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Abstract—Object segmentation based on multi-sensor fusion
is a critical technique in autonomous vehicles, providing several
benefits, including increased accuracy, robustness to adverse
conditions, heightened situational awareness, and efficient pro-
cessing. In this paper, we introduce a novel feature fusion-
based object segmentation model named Depth-Aware Feature
Pyramid Network that integrates RGB and depth information
using a multi-scale feature fusion mechanism. As a result,
the proposed algorithm can dynamically fuse features from
multiple modalities, namely RGB and depth, to perform object
segmentation with depth awareness. To validate the performance
of the proposed algorithm, we conducted experiments on the
Cityscapes benchmark and achieved a 72.4% mean Intersection
over Union (mIOU), outperforming related object segmentation
methods for autonomous vehicles.

Index Terms—Autonomous Vehicle, Convolutional Neural Net-
work, Object Segmentation, Feature Fusion, Multi Sensor Fusion

I. INTRODUCTION

Object segmentation is an important task in autonomous
vehicles as it enables the vehicle to accurately perceive and
understand its environment. The ability to identify and segment
objects in the scene, such as other vehicles, pedestrians, road
signs, and lane markings, is crucial for the vehicle to make
safe and informed decisions while driving. Recently, object
segmentation based on deep learning has become a highly
active area of research in recent years. The use of deep learning
algorithms has led to significant advances in the accuracy
and robustness of object segmentation, making it a promising
solution for an autonomous driving system.

Specifically, RGB and depth fusion based object segmenta-
tion is a powerful approach for autonomous driving, offering
improved accuracy, robustness, and efficiency compared to
using a single sensor. By combining information from multiple
sources, the vehicle can obtain a more complete and accurate
representation of its environment, allowing it to make more
informed decisions and navigate more safely and efficiently.

There are several studies on object segmentation based
on the fusion of RGB and depth information. Choy, et al.
[1] presents a real-time RGB-D object instance segmentation
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method based on a novel neural network architecture called
Receptive Field BlockNet. The method fuses RGB and depth
information at multiple levels of the network to achieve
improved accuracy and robustness. Lin, et al. [2] proposed
a depth-aware object segmentation method that uses a combi-
nation of RGB and depth information to improve the accuracy
and robustness of object segmentation. The method uses a deep
neural network to learn to make use of both RGB and depth
information in an effective way. Weng, et al. [3] suggested a
method for RGB-D object detection and segmentation using
convolutional neural networks. The method combines RGB
and depth information to achieve improved accuracy and
robustness in object detection and segmentation.

In this paper, we propose a novel technique that combines
RGB and depth information and is named “Depth-Aware
Feature Pyramid Network (DAFPN)”. The proposed method
employs a multi-modal feature fusion mechanism with multi-
scale features to effectively utilize RGB and depth information.
The feature fusion layer is a specific type of layer in a neural
network that combines information from multiple sources or
modalities. The purpose of a feature fusion layer is to integrate
information from different sources in a way that is useful for
the object segmentation. Feature pyramid network is designed
to effectively process multi-scale information by creating a
pyramid-like structure of feature maps, where each level of
the pyramid represents a different scale of features.

In summary, the main contributions of this study are as
follows:

• We propose an effective feature fusion algorithm, called
Depth-Aware Feature Pyramid Network (DAFPN), which
appropriately combines the features from RGB and depth
information.

• The use of an multi-scale feature fusion mechanism
enables DAFPN to effectively filter out redundant features
when combining information and retain features that
enhance object segmentation performance.

• To demonstrate the effectiveness of DAFPN, we evaluate
its performance using benchmark dataset. The results of
extensive experiments suggest that DAFPN outperforms
previous algorithms.

The remainder of this paper is organized as follows: Section
II provides a brief introduction to feature fusion and attention
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Fig. 1: Neural architecture for object segmentation with depth-aware feature pyramid network in autonomous vehicles.

mechanisms. Section III details our proposed object segmenta-
tion algorithm, focusing on the Depth-Aware Feature Pyramid
Network. The experimental results are presented and analyzed
in Section IV, and the study is summarized in Section V.

II. PRELIMINARIES

A. Feature Fusion

Feature fusion is a technique in deep learning that combines
multiple representations of the same data to produce a more
robust and accurate output. In the context of convolutional
neural networks (CNNs), feature fusion can be achieved
through various methods, such as concatenation, summation,
and element-wise multiplication.

