This is a post-peer-review, pre-copyedit version of an article published in Applied Intelligence. The final authenticated version is available
online at: http://dx.doi.org/10.1007/s10489-020-01665-9

Local Keypoint-based Faster R-CNN
Xintao Ding!** Qingde Li*" Yongqiang Cheng® Jinbao Wang!* Weixin Bian!* Biao Jie!*

'School of Computer and Information, Anhui Normal University, Wuhu, China

2 Anhui Province Key Laboratory of Network and Information Security, Wuhu, China

3 School of Engineering and Computer Science, University of Hull, Hull, HU67RX, UK
* Corresponding author

Abstract. Region-based Convolutional Neural Network (R-CNN) detectors have achieved state-of-
the-art results on various challenging benchmarks. Although R-CNN has achieved high detection
performance, the research of local information in producing candidates is insufficient. In this paper,
we design a Keypoint-based Faster R-CNN (K-Faster) method for object detection. K-Faster
incorporates local keypoints in Faster R-CNN to improve the detection performance. In detail, a
sparse descriptor, which first detects the points of interest in a given image and then samples a local
patch and describes its invariant features, is first employed to produce keypoints. All 2-combinations
of the produced keypoints are second selected to generate keypoint anchors, which are helpful for
object detection. The heterogeneously distributed anchors are then encoded in feature maps based on
their areas and center coordinates. Finally, the keypoint anchors are coupled with the anchors
produced by Faster R-CNN, and the coupled anchors are used for Region Proposal Network (RPN)
training. Comparison experiments are implemented on PASCAL VOC 07/12 and MS COCO. The
experimental results show that our K-Faster approach not only increases the mean Average Precision
(mAP) performance but also improves the positioning precision of the detected boxes.
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1. Introduction

General object detection is a complex problem. One of the main tasks for object detection is the
localization problem, which is used to assign accurate bounding boxes to different objects [1]. In the
last two decades, object detectors based on Convolutional Neural Networks (CNNs) [2-5] have
achieved state-of-the-art results on various challenging benchmarks [6-8]. As two representative
Region-based CNN (R-CNN) methods, both Fast/Faster R-CNN [3, 4] and Region-based Fully
Convolutional Network (R-FCN) [9] use a Region Proposal Network (RPN) to generate region
proposals. RPN initializes anchors of different scales and aspect ratios at each convolutional feature
map location [4]. Although the anchor potentially covers the object of interest, it does not focus on
local information. When a human identifies an object, both global structural information and local
individual information are used in the identification [10].

Our work is motivated by the following two questions. First, is it possible to use local information
to generate region proposals? Second, if the first answer is positive, are the generated proposals
helpful for the performance of object detection? To meet this goal, we employ a keypoint as a kind of
local information and fuse it in RPN in this study.

Fig. 1 shows an example of object detection by combining Faster and keypoint anchors. Faster R-
CNN cannot produce proposals for the bus, partially due to the error between the ground truth and the
initialized anchor box. Although Faster R-CNN uses bounding-box regression to adjust the error from
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an anchor box to a ground-truth box, the regression may be powerless when the error between them is
too large. By combining the two kinds of anchors, both the bus and car in Fig. 1a can be correctly
detected.
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Fig. 1 An example of object detection by combining Faster and keypoint anchors.

In this work, we propose the keypoint-based Faster R-CNN method (K-Faster), which incorporates
local keypoints in Faster R-CNN for object detection. All 2-combinations of the produced keypoints
on an image are selected to generate bounding boxes, which are keypoint anchors (Fig. 1c). Every
keypoint anchor is arranged in a convolutional network based on an Area Ratio of the Anchor to the
Image (ARoAI) and the center coordinates of the anchor. On the one hand, a feature map with a lower
index is designed to encode an anchor with a greater ARoAl, while a feature map with a higher index
is used to encode an anchor with a smaller ARoAI. On the other hand, a grid point in a feature map is
used to encode an anchor if the center coordinates of the anchor are convolved to the grid. The
keypoint anchors together with Faster anchors, which are boxes with fixed scales and aspect ratios [4],
are trained by RPN to produce proposals. Our approach employs the keypoint as a kind of local
information and fuses it with Faster R-CNN for region proposal. The keypoints around the object may
produce a keypoint anchor with a certain aspect ratio or size that cannot be covered by the anchors of
Faster R-CNN. The keypoint anchor is helpful for region proposals, and the coupling anchors make
the model have a more powerful ability. Extensive experiments implemented on PASCAL VOC
07/12 and MS COCO demonstrate that K-Faster can improve the detection performance.

