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Abstract

In driver attention zone prediction tasks, accurately identifying and locating the driver’s
attention zone is crucial. Traditional models have significant limitations in complex driving
scenarios due to their failure to fully utilize multidimensional driving environment informa-
tion. To address these issues, this paper proposes a multi-attention feature fusion network
(MAFF-HRNet) for driver attention region prediction. The proposed network combines
high-resolution feature extraction with bimodal RGB-semantic inputs, multi-scale feature
fusion, attention-based feature refinement, and temporal modeling. The experimental
results on the DR(eye)VE dataset show that MAFF-HRNet improves driver attention region
prediction under the current evaluation protocol. These results indicate that semantic scene
information, multi-scale spatial representation, and temporal context are beneficial for
generating more accurate driver attention heatmaps in complex driving scenes.

Keywords: driver attention; multi-scale; multi-attention

1. Introduction

Traditional driver attention region prediction (DARP) methods often rely on single-
modal information, such as RGB images, eye-tracking data, or vehicle sensor signals. These
methods can achieve certain results in relatively simple or static driving scenarios, but
due to the limited dimensionality of the input information, they are unable to fully charac-
terize the complex semantic structures and dynamic changes in real traffic environments.
Therefore, their prediction performance is often significantly limited in complex driving
scenarios [1]. With the development of deep learning technology, researchers are gradually
trying to introduce richer visual representations and learning models to improve the ability
to model the distribution of driver attention.

Although multimodal methods have made some progress in the DARP task, existing
research still has shortcomings in feature modeling. On the one hand, some methods ignore
the importance of features at different scales when introducing deep network structures
and fail to effectively integrate the scale differences between distant and near targets. For
example, [2] extracts features based on CNNs and performs simple multimodal fusion but
does not systematically model multi-scale information, which is prone to misjudgment in
complex traffic scenarios. On the other hand, even if some methods [3] introduce multi-
modal input, they often fail to fully model the dependencies between features at different
resolutions, resulting in the unstable performance of the model in dynamic scenarios.
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In addition, driver attention prediction is essentially a time-dependent problem, as the
driver’s attention area changes continuously over time. Although some studies [4] have
attempted to model temporal information using CNN-LSTM structures, in complex driving
environments, these methods often fail to simultaneously take into account cross-scale
spatial features and temporal dependencies. The lack of scale information or insufficient
temporal modeling limits the model’s ability to characterize the true distribution of driver
attention in high-speed or complex traffic scenarios.

In summary, the DARP task still faces many challenges in complex traffic environments.
Considering the dynamic characteristics of the driving environment and the task-driven
nature of driver attention, further improving DARP performance requires systematic
research from multiple aspects, including feature representation methods, multi-scale
information fusion, and temporal modeling strategies. Specifically, existing research mainly
focuses on the following three key issues: (1) In complex driving scenarios, image features
of different scales and resolutions carry key information at different levels. High-resolution
features help capture fine-grained targets such as distant pedestrians and traffic signs, while
low-resolution features are more conducive to modeling the overall road structure and
scene layout. However, many existing methods rely on a single resolution during feature
extraction or obtain high-level semantic features through multiple downsampling, resulting
in the loss of spatial detail information, thus affecting the accurate localization of the
driver’s attention region. This problem is particularly prominent in high-speed driving or
complex traffic environments, making it difficult for the model to simultaneously consider
local details and global structural information. (2) The formation of the driver’s attention
region is influenced by multiple factors, including semantic information, spatial structure,
and dynamic behavioral characteristics that change over time. The driver’s attention
region is not only determined by the visual input at the current moment but also closely
related to traffic conditions and driving behavior in historical frames. Furthermore, in real-
world driving, the driver’s attention often dynamically switches between distant and near
targets; relying solely on information from a single scale or isolated frames is insufficient to
accurately depict this process. Therefore, effectively integrating multi-scale spatial features
with temporal contextual information within a unified framework is one of the key issues
for improving the stability and accuracy of DARPs. (3) RGB-semantic bimodal DARP
models usually introduce additional training difficulty because of the distribution gap
between RGB images and semantic maps. Training from random initialization may lead to
slow convergence and optimization instability. Therefore, how to use prior knowledge or
pre-training strategies to improve optimization stability and prediction performance is an
important issue in DARP research. It should be noted that this study focuses on prediction
accuracy and training stability, rather than real-time deployment.

