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Vehicle detection is a crucial task in autonomous driving systems. Due to large variance of scales and heavy occlusion of vehicle in
an image, this task is still a challenging problem. Recent vehicle detection methods typically exploit feature pyramid to detect
vehicles at different scales. However, the drawbacks in the design prevent the multiscale features from being completely exploited.
'is paper introduces a feature pyramid architecture to address this problem. In the proposed architecture, an improving region
proposal network is designed to generate intermediate feature maps which are then used to add more discriminative repre-
sentations to feature maps generated by the backbone network, as well as improving the computational cost of the network. To
generate more discriminative feature representations, this paper introduces multilayer enhancement module to reweight feature
representations of feature maps generated by the backbone network to increase the discrimination of foreground objects and
background regions in each feature map. In addition, an adaptive RoI pooling module is proposed to pool features from all
pyramid levels for each proposal and fuse them for the detection network. Experimental results on the KITTI vehicle detection
benchmark and the PASCAL VOC 2007 car dataset show that the proposed approach obtains better detection performance
compared with recent methods on vehicle detection.

1. Introduction

Vehicle detection is an important task in autonomous
driving systems, traffic control, management, and so on.
With the fast development of autonomous driving in recent
years, vehicle detection methods based on computer vision
are getting more attention. Traditional approaches for
detecting vehicles in images usually use motion and
handcrafted features of vehicles such as colour, edge,
character, and texture to locate their position. However, with
a variety of vehicle orientations and scales in urban driving,
along with occlusions, detecting vehicles based on hand-
crafted features is a challenging problem.

In general, vehicle detection can be considered as a
special topic of generic object detection. In recent years, deep
convolutional neural network (CNN) object detectors such
as faster R-CNN [1], SSD [2], and YOLOv2 [3] have achieved
significant improvements on general object detection
compared with conventional methods. However, these

object detectors are based on single scale feature map for
detecting objects, thus limiting the detection performance of
detecting multiscale objects and objects in difficult condi-
tions. To further improve the detection performance, some
frameworks such as FPN [4] and RetinaNet [5] proposed
using multiscale feature maps generated by backbone net-
work for locating objects. 'e idea of using multifeature
representations and hybrid fusion has been proposed in
many fields [6] and achieved certain successes. However,
using multiscale feature map generated by the base network
with less semantic information prevents the multiscale
features from being completely exploited [7].

Motivated by the above research ideas, this paper pro-
poses a deep CNN approach based on faster R-CNN with
FPN backbone for vehicle detection. In the proposed
framework, an improving region proposal network (RPN) is
introduced to generate intermediate feature maps which are
then used to generate enhanced feature maps with more
discriminative representations by a multilayer enhancement
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module. 'e multilayer enhancement module contains only
simple operations to reduce computational cost. In addition,
an adaptive RoI pooling module is proposed to pool features
from all pyramid levels for each proposal and fuse them for
the detection network. In addition, an adaptive RoI pooling
layer is designed to pool features from all pyramid levels and
fuse them for the detection network.

'e main contributions of this paper can be summarized
as follows:

(i) A novel multilayer enhancement module is intro-
duced to generate more discriminative represen-
tation feature maps. By improving multiscale
features with strong semantics, the performance of
vehicle detection has been significantly improved.

(ii) For generating proposals, an adaptive RoI pooling
module is designed to better exploit RoI features
from different pyramid levels and produce a better
RoI feature for subsequent location refinement and
classification.

(iii) Using a two-stage strategy with enhanced feature
maps and multiscale feature learning, the proposed
approach achieves better detection accuracy than
other state-of-the-art methods on vehicle detection.

'e remaining parts of this study are organized as fol-
lows. Section 2 reviews recent works on vehicle detection.
Section 3 elaborates the proposed approach. Section 4
presents the experimental results and comparison between
the proposed framework and recent frameworks. Finally, the
conclusions are reviewed in Section 5.

2. Related Work

'is section gives a brief introduction of recent deep CNN
detection frameworks based on multilayer features and
vehicle detection frameworks based on computer vision,
including traditional methods and deep CNN methods.