Our main contributions are summarized as follows:

1. We incorporate local keypoints in Faster R-CNN to improve object detection. The designed
keypoint anchors are coupled with Faster anchors to cover the deficiency of Faster R-CNN, which
initializes anchor boxes with preset aspect ratios and sizes.

2. We design an area-based technology to encode anchors with a heterogeneous distribution.
Because the keypoints are attracted to pixels with heterogeneous intensity, the heterogeneously
distributed anchors are partitioned in groups using ARoAI and are encoded in feature maps for RPN
training.

3. Compared with Faster R-CNN, our K-Faster approach not only increases the mean Average
Precision (mAP) performance but also improves the positioning precision of the detected boxes.
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2. Related work

In recent years, object detection has achieved superior performance with the implementation of
CNN [2-5, 11-13]. Generally, CNN-based object detection methods may be divided into two groups:
(1) region proposal-based two-stage method and (2) the proposal-free one-stage method [14-16].

2.1. Two-stage method

R-CNN [17], Fast R-CNN [3], Faster R-CNN [4], R-FCN [9] and Mask R-CNN [12] are
representative two-stage methods. Although R-CNN can be considered as a milestone of the two-
stage method for object detection, it classifies every region proposal separately and is time-consuming
[14, 16]. Fast R-CNN shares computation between the proposal extraction and classification steps
using ROI-Pooling and therefore improves the efficiency greatly. Faster R-CNN designs RPN to
generate proposals from anchor boxes and achieves further increases in speed and precision. R-FCN
further improves speed and accuracy by removing fully connected layers and adopting position-
sensitive score maps for final detection [9, 16]. Mask R-CNN, which may be used for object instance
segmentation and bounding box detection, extends Faster R-CNN by adding a branch that outputs the
object mask [12].

Recently, many technologies have been designed to improve object detection. In order to combine
multiple convolutional features, the multi-scale technology is employed for improvement [18, 19].
Sean et al. designed an Inside-Outside Net (ION) [18], which concatenated multiple convolutional
features to improve object detection. In [19], a Multi-scale Location-aware Kernel Representation
(MLKP) is proposed to capture high-order statistics of deep features in proposals. Li et al. proposed a
Zoom-out-and-In network for object Proposals (ZIP) and employed a Map Attention Decision (MAD)
unit to search for neuron activations [20].

Since knowledge may be helpful for object detection, some studies focus on knowledge
[10][21][22]. As shown in [10], the authors designed CoupleNet to couple the global structure with
local parts for object detection. As a class of corner-based detector, DeNet evaluates the distribution
of the box corners to refine bounding boxes for improvement [21]. Jiang et al. introduced an object
co-detection method (CRFNet) that exploited contextual information among multiple images through
a higher-order conditional random field [22].

2.2. One-stage method

Alternatively, one-stage detectors, such as You Only Look Once (YOLO) [5], Single Shot
MultiBox Detector (SSD)[23], and CornerNet [24] detect objects in a single network. They are
usually more computationally efficient than two-stage detectors [1][24]. Compared with two-stage
methods, YOLO does not require proposals. YOLO forwards the input image once through a
convolutional network to directly predict object classes and locations, and therefore it is extremely
fast [5]. Combining dense anchor boxes and pyramid features, SSD directly classifies anchor boxes
[23]. CornerNet, which uses an hourglass network as its backbone, detects each object bounding box
as a pair of keypoints [24].

Many one-stage detectors share similarity with SSD. Similar to the frame work of SSD, the
network structure of Deeply Supervised Object Detector (DSOD) is divided into two parts: the
backbone sub-network for feature extraction and the front-end sub-network for prediction over multi-
scale response maps [16]. RetinaNet uses features pyramids occurred in SSD to address the extreme
foreground-background class imbalance during training of dense detectors [25]. By attaching the



Context Enhancement Blocks (CEBs) to the shallow layers in SSD, an advanced one-stage detector
CEBNet is proposed in [26].

