model combin-
ing low and high-level features (Deng, Yan, and Li 2018),
though limited by traditional machine learning’s feature ex-
traction capabilities.

As research progressed, numerous datasets and deep
learning algorithms emerged to address conventional limi-
tations. The DR(eye)VE dataset by Alletto et al. covers vari-
ous driving conditions but lacks scene diversity and semantic
richness (Alletto et al. 2016). The BDDA dataset introduced
by Xia et al. enriches the field with urban driving scenar-
ios and emergency events (Xia et al. 2019). Fang et al. pre-
sented DADA-2000 dataset covering normal and accident
scenarios with a semantic-guided attention fusion network,
though limited to collision scenes and segmentation-based
semantics (Fang et al. 2019). The TrafficGaze dataset by
Deng et al. offers comprehensive clear-weather data with a
lightweight CNN framework (Deng et al. 2019), while the
DrFixD-rainy/night dataset specifically addresses adverse
weather conditions (Tian, Deng, and Yan 2022; Deng et al.
2024). Nevertheless, these approaches rely on scene features
or segmentation-based semantics, lacking scene understand-
ing. Brishtel et al. demonstrated correlations in gaze patterns
across driving modes (Brishtel et al. 2022). Vozniak et al.
successfully incorporated semantic danger cues in attention
prediction (Vozniak et al. 2023), though obtaining annotated
semantic data remains challenging.

In summary, while substantial research has developed nu-
merous models for predicting driver attention, there remains
a gap in utilizing basic semantic guidance of driving scenes
for driver saliency prediction. Therefore, this paper employs
the CLIP (Radford et al. 2021) model to extract semantic
information from driving scenes. To validate the effective-
ness of our proposed method in diverse and dynamic driving
scenarios, we conduct experiments across datasets with dif-
ferent weather conditions (TrafficGaze, DrFixD-rainy) and
complex semantic information (BDDA).

Downstream Tasks

Salient Object Detection. This is an important task in
computer vision aimed at detecting the most prominent ob-
ject regions in an image. In the context of traffic driving
scenes, drivers often automatically filter out objects unre-
lated to the current driving task. Therefore, some existing
works use driver attention allocation as prior knowledge to
detect prominent or key objects (Qin et al. 2022; Shi et al.
2024). This approach does not detect all objects in the driv-
ing scene but focuses on those most relevant to the current
driving task, thereby reducing redundant information.

Drive Event Recognition. In the field of intelligent trans-
portation systems, detecting driving events by analyzing



driving scene information is one of the key tasks in pre-
venting traffic accidents. Driver visual attention helps iden-
tify information relevant to the current driving task while
suppressing irrelevant information. Du et al. (Du, Deng,
and Yan 2023) established an attention-based driving event
dataset (ADED) and proposed a driver attention-guided
model that uses driver attention as guidance to better rec-
ognize events that cause shifts in driver attention.

In conclusion, we believe that the semantic information
of the driving scene is beneficial in identifying the driver’s
attention most aligned with the current driving task. Inspired
by visual cognition, we have developed an attention predic-
tion model driven by the semantic information of the current
driving scene, integrating this semantic information at the
deepest level of image feature extraction to guide the driver’s
attention effectively.

Proposed Method

Since the traffic scene is a complex and dynamically chang-
ing setup, the driver requires continuous focus on object-
s/areas that are significantly relevant to the current driv-
ing scene. However, most of the previous work only con-
sidered spatio-temporal information in driving scenarios. In
fact, solely relying on visual information from the driving
scene is not sufficient to accurately identify the locations or
areas that need the driver’s attention (Rasouli and Tsotsos
2018) — that is the “Bottom-up” image information. This is
because the driver’s attention is closely related to the current
driving task, and it is also necessary to consider the “Top-
down” semantic information related to the current driving
task that is embedded in the driving scene.

