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ABSTRACT

In this paper, we propose an accurate and cost efficient deep
CNN network for object detection. In contrast to the previous
region-based methods like Sub-CNN [1], our detector is al-
most fully convolutional so that the computation cost can be
reduced efficiently. By introducing position-sensitive score
maps and exploiting subcategory information, our method is
less time consuming while maintaining competitive perfor-
mance on detecting objects with various scales. In addition,
we remove image pyramid used in Sub-CNN to achieve fur-
ther acceleration. The experimental results show that our
approach is 1.3 times faster than Sub-CNN with only 14%
number of parameters and archives comparable results on the
challenging KITTI dataset. Compared with the state-of-the-
art methods for object detection, our approach provides an
efficient solution that takes into account both accuracy and
speed.

Index Terms— Subcategory, Convolutional Neural Net-
work, Object Detection

1. INTRODUCTION

In recent years, Convolutional Neural Network (CNN) has
shown great potential in solving a large number of computer
vision problems, especially for visual object detection.

For CNN based object detection, R-CNN [2] is one of
the earliest success attempts to apply CNN in object detec-
tion. With the paradigm of proposal and detection network,
this method achieves high accuracy yet limited in computa-
tional efficiency. Fast R-CNN [3] and Faster RCNN [4] fol-
low this paradigm but provide a better trade-off between ac-
curacy and speed. To generate region proposals, traditional
selective search [5] is used in [3] while a region proposal
network is proposed in [4]. These methods attain compa-
rable performance on commonly used benchmarks such as
PASCAL VOC [6] and ImageNet [7]. Nevertheless, when
it comes to the KITTI benchmark [8] for autonomous driv-
ing, where objects are usually small with regularly appeared
occlusion and truncation, they perform relatively poor. Sub-
CNN [1] solves the variation by introducing image pyramid
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and subcategory. This method usually produces the most ac-
curate detection but tends to be slow since the image pyramid
in CNN occupies many computational resources.

Another typical paradigm, such as YOLO [9] and SSD
[10], directly predict location and object category by regres-
sion, which combine classification and localization into one
aggregated network while exploit features in the whole im-
age. This kind of methods are fast enough to be applied in
practical applications, however, are limited in excavating lo-
cal information to detect small objects.

To make full use of local and global information, in this
paper, we choose to use proposal based method. To reduce
computational cost, we design a nearly fully-connected-layer-
free detection network. This is motivated by the recent state-
of-the-art networks such as GoogleNets [11, 12] and ResNets
[13], which are fully convolutional and are demonstrated to be
very fast. In contrast, the traditional backbones like AlexNet
[14] and VGG Nets [15], usually include a convolutional sub-
network ending with several fully-connected (fc) layers taking
all neurons in the previous layer into computation thus is slow.

There are two main basic strategies to achieve multi-scale
detection. The first is to build an image pyramid and learn
a single classifier. This tends to be very costly. Sub-CNN
adopts the strategy. The second is to input single scale im-
age and apply multiple classifiers. In contrast, this strategy
avoids the repeated computation thus is more efficient. In the
first stage, we principally aim at generating proposals with
diverse scales and aspect ratios in possible locations. Imple-
menting an image pyramid with a simple backbone is accept-
able. Therefore, we adopt the same scheme as in [1]. On
the second stage, the detection network is expected to learn
a classifier and a regressor to accurately discern the category
of objects and refine locations. In Sub-CNN, this is accom-
plished, again, by employing an image pyramid. Since more
sophisticated backbone is needed in this phase, image pyra-
mid can not be fed into the memory. In this paper, we use sin-
gle scale image. By substituting fully connected layers with
effective position sensitive Rol pooling, we achieve satisfac-
tory performance as well as high computation speed.

Moreover, to recognize the same object with variant ap-
pearances, shapes and profiles, we utilize subcategory infor-
mation as in [1]. Subcategories are generated automatically
by clustering according to the properties or attributes such as
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Fig. 1: Architecture of our object detection network. Red arrows indicate the route of derivatives in back-propagation training.

2D appearance, 3D pose or 3D shape. In region proposal net-
work, subcategory facilitates the network to focus on certain
locations where objects occur. In detection stage, we use a
detection network to exploit subcategory information in pro-
posals to classify their class and further refine locations.