2.1. Deep CNN Detection Frameworks Based on Multilayer
Features. Deep CNN detection framework such as faster
R-CNN or SSD have achieved significant performance on
object detection compared with conventional methods.
However, these popular object detectors are based on single
scale feature map for detecting objects, thus limiting the
detection performance of detecting multiscale objects and
objects in difficult conditions. Some frameworks such as
FPN [4] and RetinaNet [5] proposed to use multiscale
feature maps generated by backbone network at different
layers for locating objects. To further improve the detection
performance of detecting objects in difficult conditions
based multiscale features, multilayer proposal [8] applied a
deconvolution module to a lightweight architecture to
generate enhanced feature map which can improve small
object detection. MFANet [9] proposed a multilevel feature
aggregation network which first extracts the deep features
and filters the redundant channel information to optimize
the learned context and then uses high-level features to
provide guidance information for low-level features. In

DAU-Net [10], deep feature information is fused with
shallow feature information through multiscale attention
modules to improve to the accuracy of water segmentation.
In [11], the authors introduced an improved atrous spatial
pyramid pooling method to extract the multiscale deep
semantic information. 'e global attention up-sample
mechanismwas used to fuse deep semantic information with
shallow spatial information, which improved ability to
utilize global and local features.

2.2. Vehicle Detection. A vehicle detection system based on
computer vision typically consists of two parts: locating
vehicle candidate regions and classifying candidate regions.
Conventional methods for vehicle detection are usually
based on motion and appearance of vehicles in images to
locate them.Motion-basedmethods use the motion to detect
the vehicles in image frame. Background subtraction [12]
and optical flow [13] are most widely used methods that are
based on the motion of vehicles. To improve detection
performance, optical flow is combined with symmetry
tracking [14] and handcrafted appearance features [15].
Appearance-based methods usually adopt external physical
features of vehicles such as colour, texture, edge, and shape
to locate vehicles. 'ese methods first define regions in
image by some feature descriptors and then classify these
regions into different classes such as vehicle and back-
ground. Variety feature descriptors have been used in this
field such as HOG [16], SURF [17], Gabor [18], and Haar-
like [19]. 'ese feature descriptors are usually followed by
classifiers such as SVM [16], artificial neural network [18],
and Adaboost [19]. Conventional methods have achieved a
certain level of success in vehicle detection. However, with a
variety of vehicle orientations and scales in urban driving,
along with occlusions, detecting vehicles based on hand-
crafted features is still a challenging problem.

In recent years, deep CNNs have demonstrated superior
performance in various tasks compared to conventional
learning methods. As a result, many vehicle detection
methods based on deep CNN have been proposed and
achieved significant improvements. In [20], the authors
introduced a vehicle detection approach based on multitask
deep CNN, including category classification, bounding box
regression, overlap prediction, and subcategory classifica-
tion. A region-of-interest voting scheme and multilevel
localization were also introduced to further improve de-
tection accuracy and reliability. 'is approach achieved
satisfactory results on standard dataset. In [21], the deep
model was used for vehicle detection that consists of feature
extraction, deformation processing, occlusion processing,
and classifier training using the back-propagation algorithm
to enhance the potential synergistic interaction between
various parts and to get more comprehensive vehicle
characteristics. Li et al. [22] introduced a deep network
which consists of YOLO under the Darknet framework for
multivehicle detection from traffic video. 'e detection
results showed that the method was suitable for the multiple
target detection of different traffic densities. Wang et al. [23]
proposed a real-time vehicle detection algorithmwhich fuses
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vision and lidar point cloud information to take the ad-
vantages of the depth information generated by lidar sensor
and the obstacle classification ability generated by vision
sensor. 'e proposed algorithm significantly improved ve-
hicle detection accuracy, especially for vehicles with severe
occlusion. 'e authors in [24] introduced a flexible
bounding-box generating algorithm to locate vehicle can-
didate regions and a graph-based algorithm to compute a
vehicle proposal score for each bounding box. With these
algorithms, the vehicle detection problems such as false
alarms and occlusions in complex backgrounds were solved
effectively. In [25], a scale-insensitive CNN is introduced to
detect vehicles with a large variance of scales accurately and
efficiently. 'e scale-insensitive CNN included context-
aware RoI pooling scheme to preserve the original structures
of small-scale objects and multibranched decision network
which each branch is designed to minimize the intraclass
distance of features to effectively capture the discriminative
features of objects with various scales. In [26], the author
proposed an improved framework based on faster R-CNN
for fast vehicle detection. 'e proposed framework adopted
MobileNets architecture [27] to build the base convolution
layer in Faster R–CNN. In addition, Soft-NMS algorithm
was used to solve the issue of duplicate proposals and
context-aware RoI pooling layer was adopted to adjust the
size of proposals without sacrificing important contextual
information.