This paper proposes a unified multi-scale, RGB—semantic bimodal, and temporal
modeling framework based on the task requirements of driver attention region prediction.
This framework, grounded in high-resolution feature representations, aims to simultane-
ously consider fine-grained spatial information, global semantic structure, and temporal
continuity in complex and dynamic driving scenarios. Specific contributions are as follows:

(1) We construct an RGB-semantic bimodal fusion framework for driver attention region
prediction based on HRNet. Instead of using a single low-resolution representation,
the framework preserves high-resolution spatial details and integrates multi-scale
contextual information, which is useful for localizing attention regions associated
with small, distant, or structurally important traffic objects.

(2) We introduce a cross-modal and spatial attention refinement process to improve the
interaction between RGB features and semantic features. CMA is used to model the
relationship between visual appearance and semantic scene information, while DSA
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further enhances spatially important regions. This design helps the model focus on
traffic-related areas that are more relevant to driver attention.

(3) We incorporate ConvLSTM and a prior-knowledge-based training strategy into the
RGB-semantic bimodal framework. ConvLSTM is used to model short-term temporal
consistency between consecutive frames, while RGB-only pre-training provides a
task-related initialization for subsequent bimodal fine-tuning. This improves the
optimization stability of the proposed model under the current DARP setting.

2. Related Works

In early studies, driver attention prediction was mainly inspired by the human visual
attention mechanism and modeled using bottom-up saliency detection methods. For
example, the classic saliency model proposed by Itti et al. [5] generates a saliency map by
calculating the contrast relationship between low-level features such as color, brightness
and direction. However, such methods have significant limitations in driving scenarios. On
the one hand, driver attention has obvious task-driven characteristics, and its distribution
is often closely related to traffic rules, risk avoidance and driving goals, rather than being
determined solely by visual saliency [6]. On the other hand, these methods are usually
based on static image modeling, which makes it difficult to characterize the attention shift
process that changes over time in dynamic driving scenarios. With the development of
computer vision and large-scale labeled data, researchers have gradually turned to deep
learning-based methods to improve the model’s expressive power for complex scenarios [7].

Deep learning-based DARP methods typically utilize convolutional neural networks
(CNNs) to automatically extract visual features from RGB images and combine them with
recurrent neural networks (such as LSTMs) to model the temporal changes in driver at-
tention. A typical example is DR(eye)VE [8], which constructs a CNN-LSTM structure to
predict driver attention distribution by fusing road scene images with eye-tracking data.
Although this type of method introduces a temporal modeling mechanism to some extent,
its ability to model complex traffic semantic information is still limited because it mainly
relies on a single modal input. Similarly, some studies based on physiological signals or
vehicle sensor data can capture changes in driver state, but they often lack a comprehensive
understanding of multidimensional information about the driving environment [9]. There-
fore, methods that rely solely on a single data source are prone to problems such as unstable
prediction or a shift in the area of interest in high-speed driving or dense traffic scenarios.

To overcome the shortcomings of single-modal methods, recent studies have gradually
introduced multimodal information, which enhances the model’s understanding of driving
scenarios by fusing visual data with vehicle state information, semantic information, or
other auxiliary modalities. For example, Chen et al. [10] proposed FBLNet, which combines
visual information and vehicle state data and improves the accuracy of driver attention
prediction through a feedback mechanism; Hu et al. [11] used unlabeled eye-tracking
data and scene features to perform multimodal fusion, achieving more robust attention
estimation; in addition, some studies [12] have also explored unsupervised or weakly
supervised multimodal fusion methods to reduce dependence on labeled data and improve
model efficiency. These methods show that multimodal information has a positive effect on
improving DARP performance.

In the further development of multimodal methods, some studies have introduced
more complex network structures and attention mechanisms to enhance information in-
teraction between different modalities. For example, [13] combined convolutional neural
networks with Transformer structures and modeled the relationship between multimodal
features through self-attention mechanisms, thereby improving the accuracy of driver
attention region prediction. In addition, some works [14] have introduced RGB images,
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semantic segmentation maps, depth maps and optical flow information at the same time to
comprehensively characterize driving scenarios. However, the introduction of multimodal
inputs often significantly increases the model training cost and computational complexity.
To this end, some studies [15] have tried to use transfer learning or pre-training strategies
to improve training efficiency.