Our approach is comprehensively evaluated on KITTI
dataset. Without image pyramid and fc layers, our approach
is 1.3 times faster than Sub-CNN with only 14% number of
parameters and archives comparable accuracy.

2. PROPOSED APPROACH

2.1. The Architecture of Our Networks

Subcategory-aware RPN (Region Proposal Network). We
use the RPN adopting commonly used image pyramid pro-
posed in [1] to generate diverse scales of candidate proposals.
First, it generates convolutional feature maps for each scale
of the pyramid, which is a multi-dimensional array of size
C x H x W, with C channels, H rows and W columns.
Then a feature extrapolating layer follows to approximately
produce a fine-grained scales of pyramid. Then a specially
designed conv layer is applied for subcategory classification,
where each filter in the conv layer corresponds to an object
subcategory. These filters are trained to respond on specific
locations, scales and subcategory of objects during training.
The subcategory conv layer consists of K + 1 convolu-
tional filters with K subcategories. Then a heatmap of size
K x H x W is generated by cross-channel max pooling. Each
value in the heat map indicates the probability of an object
presenting in the corresponding location, scale and subcat-
egory. The Rol (Regions of Interest) generating layer then
proposes potential candidate boxes according to responses in
the heat map of each scale. In testing, wherever the response
in a location is larger than a threshold, we use it to generate

ROISs. In the end, we adopt Rol pooling, softmax and bound-
ing box regression as in Fast R-CNN. The difference lies in
that a subcategory-aware convolution substitutes the fc lay-
ers before softmax. This layer shares weights with the one
mentioned before.

Position-sensitive subcategory-aware detection net-
work. The architecture of the detection network is illustrated
in Fig. 1. Given Rols, the detection task can be reduced to
classify them correctly. Therefore, in the second stage, we
primarily aim at learning a classifier to determine whether a
Rol output from the first stage encircle an object or not. Moti-
vated by the traditional method as DPM [16], we utilize sub-
category information to promote category classification like
[1]. In KITTI, we adopt 3D Voxel Pattern (3DVP [17], includ-
ing 3D pose, segmentation boundary and occluded regions)
for Car and 2D appearance for Pedestrian and Cyclist. Un-
like [17] and [4], both of which append an Rol pooling layer
with several fc layers in the end thus drastically slow down
the forward propagation, motivated by recent fully convolu-
tional networks, we remove most of the fc layers, replacing
with cost efficient conv layer and average pooling. The in-
carnation of the network is based on VGG16. After conv5_3,
as in R-FCN, we add a convolutional layer to produce a pile
of position-sensitve score maps encoding scores for each sub-
category. Suppose one Rol is divided into m? bins, then this
layer has m? x (K + 1) channels with (K + 1) denoting
the number of subcategories and background. Following is
a position-sensitive Rol pooling layer which pools features
from last conv layer over corresponding channel. This opera-
tion can be defined as:

Tk(i,j): Z

(z,y)€bin(i,j)

Zij k(T + 20,y +Y0)/Mijk (1)

where 7 (7, j) denotes the reponse of the (¢, j)-th bin for the
k-th subcategory, (zo,yo) denotes the top-left corner of an
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Rol, z; j 1 is the score map area corresponding to the (4, j)-
th bin, n; ; 5 is the number of pixels in this bin. Then vote
through averaging operation for each subcategory to produce
a (k + 1)-dimensional subcategory feature vector, which is
able to directly predict subcategory probability of candidate
boxes. A softmax layer of category and a bounding box re-
gressor is appended to predict based on this vector.

2.2. Parameters of Detection Network

In the original Sub-CNN, since it adopts VGG16 as backbone,
most of parameters are in the fully connected layers. Both the
first and second fc layer has 4096 neurons, possessing 102M
and 17M parameters respectively. And the third one has 174
neurons for KITTI benchmark. While in our detection net-
work, all the three fc layers are removed, substituting with one
additional conv layer following position-sensitive ROI pool-
ing layer and an average pooling layer, which only has 4M pa-
rameters in total. Consequently, the number of parameters in
detection network has been drastically reduced to 14% com-
paring to the original detection network. The detailed com-
parison of parameters is shown in Fig. 2.
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Fig. 2: Comparison between Sub-CNN and ours on number
of parameters in detection network. “CONV1-CONVS5”: all
conv layers in VGG16. “PS-CONV”’: position-sensitive conv
layer in our detection network. “FC6”, “FC7” and “SUB-
FC”: the first three fc layers in Sub-CNN. “REST”: the two fc
layers before softmax and bbox regression.