3. Methodology

'is section presents the details of the proposed deep CNN-
based framework for vehicle detection. 'e proposed
framework is based on the faster R-CNNwith FPN backbone
[4].

3.1. Improving RPN. 'e faster R-CNN with FPN backbone
[4] adopts the RPN at different feature maps for generating
proposals with different scales and aspect ratios.'e original
RPN includes a 3× 3× 256 convolution layer followed by
two parallel 1× 1 convolution layers for classifying and
regressing proposals. Since the RPN is trained to locate
foreground regions under the supervision of ground truth
regions, the intermediate feature layer in the RPN contains
discriminative features between foreground regions and
background regions and can be used to enhance other
feature layers by strengthening foreground features and
suppressing background features. 'e more discriminative
information in the intermediate feature layer generated by
the RPN, the more discriminations of foreground objects
and background regions are produced in the enhanced
feature layers generated from the intermediate feature layer,
which can improve the overall detection performance. Based
on this analysis, this paper designs an improving RPN based
on depth-wise dilated separable convolutions [28] to not
only facilitate the intermediate feature layer in the RPN but
also reduce computational cost. Depth-wise dilated sepa-
rable convolutions use lightweight filters by factoring a
standard convolution into two layers: depth-wise dilated

convolution with a dilation rate of r to learn representations
from large effective receptive field and point-wise convo-
lution to learn linear combinations of input. Depth-wise
dilated separable convolutions also provide better compu-
tational cost compared to standard convolution layers.

'e structure of the proposed RPN is shown in Figure 1.
Based on the structure of depth-wise dilated separable
convolutions, this paper first replaces 3× 3× 256 convolu-
tion layer in the original RPN by a 3× 3 depth-wise dilated
convolution layer with dilation rate of 2. 'is results in a
larger receptive field. Large receptive field will encode more
discriminative information in the intermediate feature layer
generated by the RPN, which facilitates the enhanced feature
map generated by the multilayer enhancement module as
described in Section 3.2.'en, a 1× 1 convolution layer with
256 channels is added to compares the number of channels
of the output feature map. In practice, 3× 3 depth-wise
dilated convolution followed by 1× 1× 256 convolution
layer provides better runtime speed compared to 3× 3× 256
counterparts while effectively enlarging the receptive field.

3.2. Multilayer Enhancement Module. High-resolution
shallow features generated by deep CNNs network usually
contain more detailed information such as edges and tex-
tures, while low-resolution deep features focus on semantics
information of objects. Deep CNNs-based object detectors
based on the last feature layer of the backbone network such
as faster R-CNN are prone to miss detection for small
objects. On the other hand, simple prediction based on
multilayer features such as SSD can accelerate the inference
speed of the network, but excessive use of shallow infor-
mation makes the classification subnet less robust. In recent
years, feature pyramids network FPN [4] has been widely
applied in multiscale object detection. FPN fuses features of
different scales by upsampling and summation in a top-
down path. However, features at different scales generated
by deep CNNs backbone usually contain information at
different abstract levels, fusing multiple features with large
semantic gaps between them would lead to a suboptimal
feature pyramid. Normally, the feature representations of
foreground objects need to be higher than that of back-
ground regions to achieve the best detection performance.
To improve the detection performance based on this idea,
the authors in [29] proposed PANet with a bottom-up path
augmentation module to enhance the entire feature hier-
archy with accurate localization signals in lower layers.
However, due to different contributions of feature layers at
different resolutions to augmentation path, treating feature
layers of different importance equally will have a negative
impact on the network [30]. Moreover, PANet increases the
model parameters significantly. Motivated by these insights
and the design of improving RPN in Section 3.1, this paper
proposes a novel multilayer enhancement module based on
the intermediate feature layers generated by the improving
RPN to enhance multilayer feature maps generated by
backbone network and improve the performance of de-
tection network. 'e multilayer enhancement module
reweights feature representations of feature maps generated
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by backbone network to increase the discrimination of
foreground objects and background regions in each feature
map. Figure 2 illustrates the structure of the multilayer
enhancement module. First, the intermediate feature map
from the improving RPN, which is trained to contain dis-
criminative representations of foreground objects and
background regions, is fed into a sigmoid layer after a batch
norm layer to rescale the values of the output features within
[0, 1]. 'en, the feature map generated by the backbone is
reweighted by multiplication operation with the corre-
sponding output feature map. By rescaling, the values of the
output features within [0, 1] and applying multiplication
operation, the feature distribution in final feature map is
refined by strengthening foreground features and sup-
pressing background features. As a result, the final enhanced
feature map contains more discriminative representations of
foreground objects and background regions, which can
improve the detection performance of the detection net-
work. It should be noted that the multilayer enhancement
module contains only simple operations; thus the compu-
tational cost of the module is insignificant. Figure 3 shows
visualization of one feature map layer generated by back-
bone network (middle column) and that layer after en-
hancing by the multilayer enhancement module (right
column). It is clear that the multilayer enhancement module
effectively refines the feature distribution with foreground
features enhanced and background features weakened.