In this study, we focus on the improvement of Faster R-CNN using local keypoints. Although
DeNet [21] and CornerNet [24] are point-based CNN methods, their flowcharts are complex. As a
two-stage method, DeNet needs to jointly optimize the costs of both stages, i.e., the corner probability
distribution, final classification distribution and bounding box regression cost [21]. The network of
CornerNet may be divided in three modules: an hourglass backbone network and two prediction
streams . In our design, the network modules are similar with Faster R-CNN. The main task of K-
Faster is to couple keypoint anchors with Faster anchors to cover the deficiency of Faster R-CNN,
which initializes anchor boxes with preset aspect ratios and sizes.

3. Proposed method
3.1 Overview of methodology

The main design of our proposed method is to use local information to train candidates. In this
study, we employ keypoint anchors to achieve the design. Fig. 2 shows the main design of our method.
Fig. 2a shows the input image / with a size WxH. Fig. 2b shows the produced keypoints. Fig. 2¢c

shows all the resulting anchor boxes, which total C}, and N is the number of total keypoints. To train

an RPN, a positive or negative anchor with a high or low Intersection over Union (IoU) overlap with a
ground-truth box, called the Anchor of Interest (Aol), should be assigned a positive or negative label.
The bias between the anchor box and ground truth box, which is called the ground bias, should be
calculated to supervise bounding box regression. To arrange the labels and ground biases to 3-
Dimensional (3-D) tensors, which serve as supervision information for the RPN, the anchors in Fig.
2c are partitioned into ks groups based on the 4RoAl, as shown in Fig. 2d. All labels of the Aols in
each group are arranged on a corresponding 2-Dimensional (2-D) feature map, which indicates the
convolution results of one channel [27] (Fig. 2e). For every Aol, its label is mapped to a layer position
based on the coordinates of the anchor center (Fig. 2e). Every ground bias is parameterized by 4
coordinates and therefore is encoded on 4 feature maps in a similar way, as shown in Fig. 2f. Figs. 2g
and 2h are label and ground bias tensors obtained from Faster R-CNN, respectively. Fig. 21 shows
supervision information for RPN, and Figs. 2il and 2i2 show coupled tensors. Based on the integrated
supervision information, our method follows a network similar to that of Faster R-CNN.
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Fig. 2. Flowchart of the construction of the supervision information for RPN. (a) Input image. (b) Local keypoints.
(c) The resulting anchor boxes after enumerating all 2-combinations. (d) Area-based boxes partition. (e) 3-D label
tensor induced by the keypoints. (f) 3-D ground bias tensor induced by keypoints. (g) and (h) are label and bias
tensors of Faster R-CNN, respectively. (i) The supervision information of our method for RPN. (i1) and (i2) show
label and bias tensors for RPN, respectively.

3.2 Keypoint detection

In order to improve the smartness of the region proposal, the keypoint, which involves local
information, is employed to improve the coverage ability of anchors. Generally, the keypoint is
coupled with a descriptor. In this work, a sparse descriptor, which first detects the points of interest in
a given image and then samples a local patch and describes its invariant features [28], is employed to
produce the keypoint.

During the last two decades, a large variety of sparse descriptors have been developed, including
classical Scale-Invariant Feature Transform (SIFT) [29] and Speeded-Up Robust Feature (SURF) [30]
descriptors, binary descriptors [31], and learning-based descriptors [32][33]. Although learning
methods can achieve great accuracy, they usually produce large dimension features and are
computationally expensive [32][33]. In addition, the preparation of substantial data for training is not
a trivial subject. In order to produce as many Aol as possible, a robust keypoint detector that detects
as many corresponding keypoints on the image is needed. Although binary descriptors are usually
proposed in a simple presentation, they may be insufficient for producing massive keypoints based on
experiments in [34]. Although SURF is more efficient for registration types of tasks, it is insufficient
for producing enough keypoints [34]. In this paper, a Global OPtimized SIFT (GOP), which was
demonstrated to produce many more keypoints in [34], is employed for keypoint detection.

3.3 Generating keypoint anchors

All 2-combinations of the produced keypoints are enumerated to generate anchors. Let the number

of keypoints produced by GOP be N, . Because multiple descriptors may be produced at one



keypoint [29], the same keypoints are merged into one keypoint. Let the keypoints after merging be

PK={ pl=(x', y:))‘i =01, [ : . For a 2-combination of points (p;, p?) extracted from

. . 0_,.0 .0 0 .0 0 0 0 0
P. , let its corresponding anchor be a;=(x;,y;,X;,y;) , where X <x;,y <y,

0
i

(xl.o, y? ), (x?, y?) € P, . The anchor a; with small area should be ignored because a proposal with

small area is filtered in the stage of proposal refinement [4]. Let A= A4, U A4, be the final resulting
anchors, ~where A4, ~is the set of anchors produced by Faster R-CNN;
AdESZ{ag ‘s(ag) ZTSQ} O \ ) ',yi,xj,yj)} is the set of anchors produced by keypoints, s(e) is the
pixel area of o, and T, is a threshold.