Overall Network Framework. Considering these ele-
ments, we propose a saliency mamba model, named SalM?
that uses “Top-down” driving scene semantic information
to guide “Bottom-up” driving scene image information to
simulate human drivers’ attention allocation. The overall
framework is illustrated in Figure 2, our model first utilizes
an efficient network framework Mamba structure to build
an extremely lightweight backbone network for extracting
“Bottom-up” features from image and decoding the features.
Simultaneously, a visual encoder is used to understand the
“Top-down” semantic information driven by the driving task
in the current traffic scene. Then, when the deepest features
representing image information of the driving scene is ex-
tracted from the backbone network, we utilize the “Top-
down” semantic information to guide the “Bottom-up” im-
age information. Finally, we decode the perceived informa-
tion in the decoder of the backbone network to obtain the
driver attention map.

Reliable Attention Prediction Network. Since we aim
for intelligent vehicles to have the capability to focus on
objects related to driving tasks in the scene, just like a
driver, we need to develop a network with low computational
cost and deployability with lower hardware requirements.
To achieve this goal, we construct an extremely lightweight
backbone network as the image encoding and decoding net-
work, as shown in Figure 3. This design allows us to fully
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utilize the Mamba structure’s efficient feature representa-
tion capability, accelerating the learning of the represen-
tation space at the channel level. Inspired by the work of
Wu et al. (Wu et al. 2024), we modified it to perform high-
dimensional feature representation in our selective channel
parallel Mamba (SCPM) layers. This framework contains
only 0.0759M parameters, with a model size of just 1.6MB.

In this architecture, the overall backbone network is a hi-
erarchical structure based on Mamba (Gu and Dao 2023).
We first use convolutional network layers to extract low-
level features from images, and then employ SCPM layers
to further extract high-level features. To leverage the effi-
ciency of the Mamba framework and address the parame-
ter disaster caused by high-dimensional data, a typical so-
lution is to split the input X € REXCXHXW into four
parts x; € REXC/4XHXW 4 — 1 9 3 4 and then process
them in parallel through the Mamba layers. To correct the
information loss caused by fixed channel splitting, we de-
sign the SCPM layer. This layer embeds the input features
into convolutional blocks in parallel and then feeds them into
the Mamba layer in parallel. The output feature channels of
the parallel branches differ, but the feature dimensions re-
main consistent. The operation of each parallel channel is as
shown in Equation 1.

O, (X) = Convy(X) + axMamba(Conv; (X)), (1)
Y:i@i(X),ie{1,2,3,4},71:4, 2)
i=1

where ®;(X) represents the output of the i*" parallel layer,
o is a skip scale, Y € RBXCXHXW represents the final
output of the SCPM layer, and > represents the summation
operation, which in this context is the summation along the
channel dimension.

Cross-Modal Attention Mechanism. For most models,
the backbone network is used to extract “Bottom-up” im-
age information to predict driver attention (Min and Corso
2019; Deng, Yan, and Yan 2021; Tian, Deng, and Yan 2022;
Chen, Nan, and Xiang 2023). However, the traffic environ-
ment is a complex and dynamic process where different driv-
ing scenarios involve specific driving tasks (such as stopping
at traffic lights, yielding to pedestrians crossing the road,
etc.). Therefore, we need to understand the specific driv-
ing tasks in the current driving scenario. Using this “Top-
down” scene information to guide the “Bottom-up” image
information can better identify the driver’s attention alloca-
tion. However, text data contains strong semantic and logical
properties, making it difficult to match and align with image
data in the feature space. To further explore how to use se-
mantic information to guide driving scene information, our
proposes using a cross-modal attention mechanism (CMA).