To address the above issues, existing research has explored various approaches.
In terms of multi-scale feature representation, HRNet proposed by Zhou et al. [16]
has achieved good results in complex image segmentation tasks by maintaining multi-
resolution feature representation in parallel. Wang et al. [17] introduced HRNet into the
object detection task and verified its ability to effectively preserve fine-grained features
under multi-scale conditions, especially in complex environments with dense pedestrian
and vehicle traffic. Xu et al. [18] further applied HRNet to the dynamic driver attention
prediction task, showing that it can better capture the dynamic changes in the driver’s
attention area in high-speed driving scenarios. Meanwhile, some studies have enhanced
the ability to fuse multi-scale information by introducing a feature pyramid network (FPN)
and pyramid pooling module (PPM). Wang et al. [19] introduced an FPN into the driver
attention region prediction model, which effectively improved the model’s ability to rec-
ognize multi-scale targets. Li et al. [20] pointed out that a PPM can enhance the model’s
global perception ability, thereby significantly improving target recognition and localization
performance in complex scenarios. Yang et al. [21] further analyzed the advantages of FPNs
in integrating semantic and detail features at different levels, while Li et al. [22] achieved a
more refined fusion of multi-scale features by introducing an attention mechanism into the
FPN and PPM structures. However, these methods are mostly focused on static images
or general vision tasks, and the modeling of temporal dependencies in driver attention
prediction is still relatively limited.

In terms of temporal modeling, existing research has shown that capturing the chang-
ing patterns of driver attention between consecutive frames is of great significance for
improving prediction stability. The MEDIRL model proposed by Baee et al. [23] empha-
sizes the importance of temporal information modeling in dynamic driving environments.
Zhang et al. [24] constructed a driver attention prediction model based on LSTM, which
can use historical gaze behavior to predict future attention areas. Yang et al. [25] further
proposed a CNN-LSTM structure, which improved prediction accuracy in complex traffic
scenarios by modeling the dependencies between multiple frames. Lee et al. [26] used a
temporal convolutional network to model multiple frames of images, verifying the im-
portant role of historical information in dynamic scenes. However, while these methods
enhance the ability of temporal modeling, they often fail to fully combine the expression of
multi-scale spatial features.

In terms of model training strategies, some studies have introduced pre-training or
transfer learning methods based on prior knowledge to improve training efficiency and
prediction performance. Fu et al. [27] proposed a staged training strategy consisting of first
pre-training on RGB images and then fine-tuning multimodal models, which effectively
improved the prediction accuracy of DARP. Li et al. [28] used RGB image pre-trained
weights to guide the initialization of multimodal models, which accelerated the convergence
speed of the models. Zhao et al. [29] constructed a joint training framework by sharing prior
knowledge among multimodal models, which significantly shortened the training time
and improved the generalization ability of the models. In addition, Wang et al. [30] and
Kim et al. [31] verified the effectiveness of prior knowledge in complex driving scenarios
from the perspectives of self-supervised learning and model initialization, respectively.
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3. Methods

The architecture of the proposed method is shown in Figure 1. MAFF-HRNet is
designed according to the characteristics of driver attention region prediction in complex
driving scenes, where the model needs to capture fine-grained spatial details, task-related
semantic cues, multi-scale traffic objects, and short-term temporal changes. Therefore, each
module in MAFF-HRNet is introduced with a specific functional purpose. HRNet is used to
preserve high-resolution spatial details, CMA is used to strengthen the interaction between
RGB features and semantic features, DSA is used to refine spatially important regions,
PPM-FPN is used to integrate multi-scale contextual information, and ConvLSTM is used
to model temporal consistency in consecutive frames. These modules jointly support
driver attention region prediction from the perspectives of spatial detail preservation, RGB-
semantic feature fusion, multi-scale feature interaction, spatial attention refinement, and
temporal modeling.

Attention map / :

Conv

Sigmoid|

LS TAUOD)

CMA: Cross-modal Attention
PPM: Pyramid Pooling Module
FPN: Feature Pyramid Network
DSA: Dual Spatial Attention

H
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Figure 1. MAFF-HRNet architecture for DARP. Given a video segment with RGB frames, a semantic
image is first obtained through a segmentation model. Then, the RGB image and semantic image
are fed into HRNet for feature extraction, generating RGB and semantic features at different res-
olutions. Multi-scale fusion techniques combining CMA and DSA are used to fuse the features,
and the final features are generated through ConvLSTM. Finally, an attention heatmap is obtained
through decoding.