2.3. Loss Function

We train both of our networks with multi-task loss. For RPN,
the loss is for subcategory classification and bounding box
regression:

L(pap*vp/*v ta t*) = Lsubcls(pap*) + )\[p/* > O]Lloc(ta t*)
@)
where, p is a probability distribution p = (po, p1, ..., Px) for
K + 1 subcategories, p* is the truth subcategory label, ¢ is a
vector representing the prediction of 4 parameterized coordi-
nates of a bounding box and t* is the bounding box regression

Table 1: Comparison of detection network using different
number of bins m on KITTI validation set.

Object Detection (AP)

m Car Pedestrian Cyclist
E M H E M H E M H
3 9034 7855 6433 8729 70.88 63.87 6571 52.15 4837
5 9317 8126 6695 8850 71.60 6449 66.76 5500 51.54
7  94.03 84.05 7026 87.04 7050 63.76 70.07 5620 52.50

target for class p™* ([p* > 0] indicates that only foreground
target is counted).

For detection network, the multi-task loss is composed of
joint object class classification, subcategory classification and
bounding box regression:

L(pvp*7p/7pl*7 t? t*) = Lsubcls(pap*)

3
+)\1Lcls(p/7p/*) + >\2 [PI* > O]Lloc(tv t*) ( )

where, p’ = (py, ..., Dk ) is a probability distribution of K’ +
1 classes, t and t* are the predicted vector and true bounding
box regression target respectively.

3. EXPERIMENTAL VALIDATIONS

3.1. Dataset and Setting

We evaluate the proposed object detection framework on the
KITTI detection benchmark and the PASCAL VOC 2007 [19]
dataset. Since the groundtruth annotations of the KITTT test
set are not available, as in Sub-CNN, we split the KITTI train-
ing images into a train set consisting 3682 images and valida-
tion set containing 3799 images. The proposed object detec-
tion approach is implemented on Intel(R) Xeon(R) 2.10 GHz
CPU with 32GB RAM, NVIDIA TITAN X GPU. In RPN,
we use 5 scales and 7 aspect ratios for KITTI, 4 scales and 5
aspect ratios in PASCAL VOC. As in Faster RCNN, we use
image-centric sampling, each SGD mini-batch is constructed
from a single image. A mini-batch is expected to have 64 pos-
itive Rols and 64 negtive Rols selected by hard example min-
ing. For detectin network, a mini-batch is constructed from
2 images with size 128 with 1:3 ratio of positive and neg-
ative Rols. We use a learning rate of 0.001 for the first 30k
mini-batches and 0.0001 for the rest 10k mini-batches on both
datasets. We use a weight decay of 0.0005 and a momentum
of 0.9 [14]. Our implementation uses Caffe [20].

3.2. Evaluation on Improved Components

For detection network, on KITTI, our detection framework
is evaluated at three levels of difficulty, i.e., easy, moderate,
hard, as suggested by [8]. We use Average Precision (AP) to
measure the detection preformance.

Scales. In Table 2, we evaluate our detection network
under different sizes of input image. Since image pyramid
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Table 2: Comparison of detection network using different sizes of input image on KITTI validation set. Scale is the resize
factor. m is set to 7 and average pooling is used to vote. “E”, “M”, “H” stands for Easy, Moderate and Hard respectively.

Object Detection (AP)

Scale

Test Time (s/img)

Car Pedestrian Cyclist
E M H E M H E M H
1.0 89.86 7408 6097  86.18 6851 61.61 50.88 4129  38.89 1.211
1.5 93.89 8203 6854 8349 6835 61.85 6207 48.88 4559 1.295
2.0 9344 81.84 68.18 87.04 7050 63.76 6403 51.78 4822 1.419
2.5 94.03 84.05 7026 81.10 66.54 60.08 70.07 5620 52.50 1.585
3.0 93.94  83.71 69.27 8487 6892  62.08  66.11 5432 5052 1.779

Table 3: Comparison of our detection network with Sub-CNN [1], Faster RCNN [4] and R-FCN [18] on KITTI validation set.