3.3. Adaptive RoI PoolingModule. In the faster R-CNN with
FPN backbone, proposals are pooled from one certain
pyramid level, which is chosen according to the size of
proposals, by a RoI pooling layer. In general, small proposals
are extracted from low-level features and large proposals are
extracted from high-level features. In some cases, two
proposals with similar sizes may be extracted from different
feature levels, which may produce nonoptimal results. To
address this problem, PANet [29] introduced Adaptive
Feature Pooling (AFP) structure, which pools features from
all levels for each proposal and fuses them for following
prediction. To be more specific, AFP structure first pools
features from all levels by RoIAlign [31]. 'en a fusion
operation (element-wise max or sum) is used to fuse features
from different levels after adapting them with fully con-
nected layers. AFP structure improves the performance of
instance segmentation. However, the extra fully connected
layers in this structure increase the parameters significantly.

Motivated by AFP structure, this paper introduces an
adaptive RoI pooling module to better exploit RoI features

from different pyramid levels and produce better RoI fea-
tures for subsequent location refinement and classification of
vehicles, especially for small vehicles. Figure 4 shows the
structure of the proposed adaptive RoI pooling module,
which is simple in implementation. First, each RoI generated
by the improving RPN subnet is mapped to all enhanced
feature levels generated by the multilayer enhancement
module. 'en, context-aware RoI pooling (CARoI pooling)
[25] is adopted to pool features from each level. CARoI
pooling includes two operations to generate fixed size
proposals: max pooling to reduce the size of proposals and
deconvolution operation to enlarge the size of proposals.
CARoI pooling provides better performance of detecting
small objects compared to traditional RoI pooling and
RoIAlign used in PANet [25, 26]; thus it can be used to
enhance the performance of detecting small vehicles. Finally,
instead of adapting the RoI features with fully connected
layers like AFP structure, this paper uses max operation to
fuse features from different levels. Since the proposed
adaptive RoI pooling module does not introduce extra fully
connected layers to adapt the RoI features, it would sig-
nificantly decrease the model parameters. As a result, the
proposed pooling module requires extremely fewer pa-
rameters compared to AFP structure in PANet while
achieving comparable detection performance.

3.4. Network Architecture. 'e proposed network is built by
using FPN backbone, multilayer enhancement module,
improving RPN, and adaptive RoI pooling module as shown
in Figure 5. Following FPN [4], this paper also adopts ResNet
[32] as the basic network and uses {P2, P3, P4, P5} produced
by feature pyramid as inputs of the improving RPN and the
multilayer enhancement module. 'e improving RPN is
applied to all different scale levels of feature maps {P2, P3,
P4, P5} to generate corresponding intermediate feature
layers and RoIs. As in [4], this paper also assigns anchors of a
single scale and multiple aspect ratios at each level. To be
more specific, this paper defines the anchors to have areas of
{32× 32, 64× 64, 128× 28, 256× 256} pixels on {P2, P3, P4,
P5}, respectively. For trade-off between recall and inference
speed, three anchor box ratios of {1 :1, 1 : 2, 2 :1} are used at
each location. 'us, there are total 12 anchors over the
feature pyramid. Since there are many RoIs heavily over-
lapping with each other, nonmaximum suppression (NMS)
algorithm is adopted to filter the number of RoIs before
feeding them into the adaptive RoI pooling layer. 'is paper
sets the intersection-over-union (IoU) threshold at 0.7 for
NMS. 'en, this paper assigns anchors training labels based