As shown in Figure 4, CMA uses the semantic in-
formation Infos..; extracted by CLIP (Radford et al.
2021) and the image information In f0smage €Xtracted by
the backbone network as inputs. However, directly fusing
these inputs leads to a dimension mismatch problem as
D (Infotext) # Dim(Infoimage). Therefore, we project
the semantic information into the same feature channel
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Figure 2: Overview of the proposed SalM? network. (a) shows the overall network framework, which includes two branches: a
“Bottom-up” branch and a “Top-down” branch. (b) illustrates the principle of the self-attention mechanism. (c) illustrates the

principle of our proposed cross-modal attention mechanism.
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Figure 3: Illustrate of the “Bottom-up” backbone network.
The purple and blue dashed lines represent skip connections,
which include both spatial and channel attention. The skip
connections share weights.

space as the image information. Using the simple structure
of the channel attention module (Fu et al. 2019), we achieve
cross-modal information fusion, thereby avoiding the issue
of scale mismatch between different types of information.
Due to CLIP being a large model trained through con-
trastive learning, the extracted semantic information and im-
age features have already been aligned in a similar fea-
ture space through contrastive training, enabling us to read-
ily obtain the original semantic information Info?’, €
RBxToken from images. Nevertheless, we still need to per-
form a easy dimensional projection on the semantic infor-
mation to ensure identical channel dimensions between the
two modalities while preserving all information. we map the
original semantic information In fo¢"?, to the image feature

text
space, obtaining new semantic information In fosc.¢.
Infoseq: = projector(Infolt,). 3)

Within the CMA module: we first reshape the semantic
information Infose,; € RBXCXHIW1 6 () € RB*CxN
as Query and transpose In f0image to K € RBXN1xC 44
Key. Then, we perform a matrix multiplication between the
@ and the K. Finally, we apply a softmax operation to obtain
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Figure 4: Illustrate of the cross-modal attention mechanism.
In the figure, ® denotes matrix multiplication, and ¢ repre-
sents element-wise addition.

the saliency semantic representation S € RB*C*C,

exp(Qi, Kj)

where s;; measures the influence of the i*" channel on the

h channel, C is the total number of channels, and exp(-, -)
is used to measure the similarity between two channels.

In addition, we reshape the deepest image information
Infoimage € REBXCXH2XW2 (o |/ € RBXCXN2 g5 the value
and perform a matrix multiplication between S and V/, then
reshape the result t0 Infofysion € REXCXH2XW2 Next,
we multiply the attention S by a scaling parameter  and
add the image feature information In f0;mage to obtain the
final cross-modal fused information S" € RB*CxH2xWz,

_’YZ 8]2'

where v is a learnable welght and is initialized to 0, V] =
7‘[1 X Wl,NQ = Hg X WQ, Hg = 27‘[1, and Wg = 2W1.

“4)

Sji =

—&—Infolmage, 5)

Experiment

Datasets. In this work, we train our proposed SalM?
model on 3 representative driver attention datasets: Traf-



Traffic scene  Ground truth TASEDNet CDNN DrFixD-rainy FBLNet SCOUT SalM*$ SalM?

Figure 5: Qualitative evaluation comparison of our model and the other SOTA methods. Since the weight files of MLNet and
SCAFNet are not available in original papers, we could not perform visualization comparisons under identical conditions. t is
SalM? without branch of semantic. [] delineates the attention allocation regions influenced by semantic information.

ficGaze, DrFixD-rainy, and BDD-A. Before training, we re- Results
size the traffic images in each dataset to 256x256 to re-
duce the computational load on the network. Additionally,
the compared models are divided into static driver attention
prediction methods and dynamic driver attention prediction
methods. In the static methods, the model relies on a single-
frame driving scene image to predict driver attention. In the
dynamic driver attention methods, we maintain the original
method’s sequence length as the input.

To evaluate the performance of our proposed model, we con-
duct both qualitative and quantitative comparisons with 7
other popular methods. These include 4 static methods: ML-
Net (Cornia et al. 2016), CDNN (Deng et al. 2019), FBLNet
(Chen, Nan, and Xiang 2023) and SCOUT (Kotseruba and
Tsotsos 2024)) and 3 dynamic methods: TASED-Net (Min
and Corso 2019), DrFixD-rainy (Tian, Deng, and Yan 2022)
and SCAFNet (Fang et al. 2021).