Given a sequence of five consecutive frames, the RGB input is resized to 192 x 320
and represented as B x 5 x 192 x 320 x 3, while the corresponding semantic input is
represented as B x 5 x 192 x 320 x 1. The RGB and semantic sequences are first fed into
the HRNet-based feature extraction branches to obtain multi-scale spatial representations.
The extracted RGB and semantic features are then aligned in spatial resolution and fused
by CMA to enhance cross-modal interaction. DSA is subsequently applied to emphasize
spatially important regions related to driver attention. The refined features are further
processed by PPM-FPN to aggregate multi-scale contextual information. ConvLSTM is
then used to model short-term temporal dependencies over the five-frame sequence, and
prediction is supervised using the attention map of the last frame. Finally, the decoder
progressively upsamples the fused feature representation through convolution, batch
normalization, nonlinear activation, and bilinear upsampling, followed by a1 x 1 con-
volution with sigmoid activation to generate the final attention heatmap with a size of
B x 192 x 320 x 1.
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3.1. High-Resolution Network Module (HRNet)

We adopted a High-Resolution Network (HRNet) module to fully leverage its advan-
tages in high-resolution image processing, especially in the face of complex backgrounds or
significant changes in lighting. This helps preserve high-resolution spatial information and
reduces detail loss during feature extraction. The detailed process of the HRNet module is
as follows:

Initial Convolution Layer: This layer extracts initial low-level features from the original
input image. This includes convolutional layers, batch normalization (BN) layers, and the
ReLU activation function.

Residual Block: Our high-resolution subnetwork employs residual blocks (ResBlocks).
The key feature of residual blocks is the introduction of a residual learning mechanism,
where the input is directly added to the output via skip connections. This effectively
alleviates the vanishing gradient problem in deep networks and facilitates the training of
deeper networks. Each residual block consists of two convolutional layers, sandwiched
between BN layers and the ReLU activation function.

Parallel Multi-resolution Streams: The high-resolution subnetwork processes the
highest-resolution feature maps, while other parallel low-resolution streams process lower-
resolution feature maps. Information between these streams is exchanged through cross
connections, ensuring that the high-resolution streams utilize the contextual information in
the low-resolution streams, while the low-resolution streams benefit from the fine-grained
information in the high-resolution streams.

We start with a high-resolution subnetwork as the first stage, gradually adding sub-
networks from high resolution to low resolution to form more stages. We connect these
multi-resolution subnetworks in parallel, and throughout the process, we perform multi-
scale fusion by repeatedly exchanging information across these parallel multi-resolution
subnetworks, thus obtaining richer high-resolution representations. Therefore, the pre-
dicted attention heatmap is likely to be more accurate and spatially precise.

3.2. Attention Mechanism
3.2.1. Cross-Modal Attention (CMA) Mechanism

We introduce a cross-modal attention (CMA) mechanism on the same-scale feature
layer output by the HRNet backbone network. This module uses RGB features as queries
and semantic features as keys and values. By explicitly modeling cross-modal correlations,
it guides the modeling of visual attention with semantic information.

The RGB features and semantics output by HRNet are as follows:

Fi c RHIXWIXCI,Fé c RH1><Wl><C1 (1)

where Hj, W}, C; represent the spatial resolution and number of channels of the I-th layer.
First, channel mapping is performed using 1 x 1 convolutions to construct the query, key,
and value:

Q=FWgK=FW,V=FW, )

where Wg, W, and Wy € R denote the attention embedding dimensions, and then the
cross-modal attention weights are calculated:

-
A = Softmax (Q\I/<H> (3)
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The final cross-modal fusion features are as follows:
Fema = AV 4)
And this is fused with RGB features through residual connections:
Fout = Flr + cha (5)

All attention operations are performed at the same spatial resolution to avoid addi-
tional interpolation operations. The input and output feature dimensions of the CMA
module remain consistent, providing a stable feature representation for subsequent PPM-
FPN multi-scale fusion.

3.2.2. Dual Spatial Attention Mechanism (DSA)

The DSA proposed in this paper achieves a progressive enhancement in the driver’s
attention region by introducing spatial constraints at different stages of the network. Specif-
ically, given the input features F € RF*"W*C DSA first performs average pooling and max
pooling along the channel dimension:

Faog = AvgPool (F),Fyax = MaxPool(F) ©)

The average-pooled and max-pooled feature maps are concatenated and processed by
a convolutional layer to generate a spatial attention map.