3.4 Encoding keypoint anchors

To generate region proposals, a box-regression layer (reg) and a box-classification layer (cls) are
used to map the coordinates and scores of the proposals in the framework of Faster R-CNN [4]. In this
study, we integrate keypoint and Faster R-CNN anchors to design reg and c/s. The label and ground
bias induced by the keypoint should be mapped in 3-D tensors as the supervision information to train
reg and cls.

Let fing,, :{(r,c)|r:0,1,--~ be the 2-D feature map of the last shared
convolutional layer; & and w are respectively the numbers of rows and columns of the map. Let the
labels fed to cls be a 3-D tensor, denoted as
Lt:{(l,r,c)|l:O,1,--~ ) , where k. =k +ks, kg and k, are

respectively the number of maximum possible proposals induced by keypoints and Faster R-CNN at

each point of fin,,, . Lt may be decomposed into two sub-tensors, as shown in (1):

Lt=1Lt, UL, 1)
where Lt, =Lt(I<k,) is the part of the tensor induced by Faster R-CNN (Fig. 2g) and
Lt,, = Li(k, <I<k,) is the part of the tensor induced by the keypoint (Fig. 2e). Furthermore, the 3-D

Lt,, may be expressed as a set of 2-D feature maps, as shown in (2).

des
kg1

L tdes = U > (2)

t=0

where fm,, is the feature map of the -th channel.



In order to arrange the label and ground bias in 3-D tensors, we partition the set of keypoint

anchors 4, into kg groups, as shown in (3):
kg—1
Ades = U > (3)

t=0

: t
where if a; € Ay s then

ARoAl(a;) =

ST c (2t’2t+1]9t=0717“' _
s(a;) (257, +0),t = ks —1

s, 1s a threshold that is the base size of the image set.

Combining (2) and (3), we map a; =(x,,),,%,,V,) € A, to the r-th feature map fm  at position

M

X.+x. y.+y.
Py = (T %j J -, where r= [H /h] is the feature stride from the input image to the
r r o

feature map fim,,,, .

The ground bias tensor Bt = {(lb,r,c)|lb =0,1,--- } may be decomposed into two bias
tensors, as shown in (4).
Bt=Bt, VB, 4)

where Bt, =Bt(l, <4k,) is the part of tensor induced by Faster R-CNN (Fig. 2h) and

Bt,,, = Bt(4k, <I, <4k,) is the part of the tensor induced by the keypoint (Fig. 2f). Bt may be

expressed as (5):
Bt =J : ®)
t=0

Combining (3) and (5), for any a; € 4}, we map its ground biases to fim., fm. , fm;.*, and

fm}'? at the position P; -

For a; € 4, , the mappings of L¢, and Bt, are similar to those in [4]. After the label and

ground biases of all a; are mapped in their corresponding tensors, the 3D tensors L¢ and Bt serve as

supervision information to train the RPN.



3.5 The encoding steps

In this Section, we present encoding steps of our proposed method. Table 1 shows the input variables

and comments used in this Section. P, and k; are two key parameters of our method. kf is the

parameter for anchors of Faster R-CNN. b, w, and 4 are parameters produced by input image. The

other four variables are thresholds for RPN training.

Table 1 Variables used in our method.

Variable Comment
P X A set with N x keypoints
k s The number of channels of the label tensor induced by keypoints
k / The number of channels of the label tensor induced by Faster R-CNN
b ot The array of ground truth boxes with the size of 4 X N gt
w The number of columns of the last shared convolutional tensor
h The number of rows of the last shared convolutional tensor
T RPN _po The IoU threshold for positive anchors
T, RPN no The IoU threshold for negative anchors
¢ threshold ot the number of anchors for tramnin
TRPNibS The threshold of th ber of anchors for RPN training
TreN 12 The ratio of the anchors that are labeled as foreground