There are several mechanisms for feature fusion, including:
Concatenation: This involves concatenating the feature maps
from different layers or branches of the network along a spe-
cific axis to form a combined feature map. The concatenated
feature map is then fed into the next layer of the network.
Summation: In this mechanism, the feature maps from differ-
ent layers or branches of the network are summed element-
wise to form a combined feature map [5]. Element-wise
multiplication: This involves element-wise multiplication of
the feature maps from different layers or branches of the
network to form a combined feature map [6]. Attention Mech-
anism: This mechanism involves learning a weighting factor
for each feature map that determines its contribution to the
final combined feature map. The attention mechanism can be
implemented using various methods, such as the dot product,
softmax activation, or neural network-based approaches. Each
of these mechanisms has its own strengths and weaknesses,
and the choice of which to use will depend on the specific
problem being solved and the nature of the data [7].

B. Feature Pyramid Network

The feature pyramid network (FPN) architecture is designed
to effectively process multi-scale information by creating a
pyramid-like structure of feature maps, where each level of
the pyramid represents a different scale of features.

In the FPN, the input image is first passed through a series of
convolutional and pooling layers to extract features at multiple
scales. These features are then up-sampled and combined to
create a hierarchical pyramid of features, where each level
of the pyramid contains information at a different scale. This

allows the network to effectively process objects at multiple
scales and handle objects of varying sizes in the image. The
FPN architecture has several benefits compared to traditional
CNNs. First, the FPN allows the network to process features at
multiple scales, which can improve its ability to detect objects
at different scales. Second, the FPN reduces the amount of
computation required for processing large input images, as the
pyramid structure allows for reusing the computed features at
different scales. Finally, the FPN can help alleviate the issue
of vanishing gradients that is commonly encountered in deep
neural networks.

III. PROPOSED METHOD

The proposed model for object segmentation is designed
specifically for autonomous vehicles, utilizing a multi-sensor
fusion approach that combines RGB and depth data. Figure 1
illustrates the neural architecture of the model. As shown in
the figure, it can be observed that the proposed technology
utilizes a depth-aware feature pyramid network to extract
and represent features suitable for object segmentation from
various resolution image and depth information. By inputting
image and depth information sequentially into the DAFPN in
the proposed neural network, each DAFPN module can secure
various gradient flows, ultimately enhancing the quality of
convergence during the learning process. Therefore, we have
not only designed a new feature fusion module for multi-
sensor fusion but also proposed an object segmentation tech-
nique that incorporates depth information by utilizing multi-
resolution features. This is one of the crucial technologies in
the development of autonomous driving. The detailed structure
of the proposed FPN can be found in Figure 2.

The proposed DAFPN consists of two parts: one that
processes RGB information and another that processes depth
information. For the part that processes the RGB input, a
feature aggregation module based on concatenation is utilized
to incorporate features of various resolutions. Although this
method may have a negative impact on the computational
complexity of the neural network, the performance of object
segmentation techniques primarily relies on image information
input from the camera. Based on various empirical studies,
setting fewer trainable parameters in the image information
input section can actually lead to a critical decrease in object
segmentation performance. Therefore, the part that processes
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Fig. 2: Framework of the proposed depth-aware feature pyra-
mid network (DAFPN) module. Blue- and red-colored boxes,
which represent 3×3 convolutional layers with an input depth
size of C and a number of filters of 2C, denoted as ”3×3,
C, 2C”. The GAP means global average pooling layer. The
⊗ symbol is used to indicate channel-wise multiplication.

image features utilizes the multi-scale layer aggregation tech-
nique, the rationality of which can be confirmed in the [12].

The key feature of the proposed feature network in this
paper is processing depth information. Depth information in
autonomous driving vehicles can be obtained through LiDAR.
However, utilizing depth information in the form of point
clouds requires the use of complex convolutional layers such
as sparse convolutional layers or 3D convolutional layers. Fur-
thermore, the features extracted using these layers are difficult
to fuse with the feature-maps of general 2D convolutional lay-
ers. On the other hand, replacing point cloud information with
depth image information has a higher computational efficiency
compared to using complex neural networks. Therefore, the
proposed object segmentation technique easily utilizes widely
used convolutional neural network techniques by using image-
formatted depth information.

In contrast to the structure that processes image information,
the structure that processes depth information does not utilize
cross-stage connections. The depth information is processed
through a single convolutional layer, and the resulting fea-
ture information is fused with the features extracted from
the image information. Furthermore, the depth information
is transformed into a vector that can perform channel-wise
multiplication through a different branch structure. This pro-
cess gives channel-wise attention to the fused features that
are extracted from both image and depth information. The
reason for this approach is that depth information represents
information about objects that are relatively close more clearly
than objects that are farther away, as the depth information
may lose information or have sparse features for objects
that are far away. Therefore, instead of using various spatial
features extraction and representation methods as used for
image information processing in the proposed module, a global
average pooling layer is utilized to fuse channel-wise features.