M; = O’(COI’ZZJ7><7( [Fuvg} Fmax} )) 7)
The final output is as follows:
Fiy = Ms O F (8)

It should be noted that DSA is not used as an isolated attention module but is embed-
ded in both the multi-scale feature fusion stage and the decoding stage, applying spatial
constraints twice to the cross-modal fused features to improve the stability of attention
prediction in complex traffic scenarios.

3.3. Multi-Scale Fusion Technology

In DARP tasks, accurately identifying and locating the driver’s attention focus is
crucial. Traditional single-scale feature extraction methods often fail to capture sufficient
detail at different scales, resulting in poor model performance in complex scenes. To
address this, we propose a multi-scale feature fusion technique that combines a pyramid
pooling module and a feature pyramid network.

Pyramid Pooling Module (PPM)

The PPM is located at the end of the encoder and directly acts on the highest-level
semantic features F € RH*W*C pefore ConvLSTM. The specific operation includes the
following steps:

(1) Pooling operations of different scales are used to extract contextual information of
different scales, resulting in four sets of feature maps P;:

Ps = Pool(F),s € {1x1,2%x2,3x3,6x6} )
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(2) For each pooling result Ps, dimensionality reduction is performed using 1 x 1
convolutions, reducing the number of channels at each pooling scale to C/4.

P! = Convl x 1(P,)P! € RH:*Wsx§ (10)
Pfinq1 is obtained by concatenating the pooling results at different scales:
Pfina1 = Concat (D) (11)

After spatial and RGB-semantic feature fusion, ConvLSTM is used to model short-
term temporal consistency between consecutive driving frames. In the proposed setting,
the temporal input length is set to five frames with a temporal sampling stride of 1. For
a target frame t, the input sequence consists of frames {t — 4,t —3,t —2,t — 1, t}, and
the attention map of frame t is used as the supervision target. Therefore, the model only
uses the current and previous frames for prediction, without accessing future frames after
the target frame. Driver attention usually changes continuously over time, and adjacent
frames provide useful temporal context for predicting the current attention region. By
introducing ConvLSTM after feature fusion, the model can reduce frame-to-frame attention
fluctuation and capture common attention transitions in driving videos, such as gradual
shifts between road regions, vehicles, pedestrians, and traffic-related objects. For extremely
rapid or highly irregular attention shifts, a standard ConvLSTM may still be limited by the
input sequence length and recurrent structure. Such cases may require stronger temporal
modeling, such as Transformer-based temporal attention or other temporal modules.

3.4. Prior Knowledge Training Methods

It is worth noting that the proposed method uses both RGB images and semantic
maps, which increases training complexity compared with single-modal input. To improve
optimization stability, we adopt a prior-knowledge-based training strategy, in which an
RGB-based model is first trained to provide task-related initialization for subsequent RGB-
semantic bimodal fine-tuning. This strategy is designed to facilitate model training and
improve prediction performance.

Specifically, the main process of the prior-knowledge-based training method is as follows:

(1) Acquisition of prior knowledge: Through preliminary research, we found that
using only RGB images can effectively predict the driver’s attention region. Therefore,
as a first step, we pre-train the model using RGB images to obtain preliminary DARP
capabilities. At this point, the model obtains a rough prediction effect, and these prediction
results, together with the model’s initial weights, constitute our “prior knowledge.”

(2) Using prior knowledge to replace layer selection: Once the prior knowledge is
obtained, we apply it to some layers of the model. This prior knowledge will serve as
the initial weights for some network layers, thereby accelerating the subsequent training
process. It should be noted that the RGB-only pre-training stage is used to provide a
task-related initialization for the model rather than to freeze the network parameters or
constrain the final prediction to RGB-only features. The final performance is therefore
not determined only by the initial RGB prior, because the network is further optimized
using both RGB images and semantic images in the subsequent RGB-semantic bimodal
fine-tuning stage. During this process, the semantic branch and the cross-modal fusion
modules continue to learn task-related semantic information, and the influence of the initial
RGB prior can be adjusted through bimodal optimization. Thus, the prior knowledge
obtained from RGB-only training serves as an optimization starting point, while the final
attention prediction is learned through RGB-semantic bimodal fusion.

https://doi.org/10.3390/vehicles8070152


https://doi.org/10.3390/vehicles8070152

Vehicles 2026, 8, 152

9of 15

4. Experimental Results
4.1. Implementation Details

All experiments were conducted on a workstation equipped with an NVIDIA RTX 4060
Ti GPU, under CUDA 11.6, Python 3.9, and TensorFlow 2.10.0. To avoid temporal leakage,
the DR(eye)VE data were partitioned using a video-wise split rather than a frame-wise
random split, and each video was assigned to only one subset before sequence generation.