Input
feature map

3 × 3 × c × 1 DW
dilated convolution

layer

1 × 1 × 1 × 256 PW
convolution layer

Intermediate
feature map

1 × 1 × 256 × 2k
convolution layer

Proposals 

Classification 

Regression 1 × 1 × 256 × 4k
convolution layerw × h × c

Figure 1: 'e structure of the improving RPN, each convolution layer is shown as kernel_size×number_of_
kernels×number_of_output_channels.
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on their IoU ratios with ground truth bounding boxes. To be
more specific, if the anchor has IoU over 0.7 with any ground
truth box, it will be set as positive anchor. In addition,
anchors which have the highest IoU for each ground truth
box will also be assigned as positive anchor. Otherwise, if
anchors have IoU less than 0.3 with all ground truth boxes,
they will be set as negative anchor. 'e parameters of the
improving RPN are shared across all feature pyramid levels.
'emultilayer enhancement module takes feature maps {P2,
P3, P4, P5} generated by feature pyramid and intermediate
feature layers produced by the improving RPN as inputs and
generates corresponding enhanced feature maps {E2, E3, E4,
E5}. 'ese enhanced feature maps are then fed into the
adaptive RoI pooling layer. Based on enhanced feature maps
and RoIs produced by the improving RPN, the adaptive RoI
poolingmodule generate a fixed size proposal corresponding
with each RoIs. 'ese fixed size proposals are fed into the
R-CNN subnet for final prediction.

4. Experiments

In this section, this paper evaluates the proposed method on
two public datasets: the KITTI benchmark [33] and the

PASCAL VOC 2007 car dataset [34]. 'is paper compares
the proposed method with recent methods on the KITTI
testing set and the PASCAL VOC 2007 car dataset, and
comprehensive ablation studies are conducted on the KITTI
validation set. All experiments are supported by a Linux
system with Intel Core I7-10700 CPU, 16GB of memory,
and Nvidia RTX 3070 GPU.

4.1. Dataset and Evaluation Metrics. 'e KITTI vehicle
detection benchmark is a large automatic driving dataset.
'is dataset contains 7481 training images with available
ground-truth labels and 7518 testing images without
ground-truth labels. 'e main difficulty of car detection on
the KITTI dataset is that a large number of cars are in small
size (height< 40 pixels) and occluded. Since ground-truth
labels of the KITTI test set are not available, this paper splits
the KITTI training images into training set with 3682 images
for training and validation set with 3799 images for vali-
dation as in [26, 35]. 'e validation set is used to conduct
experiments to investigate the effectiveness of each module
structure. Detection results are evaluated at three difficulty
levels: easy, moderate, and hard as suggested by the KITTI
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Figure 2:'e structure of the multilayer enhancement module. Here, c� 256 channels for all feature maps generated by FPN backbone {P2,
P3, P44, P5}.
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Figure 3: Visualization of one feature map layer generated by backbone network (middle column) and that layer after enhancing by the
multilayer enhancement module (right column).
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benchmark [33]. To evaluate the object detection accuracy,
the average precision (AP) is reported throughout the ex-
periments, and 0.7 overlap threshold is adopted in the KITTI
benchmark for car class.

'e PASCAL VOC 2007 database is also used to evaluate
the proposed framework. 'is dataset is composed of 5011
training images and 4952 testing images on 20 categories of
indoor and outdoor objects class. A total of 1434 images
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Figure 5: Network architecture.

RoIs 

Enhanced feature maps 

Fused feature map 

CARoI pooling

Element-wise max operation

E2 

E3 

E4 

E5 

w × h × 256 

w/2 
× h/2 

× 25
6 

w/4 
× h/4 

× 25
6

w/8 
× h/8 

× 25
6 

7 × 7 × 256 

7 × 7 × 256 

Figure 4: 'e structure of the adaptive RoI pooling module.
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containing cars in training set and testing set in the PASCAL
VOC 2007 dataset are extracted to be evaluated. 'e car
detection evaluation criterion is the same as PASCAL object
detection. Intersection over Union (IoU) is set as 0.7 to
assess a correct localization.