Implementation Details. The “Top-down” semantic in-

formation in this work is initialized and extracted using Qualitative Evaluation

CLIP, with the pre-trained model being RN50x16. The Figure 5 presents a qualitative comparison with the SOTA
model parameters are entirely frozen and do not impact the models. For better visualization, we overlay the predicted
actual training process, and thus are not included in the ac- saliency maps on the original images. Overall, we can con-
tual parameter count. We choose the Adam optimizer with clude that the SalM? model demonstrates superior predictive
a learning rate set to 10~%, momentum of 0.9, and weight performance compared to existing saliency models. In rows
decay of 10~*. The model training is conducted on a GPU 1, and 5 of Figure 5, we can see that existing saliency models
server equipped with an NVIDIA GeForce RTX 4090 24GB exhibit good prediction performance for traffic lights, cars,
GPU and an Intel(R) Xeon(R) Silver 4314 CPU @ 2.40GHz. and some road lanes in traffic scenes. However, these mod-
It is worth noting that for the SCOUT network (Kotseruba els fail to capture the most crucial “Top-down” information
and Tsotsos 2024) used in the comparison, we used the ver- related to driving, and their results do not align well with
sion without additional annotations as described in the origi- standard saliency map. For example, in rows 2, 3, 4, and 6
nal paper, since the original SCOUT network involved extra of Figure 5, the “Top-down” information related to the cur-
dataset annotations. rent driving task (such as road signs, nearby vehicles, and
traffic lights) is better simulated by our model compared to
Loss function. The loss function L,; is defined for pre- other models in terms of capturing human driver attention.
dicting the saliency map S and the ground truth saliency map
S. The L, is the BCE loss, which is formulated as follows. Quantitative Evaluation

We use six metrics to evaluate the performance of differ-
Lsar(S, S - ZS log +(1-5;) log(1— S; ) (6) ent prediction methods. These include five similarity met-
rics: Area Under the ROC Curve (AUC_Borji (Judd et al.
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Model [ CCT SIMf KLDJ] [ Params (M) FLOPs (G) Model AUg AUC_ NSST CCT SIMt KLD|

MLNet 0.61 043 120 15.45 34.46 BorjiT  Juddf
TASED-Net | 0.55 042 1.4 21.26 91.48 MLNet 0.89 093 390 079 063 3.69
CDNN 062 045 1.14 0.68 7.10 TASED-Net | 088  0.95 421 084 059 085
SCAFNet | 0.64 048  1.09 54.51 85.86 CDNN 090 095 411 082 063 052
DrFixD-rainy | 0.64 047  1.09 39.57 9.74 SCAFNet 090 094 417 084 067 187
FBLNet 0.64 047 140 87.48 2031 DrFixD-rainy | 091 096 419 085 0.67 047
SCOUT 0.63 048 1.04 4.96 17.72 FBLNet 088 095 429 085 069 050
SaM®>  [0.64 047 108 | 0.8 4.45 SCOUT 090 095 395 084 065 0.50
SalM®> ] 089 095 431 086 068 047

Table 1: Performance comparison on BDDA using saliency
evaluation metrics. Symbol 1 expects a larger value and |
expects a smaller value. Best scores are shown in bold, the
second best is underlined.

Table 3: Performance comparison on DrFixD-rainy using
saliency evaluation metrics.