The semantic maps were generated offline using a pre-trained BiSeNet-Xception
segmentation model. In the semantic image generation stage, each RGB frame was resized
to 512 x 1024 and normalized before being fed into the segmentation model. The predicted
class probability map was converted into a semantic label map using argmax and then
resized back to the original frame size. The generated semantic map was saved with the
same frame name as the corresponding RGB frame to ensure frame-level alignment.

During MAFF-HRNet training, all RGB frames and generated semantic maps were
resized to 192 x 320 before being fed into the network. For temporal modeling, each
training sample consisted of five consecutive frames, and the attention map of the last
frame was used as the supervision target. The model was trained using the Adam optimizer
with an initial learning rate of 1le-4. The batch size was set to 4, and the model was trained
for 100 epochs.

4.2. Experimental Data

Considering that this study focuses on driver attention region prediction in complex
driving environments with RGB-semantic bimodal input, we selected the publicly available
DR(eye)VE dataset as the primary benchmark. The DR(eye)VE dataset contains 74 video
clips and a total of 555,000 frames, covering diverse driving scenes, including city centers,
rural roads, highways, different weather conditions, and illumination changes. Therefore,
it provides a suitable benchmark for evaluating the proposed method under a consistent
experimental protocol. Some scene classifications are shown in Figure 2. It should be noted
that the current experimental validation is conducted within the DR(eye)VE dataset. Since
different datasets may have different annotation protocols, scene distributions, and driving
domains, cross-dataset generalization is not fully evaluated in this study.

Moming|CloudyiHighw Evening|Sunny|Contrysi Night/Cloudy/Downtow
ay de n

Morning|Rainy|Downto Evening|Rainy|Contrysi

wn de Night|Cloudy|/Highway

Morning|Sunny/Downt  Evening|Cloudy|Highw
own ay

Night|Rainy|Highway

Figure 2. Data charts under different traffic environments, weather conditions, and lighting conditions.
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4.3. Evaluation Indicators

To comprehensively evaluate the performance of driver attention prediction, we
adopt four widely used saliency prediction metrics, including KL-div, CC, SIM, and NSS.
Specifically, KL-div measures the distribution discrepancy between the predicted saliency
map and the ground-truth map, where lower values indicate better performance. CC, SIM,
and NSS evaluate complementary aspects of prediction quality from the perspectives of
linear correlation, distribution similarity, and fixation-based response strength, respectively,
where higher values indicate better performance. These metrics are used jointly to provide
a more comprehensive evaluation of the predicted attention maps.

4.4. Comparison Experiment

To evaluate the performance of the proposed MAFF-HRNet, we compare it with four
representative methods, HFT, MLNet, CDNN, and SCAFNet, on the DR(eye)VE dataset.
The comparisons were conducted under the same DR(eye)VE benchmark settings, and
the reported results are intended to evaluate the model’s performance on this dataset.
These baselines were selected to cover different types of attention and saliency prediction
methods, including hand-crafted visual saliency, deep visual saliency prediction, driver
attention prediction, and semantic-aware driver attention modeling. The quantitative
results are reported using KL-div, CC, SIM, and NSS in Table 1, and the corresponding
comparison curves and qualitative visualizations are shown in Figures 3 and 4.

Table 1. Comparison of test performance of different models.

Model KL-div CcC SIM NSS
HFT 2.1542 0.2955 0.1787 0.8629
MLNet 0.8455 0.6321 0.3925 1.5363
CDNN 0.4945 0.8852 0.6323 0.9521
SCAFNet 0.4952 0.8547 0.7025 1.6486
Proposed 0.3141 0.9203 0.7124 4.9875
51 —e= HFT
MLNet
—o— CDNN
—o— SCAFNet

44 —e— Proposed

KL-div cc SIM NSS
Metric

Figure 3. Comparison of line graphs for different models.
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()

Original Image Ground Truth Proposed HFT MLNet SCAFNet

Figure 4. Visualization of different methods for DARP. Each row (a—f) shows one representative
driving scene. The columns from left to right represent: original image, ground truth, prediction
result of the proposed MAFF-HRNet, prediction result of HFT, prediction result of MLNet, and
prediction result of SCAFNet. Warmer colors indicate higher driver-attention responses, while cooler
colors indicate lower responses.