4.2. Implementation Details. All experiments are conducted
based on mm detection [36], which is an open-source object
detection toolbox based on PyTorch. Following [4, 7], this
paper resized each image so that its shorter side has 600
pixels. 'e network is trained using one Nvidia RTX 3070
GPU with 1 image per minibatch. 'is paper uses a weight
decay of 0.0001 and a momentum of 0.9. 'e learning rate
started from 0.001 and was divided by 10 at every five
epochs. 'e model had 10 total epochs. All other hyper-
parameters in this paper follow mm detection [36].

4.3. Main Results

4.3.1. Experiments on the KITTI Test Set. For evaluating the
performance of the proposed framework, this paper first
trains the network with all the KITTI training data and then
tests it on the KITTI testing set. 'e results are compared
with recent results for vehicle detection on the KITTI testing
set. Table 1 presents the detection results of all methods on
the three categories of the KITTI dataset. As shown in
Table 1, the proposed method achieves the best average
precision in both categories: “easy” and “moderate.” To be
more specific, the proposed framework surpasses the Faster
R–CNN with FPN backbone by 4.73%, 8.04%, and 8.12% in
“easy,” “moderate,” and “hard” test settings, respectively.
'e proposed method also surpasses other object detection
frameworks, including one-stage frameworks such as
YOLOv2 and MS-CNN and two-stage frameworks such as
SINet [25] and improving Faster R–CNN [26]. Comparing
with multitask CNN [20], the proposed network achieves
better results in “easy” and “moderate” test settings by 2.07%
and 0.51%, respectively. However, multitask CNN achieves
the best AP in “hard” test setting. “Hard” group contains
vehicles with bounding boxes sizes smaller than 25 pixels
and invisible vehicles that are difficult to see with the naked
eye. Multitask CNN introduced an efficient voting mecha-
nism to refine the score of each RoI and the subcategory-
aware nonmaximum suppression to tackle the occlusions
better; thus this framework is more efficient in locating
vehicles that are small and occluded. In the future, this paper
will look at some methods to handle small and occluded
vehicles better. For the inference speed, the proposed model
takes 0.13 seconds for processing an image. Compared with
SINet [25], the proposed model achieves comparable in-
ference speed, while outperforming in terms of the AP in all
groups.

Figure 6 presents some visualizations of detection results
of the proposed method (shown in the right column) and the
faster R-CNN with FPN backbone (shown in the left col-
umn) on the KITTI testing set. As shown in this figure, the
proposed network can locate exactly vehicles in difficult
conditions. It is also clear that more accurate boxes are

generated by the proposed network and more small and
occluded vehicles have been detected.

4.3.2. Experiments on the PASCAL VOC 2007 Car Dataset.
'is paper also compares the proposed network on the
PASCAL VOC 2007 car dataset with several competitive
models, including fast R-CNN [38], faster R-CNN [1], DPM
[39], and multitask CNN [20]. 'is paper mainly focuses on
the AP of car class appearing in images. 'ere are a total of
1434 images containing cars in this dataset, and the ratio
between training and testing images is 1 :1. Table 2 provides
a comparison of the detection performance of these five
methods on car class of the PASCAL VOC 2007 dataset. 'e
AP obtained by the proposed method is 78.84%, which
outperforms all other methods by a large margin. 'e ex-
perimental results demonstrate that the proposed method
can accurately locate vehicles, though the dataset is very
small.

Furthermore, this paper also uses floating point oper-
ations (FLOPs) to calculate the computational cost of the
proposed model on the PASCAL VOC 2007. Recent general
object detectors are adopted to evaluate the computational
cost of each network, including YOLOv2 [3], YOLOv3 [40],
and faster R-CNN [4]. 'e experimental results of each
network are shown in Table 3. All results are reported based
onmmdetection [36].'eGFLOPs of the proposedmodel is
73.2 which is comparable with the results of YOLOv3 and
faster R-CNN. However, the proposed approach achieves
significant improvements on vehicle detection compared to
YOLOv2 and faster R-CNN as shown in Tables 1 and 2. 'e
results demonstrate that the proposed model is simple and
efficient. In Section 4.3.3, this paper conducts ablation ex-
periments to show the advantages of each proposed module
in reducing the computational cost and improving the
detection performance.