Dataset Model ]/;(I)JUCI% ﬁﬁg{ NSSt CCt SIMT KLD|
AUC_ AUC_ Wuetal. | 093 098 582 093 0.77 0.31
Model | poit Judap NSST CCT SIMT KLDJ TraffiGaze | g ckbone | 093  0.98 587 094 078 028
MLNet 0.87 0.90 560 0.87 045 087 DrFixD Wuetal. | 090 095 421 0.85 0.67 047
TASED-Net 0.92 0.97 573 094 0.79 1.43 -rainy Backbone | 0.89 0.95 429 0.87 0.69 0.46
CDNN 0.93 0.97 583 095 0.78 0.29 BDDA Wu et al. - - - 062 045 1.12
SCAFNet - 0.98 6.10 094 0.77 0.66 Backbone - - - 0.63 047 1.09
DrFixD-rainy | 0.92 0.98 6.01 094 0.78 0.28
FBLNet 087 097 650 09 069 046 Table 4: Ablation study of the backbone network. The sym-
SCouT 0.91 097 535 091 072 039 bol “-” indicates that this metric could not be computed due
SalM? [ 092 098 590 094 078 0.28 to reasons related to the dataset.

Table 2: Performance comparison on TrafficGaze using
saliency evaluation metrics. The symbol “-” indicates that
this metric was not computed officially.

2009) and AUC_Judd (Borji, Sihite, and Itti 2012)), Normal-
ized Scanpath Saliency (NSS (Peters et al. 2005)), Linear
Correlation Coefficient (CC (Le Meur, Le Callet, and Barba
2007)), Similarity Metric (SIM (Borji, Sihite, and Itti 2012))
and one dissimilarity metric: Kullback-Leibler Divergence
(KLD (Riche et al. 2013)).

Table 1 presents the quantitative performance metrics ob-
tained by training the proposed model and other saliency
models on the BDD-A dataset. As shown in the Table 1,
the proposed model achieves SOTA performance or perfor-
mance close to SOTA while using only approximately 11%,
or even as little as 0.1%, of the parameters of other models.
Additionally, our model exhibits significantly lower FLOPs
compared to other models, resulting in lower computational
costs and making it more suitable for deployment. There-
fore, it can be concluded that the proposed SalM? predic-
tion model demonstrates superior performance compared to
other models.

Simultaneously, we further validated the model on two
additional datasets, TrafficGaze and DrFixD-rainy, and com-
pared it against the same algorithms. As shown in Tables 2
and 3, our model achieved either state-of-the-art (SOTA) or
second-to-SOTA performance on all but one metric within
the same dataset, while using only 11% to 0.1% of the pa-
rameters of other SOTA models.
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Ablation Study

Reliable Attention Prediction Network. The driving
scene is a dynamic environment that requires real-time feed-
back, necessitating an extremely efficient network for pre-
dicting driver attention. Inspired by the work of Wu et al.
on medical image segmentation, we designed a lightweight
backbone network better suited for predicting driver gaze
points. To ensure fairness, we compare the backbone net-
work of SalM? without the semantic information branch
against the original network on the TrafficGaze, DrFixD-
rainy, and BDD-A datasets.

As shown in Table 4, our model demonstrates leading per-
formance across all three datasets. Except for the AUC_Borji
metric on the DrFix-rainy dataset, our model achieves supe-
rior performance on all other metrics. Therefore, our back-
bone network represents a more efficient backbone network
for predicting driver gaze points.

Effective Semantic Information. In complex driving
scene, the concentration of driver attention is a key factor
in ensuring road safety. By understanding how specific tasks
guide attention, we can design more effective driver assis-
tance systems to improve road safety. In our experiments,
the experimental group uses the model with driving task
semantic information guidance (SalM?), while the control
group uses the model without semantic information (Back-
bone network). We qualitatively compare the attention dis-
tribution predicted by different models in the same driving
scenarios to determine the significant impact of driving tasks
on driver attention distribution.

Due to the minimal differences between consecutive
frames, we applied interval sampling and selected videos
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Figure 6: Visualize the driver’s attention under the seman-
tic information of a car crossing the road. White text rep-
resents semantic information, with “normal” indicating that
the driver is looking ahead and no semantic information.
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Figure 7: Visualize the driver’s attention under the semantic
information of a pedestrian ready to cross the road.

with rich scene information for analysis, extracting 6 frames
as a sequence (with the first two and last two frames depict-
ing normal scenes where the driver’s attention is focused on
the center of the road). Below, we analyze two scenarios.