Object Detection (AP)
Methods Test Ti s/i
cthods Car Pedestrian Cyclist est Time (s/img)
E M H E M H E M H

Sub-CNN [1] 9577 86.64 7407 8643 6995 64.03 7492 59.13 55.03 2.093

Faster RCNN [4] 8291  77.83 66.25 83.31 6839  62.56 5636  46.36  42.77 0.229

R-FCN [18] 92.10 73.67 5988 76,73 59.28 51.81 4584 37.55 3532 0.183

ours 94.03 8405 7026 8850 71.60 6449 70.07 5620 52.50 1.585

is removed, this setting is to compare the effect of image
size. Where, Scale is resize factor. For Car and Cyclist,
Scale = 2.5 turns to be the best, while for Pedestrian,
Scales = 2.0 is better. This is a little tricky because gen-
erally a smaller object should be detected more easily when
it’s enlarged more. We can explain it as pedestrian is smaller
in size, over-enlargement may cause noise resulting from am-
biguity. In addition, we can see that resizing image is a simple
but effective way to boost performance. In comparison with
methods using fixed size like SSD, resizing is more sponta-
neous as it preserves original aspect ratio of an image.

Number of bins. In Table 1, we compare different num-
ber of bins inside an Rol. Actually, the larger value the m
takes, the more fine-grained Rol can be divided into. As can
be seen, while m = 7 is best for Car and Cyclist, Pedes-
trian performs best when m = 5. This is because pedestrian
is smaller comparing to other two classes so information in
each bin will be not enough for classification when use larger
m, which leads to worse performance.

3.3. Overall Comparisons with Other State-of-the-arts

We compare our approach with Faster RCNN [4], Sub-CNN
[1] and R-FCN [18]. As presented in Table 3 , our detection
network is 1.3 times faster than Sub-CNN. For the categories
of Car and Cyclist, the AP of our method slightly drops com-

paring with Sub-CNN. However, our approach outperforms
Sub-CNN for Pedestrian category. It indicates that position-
sensitive scores maps are more effective for small objects.
Compared with Faster RCNN and R-FCN, we provide a good
trade-off between accuracy and speed with better accuracy
though slower speed.

We also evaluate our method on PASCAL VOC 2007 de-
tection benchmark. The results are shown in Table 4. As
can bee seen, still our approach is faster than Sub-CNN but
nearly no much improvement on AP can be achieved by using
our approach. The possible reason is that region proposal on
PASCAL VOC is relatively easy compared to KITTI so the
advantages of our approach on handling small objects with
occlusion and truncation can not be well utilized.

4. CONCLUSIONS

In this paper, we propose an accurate and cost efficient ap-
proach for object detection. Our detection network is nearly
fully convolutional. Without image pyramid and removing
most fc layers, substituting with one convolutional layer fol-
lowing position-sensitive Rol pooling layer, our method is
1.3 times faster with 14% number of parameters comparing
to Sub-CNN though accuracy slightly drops. Our approach
achieves comparable performance, exhibiting a better speed-
accuracy trade-off.

Table 4: Comparisons between Faster RCNN [4], Sub-CNN [1], R-FCN [18] and our method on PASCAL VOC 2007 dataset.

Test time (s/img) mAP aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv
[18] 0.148 719 770 799 739 618 523 780 799 838 539 787 628 849 829 781 781 398 755 727 765 684
[4] 0.198 69.9 700 80.6 70.1 573 499 782 804 820 522 753 672 803 798 750 763 39.1 683 673 8l.1 676
[1] 1.863 68.5 702 805 695 603 47.0 79.0 787 842 485 739 630 827 806 760 702 382 624 677 777 60.5
ours 1.277 655 689 748 685 562 381 771 709 82.0 443 672 59.1 806 802 717 61.5 382 59.0 689 827 592
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