4.3.3. Ablation Experiments on the KITTI Validation Set.
'is paper performs ablation analysis of the proposed
method on the KITTI validation set to evaluate how different
components affect the detection performance. Table 4 shows
the experimental results. First, this paper replaces the
original RPN in the faster R-CNN with FPN backbone with
the proposed improving RPN. 'e improving RPN is ap-
plied to all featuremaps generated by the FPN backbone {P2,
P3, P4, P5} for generating proposals with different scales and
aspect ratios. As shown in Table 4, the improving RPN
module achieves comparable results compared with the
results of the original RPN while providing better runtime
speed. In this paper, the improving RPN is designed to
generate feature map containing more discriminative in-
formation to facilitate the enhanced feature maps generated
by the multilayer enhancement module. Next, the multilayer
enhancement module is adopted to reweights feature rep-
resentations of feature maps generated by the FPN backbone
to increase the discrimination of foreground objects and
background regions in each feature map. 'e multilayer
enhancement module takes all feature maps generated by the
FPN backbone {P2, P3, P4, P5} and intermediate feature
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maps produced by the improving RPN as inputs. 'e de-
tection results are shown in Table 4. 'e multilayer en-
hancement module dramatically improves the detection

performance. To be more specific, the multilayer enhance-
ment module improves the AP by 3.5%, 3.37%, and 2.1% in
“easy,” “moderate,” and “hard” group, respectively. Finally,
an adaptive RoI pooling module is added to generate RoI

Table 1: Detection results of the proposed method and other methods on the KITTI testing set. 'e inference time is evaluated on single
Nvidia RTX 3070 GPU per image.

Method
Average precision (%)

Inference speed (s)
Easy Moderate Hard

Faster R-CNN [1] 86.71 81.84 71.12 0.84
YOLOv2 [3] 76.79 61.31 50.25 0.01
Faster R-CNN with FPN backbone [4] 88.62 84.14 73.20 0.92
MS-CNN [37] 90.03 89.02 76.11 0.18
Improving faster R-CNN [26] 89.20 87.86 74.72 0.06
SINet [25] 89.60 90.60 77.75 0.12
Multitask CNN [20] 91.28 91.67 85.43 —
Proposed method 93.35 92.18 81.32 0.13

(a) (b)

Figure 6: Detection results of the proposed method (a) and the Faster R–CNN with FPN backbone (b) on the KITTI testing set.

Table 2: Detection results of the proposed method and other
methods on the PASCAL VOC 2007 car dataset.

Method Average precision (%)
Fast R-CNN [38] 52.95
Faster R-CNN [1] 59.82
DPM [39] 57.14
Multitask CNN [20] 63.91
Proposed method 78.84

Table 3: Comparative results of GFLOPs with different models.

Model Input resolution GFLOPs
YOLOv2 [3] 416× 416 17.4
YOLOv3 [40] 416× 416 62.8
Faster R-CNN [4] ∼600×1000 57.9
Proposed model ∼600×1000 73.2
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features from different pyramid levels. 'e adaptive RoI
pooling module includes CARoI pooling to pool features
from different levels and max operation to fuse different
features. 'e results are shown in the last row of Table 4. As
shown, the adaptive RoI pooling module further enhances
the detection performance while keeping the efficiency of the
network. Particularly, the improvements on “Hard” group,
which contains many small vehicles, are more significant.
'is result indicates that the adaptive RoI pooling module is
more efficient in detecting small vehicles.

5. Conclusion

'is paper develops a novel framework based on multiscale
feature learning and enhanced feature pyramid for vehicle
detection. For generating RoIs and intermediate feature maps,
an improving region proposal network is introduced. A novel
multilayer enhancement module is designed to generate more
discriminative representation feature maps. By improving
multiscale features with strong semantics, the performance of
vehicle detection has been substantially improved. In addition,
an adaptive RoI pooling module is designed to better exploit
RoI features from different pyramid levels and produce a better
RoI feature for the detection network. Experiments that
evaluate the performance of the proposed method are carried
out on both the KITTI testing set and the PASCAL VOC 2007
car dataset. Compared with the state-of-the-art methods on
vehicle detection, the proposed method demonstrated better
experimental results. Furthermore, experiments that evaluate
the vehicle detection system are carried out on the KITTI
validation set. 'e experiments results demonstrated the ef-
fectiveness of different components in the proposed frame-
work. In the future, this paper will look at some methods to
handle small and occluded vehicles better.
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