Scenario 1: A car crosses the road. As shown in Figure 6,
when a car suddenly enters the driver’s field of view from
the left, our model promptly captures this semantic informa-
tion and allocates attention to the car. When the car moves
to the center of the field of view, the model can still make
accurate predictions even without semantic information, as
the driver’s attention is typically concentrated in the center
under most circumstances.

Scenario 2: A pedestrian is ready to cross the road. As
shown in Figure 7, a pedestrian is positioned ahead on the
right, potentially about to cross the road, requiring the driver
to constantly monitor the pedestrian’s movements. With se-
mantic information, the model can promptly allocate atten-
tion to the pedestrian, thereby enhancing the ability to avoid
traffic accidents.

Overall, our model can better understand the information
of the scene and adjust the driver’s attention distribution in
time to improve driving safety. Meanwhile, in the scenario
where the information of the scene is single and the driver’s
attention is distributed at the end of the road, our model can
achieve the same or even better results than other models.

Reasonable Input Image Resolution. Why do we use im-
ages with a smaller resolution as input? The “Top-down”
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Dataset | Size AU,(,:’ AUC- NSST CCt SIM? KLD| |FLOPs(G)
Borjit Juddf

TrafficGaze 25621 0.92 098 5.90 0.94 0.78 0.28 4.45
5122/ 0.92 098 6.04 0.95 0.80 0.26 4.72
DrFixD |256%| 0.89 0.95 4.31 0.86 0.68 0.47 4.45
-rainy 5122 090 0.96 4.26 0.86 0.69 0.45 4.72
256| - - - 064 047 1.08 4.45
BDDA 5122 - - - 0.64 047 1.09 4.72

Table 5: Ablation study of the input image resolution. “Size”
represents the size of the input image. The symbol “-” indi-
cates that this metric could not be computed due to reasons
related to the dataset.

branch of our network uses the CLIP model to extract se-
mantic features. However, CLIP is limited to 224 x224 in-
put image size. Even when using higher resolution images,
CLIP will compress them down to this specified size, and
the semantic information does not consequently increase. As
shown in the table 5, the experimental results demonstrate
that: these metrics result in only a slight improvement over
256x256 input images. However, it has a FLOPs of 4.72G,
which significantly increases the computational amount.
Specifically, for TrafficGze and DrFixD-rainy, where the
semantic information of the driving scenes is less rich, the
model’s performance is more dependent on the branch of
“Bottom-up”. Therefore, a larger resolution will enhance the
performance of the branch of “Bottom-up”, thereby improv-
ing the overall performance. For BDDA, the driving scene
semantic information is very rich, and the model’s perfor-
mance is more dependent on branch of “Top-down”. In this
case, a larger resolution will not improve performance. In-
stead, it will cause a significant disparity in input size be-
tween “Bottom-up” and “Top-down”, leading to a mismatch
between semantic information and image features. Conse-
quently, a decline in model performance, and we ultimately
decide to choose a resolution of 256256 as the input.

Conclusion

In driving, a driver’s attention is predominantly focused on
the area ahead, such as the road’s endpoint or the vehicle
in front. However, in complex environments, this attention
can shift due to sudden events in the field of view, mak-
ing the semantic information of the current driving scene
crucial for understanding driver attention. We have investi-
gated driver attention through the lens of dual-process vi-
sual cognition and developed a driver attention prediction
model based on driving scene information. This model in-
tegrates “Top-down” semantic information (high-level) with
“Bottom-up” image information (low-level) for effective at-
tention prediction.

Extensive experiments demonstrate that guiding model
understanding of driver attention through driving scene in-
formation can be an effective approach. Our model achieves
SOTA or near-SOTA performance with minimal parameters.
In future work, we aim to explore more effective methods
for using driving scene semantic information to guide driver
attention prediction, further improving prediction accuracy.
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