As shown in Table 1, MAFF-HRNet obtains favorable results among the compared
methods under the DR(eye)VE evaluation protocol. Specifically, the proposed method
obtains the lowest KL-div value (0.3141), indicating a smaller distribution discrepancy
between the predicted attention map and the ground-truth gaze map. It also achieves higher
CC (0.9203), SIM (0.7124), and NSS (4.9875) scores than the compared methods, indicating
improved global consistency, distribution similarity, and fixation-related response. Among
these metrics, NSS is a fixation-centric evaluation metric that measures the normalized
response of the predicted attention map at ground-truth gaze locations and reflects the
degree to which the predicted attention is concentrated around fixation-related regions.
Together with the lower KL-div value and higher CC/SIM values, the NSS result provides
complementary evidence that MAFF-HRNet improves driver attention region prediction
under the current evaluation protocol.

As shown in Figure 4, HFT tends to generate scattered hotspots around high-contrast
regions, while MLNet, CDNN, and SCAFNet can capture part of the salient regions but may
still suffer from saliency drift or edge diffusion. In contrast, MAFF-HRNet produces more
concentrated attention regions that are closer to the ground-truth gaze distribution in the
presented examples. These improvements are mainly attributed to high-resolution feature
preservation, RGB-semantic bimodal feature fusion, cross-modal and spatial attention
refinement, multi-scale feature interaction through PPM-FPN, and temporal modeling with
ConvLSTM. For scenes involving rapid gaze shifts, ambiguous traffic context, or imperfect
semantic maps, the prediction may become less stable, and the predicted attention region
may deviate from the ground-truth gaze distribution. Therefore, the results should be
interpreted from the joint evidence of KL-div, CC, SIM, NSS, and qualitative visualization
under the DR(eye) VE evaluation protocol.

4.5. Ablation Experiment

To investigate the contribution of different modules to DARP, we tested different combi-
nations based on evaluation metrics. Table 2 and Figure 5 show the contribution of different
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modules to DARP, with the evaluation based on reducing the use of a particular module.
These include models without HRNet (No-HRNet), models without CMA (No-CMA), models
without DSA (No-DSA), models without PPM and FPN (No-PPM-FPN), models without
Con-vLSTM (No-ConvLSTM), and models without prior knowledge (No-PK).

Table 2. Performance comparison of different combinations.

Methods HRNet CMA DSA PPM-FPN ConvLSTM PK KL-div CcC SIM
No-HRNet X v v v v v 0.3856  0.7352  0.6583
No-CMA v X v v v v 03631  0.7453  0.6124
No-DSA v v X v v v 03710 0.8134  0.6209
No-PPM-FPN v v v X v v 0.3912  0.8347  0.6622
No-ConvLSTM v v v v X v 04412  0.7151  0.5863
No-PK v v v v v X 0.4235  0.8097  0.6219
Ours v v v v v v 03141 09203  0.7124

“w

“v"” denotes that the corresponding module is retained in the model, while “x” denotes that the corresponding
module is removed in the ablation setting.

—e— No-HRNet
0.91 No-CMA

~o— No-DSA

—o— No-PPM-FPN
—o— No-ConvLSTM
0.8 9 —o— No-PK

ours

0.7 4

0.6
0.54

0.4

Score

0.31

KL-div cc SIM
Metric

Figure 5. Ablation comparison curves of different models.

It should be noted that the current ablation study mainly focuses on module removal
analysis within the proposed MAFF-HRNet framework. In the current implementation,
the PPM and FPN are integrated as a coupled multi-scale fusion block, and therefore they
are evaluated together as PPM-FPN rather than as two independently removed modules.
In addition, although NSS is used in the main comparison experiment, the current ablation
table mainly reports KL-div, CC, and SIM to analyze distribution-level prediction changes.
More complete ablation studies, including NSS-based ablation evaluation and a separate
analysis of PPM and FPN, will be further investigated in future work.