Ultimately, using the methods described above, the image
and depth information are combined to form a single feature
map, which is then used to construct the depth-aware feature

TABLE I: Quantitative Experimental Results on the Cityscapes
Benchmark using an RTX 3090.

Network Input Size mIoU # Param. FPS

[4] 1024×512 58.3 0.36E9 83.7
[8] 640×360 56.1 29.5E9 17.3
[9] 1536×768 68.4 5.8E9 107.8
[10] 640×360 64.8 0.53E9 52
[11] 2048×1024 70.1 0.55E9 31.2
Ours 2048×1024 72.4 0.58E9 30.4

pyramid network. To summarize, for image information, the
proposed feature fusion method that extracts and integrates
multi-resolution features is used to enhance the gradient flow
and capture detailed features. For depth information, the our
method that forms channel features rather than spatial features
is used to overcome the limitation of resolution. Using these
methods, the proposed depth-aware feature pyramid network
achieves multi-sensor fusion of depth and RGB information in
the form of neural feature fusion, including multi-resolution
feature fusion to improve object segmentation performance.

IV. EXPERIMENTAL RESULTS

A. Implementation Details

The Cityscapes dataset focuses on semantic understanding
of urban scenes and includes a total of 5,000 fine annota-
tion and 20,000 coarse annotation images. The images were
captured from 50 different cities under various seasons and
weather conditions. The fine annotation set includes 2975
training, 500 validation, and 1525 testing images, with an
original resolution of 1024 × 2048. The dataset encompasses
19 classes that are grouped into 7 categories, such as vehicles,
which include cars, trucks, and buses. All experiments were
conducted using code written in PyTorch and the results were
obtained using an RTX 3090. The experimental settings, in-
cluding the loss function, were consistent with those described
in [11].

B. Quantitative Experimental Results

The quantitative evaluation results of the proposed im-
age segmentation technique are presented in Table 1. The
quantitative evaluation was conducted based on three evalu-
ation criteria: mIOU (mean Intersection Over Union), which
represents object segmentation performance, the number of
parameters, which reflects the storage complexity of the neural
network, and FPS, which represents the time complexity of the
neural network. To ensure a fair comparison between object
segmentation techniques, the results presented in Table 1 are
the average values obtained from a total of 10 independent
experiments.

The quantitative evaluation results showed that the proposed
technique achieved higher mIOU performance than all the
compared techniques. This demonstrates that the proposed
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Fig. 3: Qualitative Experimental Results on the Cityscapes Benchmark: (First Column) RGB image (above) and depth image
(below); (Second Column) Ground truth images; (Third Column) Images generated by [11]; (Fourth Column) Images generated
by DAFPN.

technique successfully fused depth information in an appropri-
ate form with the feature information extracted from the image,
which led to the superior performance in mIOU. Furthermore,
the fact that the proposed neural network architecture has
a similar number of parameters to the existing techniques,
despite the need for a separate neural network structure for
receiving depth information to perform multi-sensor fusion,
indicates that the proposed network structure has an efficient
design. Although the FPS was measured low due to the
computational process in the neural network structure that
processes image information using DAFPN, considering both
mIOU and the number of parameters, it can be seen that the
proposed technique has an appropriate level of FPS.

C. Qualitative Experimental Results

The results of the qualitative evaluation are shown in Figure
3. In the qualitative evaluation, a comparative experiment
was conducted between the proposed technique and [11],
which showed the closest performance level to the proposed
technique. Object segmentation, as it is also called pixel-
wise classification, requires the ability to accurately extract the
shape of each object. As can be seen in the enlarged images of
the results presented in the second row, the proposed technique
provides better quality object segmentation results than the
existing techniques. Especially, by utilizing depth informa-
tion, the proposed technique clearly represents the unknown
structure installed on the signpost, and cleanly distinguishes
human and bicycle objects by complementing various human
shapes that are difficult to distinguish by image information.
The above qualitative experimental results provide more clear
evidence of the performance improvement effect of DAFPN,
and demonstrate that the multi-sensor fusion technique through
feature fusion of depth and image information has been
implemented.

V. CONCLUSION

The proposed Depth-Aware Feature Pyramid Network
(DAFPN) fuses features from RGB images and depth im-
ages through multi-scale feature fusion mechanisms to en-

hance object segmentation in autonomous vehicles. This novel
feature pyramid network incorporates depth information to
learn via supervision of 3D information, which is a key
factor in performance improvement. The effectiveness of the
proposed algorithm has been verified both quantitatively and
qualitatively through extensive experiments on the Cityscapes
benchmark. As future work, the DAFPN can be combined with
an attention mechanism to adaptively fuse features.
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