We explored the contribution of each component to model performance by progres-
sively removing different modules. The experimental results show that removing any
module negatively impacts model performance to varying degrees. When ConvLSTM is
removed, the model fails to capture cross-frame spatiotemporal dependencies, causing
KL-div to surge by over 40% and CC and SIM to drop by 22% and 18% respectively, result-
ing in the most significant performance degradation. This demonstrates the crucial role
of temporal modeling in stabilizing attention trajectories. Removing the HRNet backbone
leads to a significant drop in all metrics due to the loss of high-resolution details, highlight-
ing the fundamental role of high-resolution features in providing fine context in complex
scenes. Disabling cross-modal channel attention (CMA) weakens the complementary rela-
tionship between RGB and semantic features, causing SIM to drop to 0.61, indicating that
cross-modal interaction is indispensable for suppressing semantic noise and highlighting
salient regions. While removing dual spatial attention (DSA) retains a high CC, it sacrifices
precise focusing on local saliency. Removing PPM-FPN weakens multi-scale contextual
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aggregation, resulting in higher KL-div and lower SIM, demonstrating the importance of
multi-scale information in scenes with mixed far/near targets. Finally, disabling the “RGB
prior pre-training + RGB-semantic bimodal fine-tuning” strategy significantly reduces
both CC and SIM, validating the value of prior knowledge in accelerating convergence and
improving generalization performance.

Overall, the ablation results show that removing different components causes per-
formance degradation to different degrees. This indicates that the introduced modules
contribute to the prediction performance of MAFF-HRNet within the current framework.
Therefore, architectural complexity is related to the multi-factor nature of driver atten-
tion region prediction, including spatial detail preservation, RGB—semantic feature fusion,
multi-scale feature interaction, spatial attention refinement, and temporal modeling, rather
than simple module stacking.

Although these results indicate the effectiveness of MAFF-HRNet for driver attention
region prediction, the current model is relatively complex compared with lightweight
single-frame saliency models, because it integrates high-resolution feature extraction,
RGB-semantic fusion, multi-scale contextual aggregation, and ConvLSTM-based temporal
modeling. Therefore, the results should mainly be interpreted from the perspective of
prediction quality under the DR(eye)VE evaluation protocol, rather than as evidence of
real-time in-vehicle deployment capability. The computational cost of the model should
be considered when applying it to resource-constrained onboard platforms. It should be
noted that the current ablation study mainly evaluates the contribution of each compo-
nent through module removal experiments within the MAFF-HRNet framework. More
comprehensive module replacement comparisons and an independent analysis of differ-
ent input modalities would further strengthen the evaluation of module selection and
semantic guidance.

5. Conclusions

In summary, this study proposes MAFF-HRNet, a bimodal RGB-semantic fusion
network for driver attention region prediction. By integrating high-resolution feature
extraction, cross-modal attention, dual spatial attention, multi-scale feature fusion, temporal
modeling with ConvLSTM, and a prior-knowledge-based training strategy, the proposed
method improves driver attention region prediction on the DR(eye)VE dataset. The results
show that combining semantic scene information, multi-scale spatial representation, and
temporal context is beneficial for generating more accurate attention heatmaps in complex
driving scenes.

Although the DR(eye) VE dataset contains diverse driving scenarios, the current valida-
tion is still limited to this benchmark, and the generalization ability of MAFF-HRNet under
unseen driving domains remains to be further examined. Future work will extend the
evaluation to strictly harmonized cross-dataset settings and investigate domain adaptation
strategies for adverse weather, illumination changes, and substantially different driving
scenarios, such as highways and dense urban areas. Since ConvLSTM mainly captures
short-term temporal consistency, more advanced temporal modules, such as Transformer-
based temporal attention, will also be explored to model long-range dependencies and
highly irregular attention shifts. In addition, the computational efficiency and deployment
performance of MAFF-HRNet on resource-constrained onboard platforms will be further
evaluated. More fine-grained ablation analysis of the multi-scale fusion components will
also be considered to better understand the contribution of different architectural modules.
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Abbreviations

The following abbreviations are used in this manuscript:

DARP Driver Attention Region Prediction
MAFF-HRNet Multi-Attention Feature Fusion High-Resolution Network
HRNet High-Resolution Network

CMA Cross-Modal Attention

DSA Dual Spatial Attention

PPM Pyramid Pooling Module

FPN Feature Pyramid Network

ConvLSTM Convolutional Long Short-Term Memory
CNN Convolutional Neural Network

LSTM Long Short-Term Memory

KL-div Kullback-Leibler Divergence

CcC Correlation Coefficient

SIM Similarity

NSS Normalized Scanpath Saliency
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