For convenience, Fig. 3 shows the illustration of our mapping. Let the Faster anchors of be an

array A, el " the keypoint anchors be an array 4, €l . Then

des

A
A{ f‘”} (6)
Aies (Nog +Nog 4

and 4

des

AI
A :[ f‘”} : (7
Aies (g +Ngg x4

which is resulted from A after removing the anchors that are not inside the image (Fig. 3b). Let a

is the array of all the anchors, which is coupled vertically by 4,

\

(Fig. 3a). Let

query list between 4 and 4’ be g4, where the k-th anchor in 4’ corresponds to the g4, -th anchor in

A (Figs. 3a and 3b). The labels of 4" are initialized told’ = [14],, I4,,]1=(~1,--- 0, where

A, el I, el
Let Lt} €0 and Lt\ el = be 1-Dimensional (1-D) label tensors, which are respectively

reshaped from 3-D tensors Lt ,, and Lt in the dimension order of channel, width, and height, as

A}

shown the red arrowed Iline in Fig. 3d. Then the 1-D Ilabel tensor of Lt is



Le'=[Le Li el " ", which is initialized to L¢' =(=1,--- . In order to map the anchors in
fas des p

the list of 4, to the 1-D tensor Lt} introduced in Section 3.4, a query list
lq (ind(ai’j)) = row, +col, +cha; (8)
is designed to map the ind(a, ;) -th anchor in 4,, to the lq(ind (a,.’j)) -th label in the 1-D tensor Lt

where ind(a,;) is the index of @, in A4, ;

row; =wkgy, ; col, =kgx; ;
cha, = arg ARoAl(a,)) (2',2"'1].

Figs. 3c-3e illustrate the mapping from the list of keypoint anchors to the label tensors. Take the 0-

th keypoint anchor a, (Fig. 3c) for example, its label is arranged in the 3-D tensor Lt, at
(xgl, ygl,t), as shown the yellow square in Fig. 3d, where (xgl, ygl)= P, corresponds to the center
coordinate of q,,, t is obtained by ARoAl. After fetching the elements along with the red arrowed line

in Fig. 3d, the 3-D tensor Lf, (Fig. 3d) is reshaped to 1-D tensor Lt (Fig. 3¢). The label of the 0-

des

1
des

th keypoint anchor (the blue item in Fig. 3c) is arranged to L, at lg(0)=wkgyg, +ksxg +1 (the

yellow item in Fig. 3e).

N~ S

Reshape

T @ Ltdes o
@ A4 ()4 (¢} Keypoint anchors © Ly,
Fig. 3. Illustration of the mapping from anchor to tensor. (a) Array of all the anchors 4. (b) Array of all the anchors

1
des *

inside image A (c) The list of keypoint anchors. (d) 3-D label tensor L, . () 1-D label tensor Lt

Let the overlapping array generated by the anchors and the ground truth boxes be

O=|o

( i.) , where 0
V') (nyr+Nyy <Ny

; 1s the overlap between the i-th anchor of 4" and the j-th ground truth

1,

box in b,, . Let the row maximums of O be a vectorr,,,, €U , 1.,€., the k-th element 1, of _ is
9



the maximum of the k-th row in O} Let the anchor indexes of the column maximums of O be the
vector ¢, €l ", i.e., the k-th element ¢, of ¢, is the index of the maximum of the A-th column in

O. Then, the indexes of the anchors with positive label in 4’ for RPN training can be obtained as
follows:

(1.1) Let [/ =1if 1, 2Ty, ,, or i=c,. Obtain all the indexes of the anchors with the positive
label 1, i.e., ind(I4' =1)=(i,i,, - ;

(12) Let T, T

RPN _bs

r } Randomly choose T, , elements in ind(I4'=1) if the

PN _fz ZI: RPN _fg
number of the assigned positive label in (1.1) is greater than 7., .. Let pa; L C ind(IA'=1) be

the set of selection;
(1.3) The index vector of the anchors with positive label in 4’ for RPN training is

pal a,], where pa=pa; \ if (1.2) is executed, otherwise pa =ind(I4'=1).
The indexes of the anchors with negative label in 4" for RPN training are obtained as follows:

(2.1) Let [4/=0 if 7, < Ty, ,,. Obtain all the indexes of the anchors with the negative label 0, i.e.,
ind(IA'=0)=(i,i,, - ;

(2.2) Let Typy 4y =Tpy » —np - Randomly choose T, ,, elements in ind(I4" = 0) if the number

of the assigned negative label is greater than T, ,. .

Let na, ~ cind(I4'=0) be the set of

selection;

(2.3) The index vector of the anchors with negative label in 4" for RPN training is na =na; =~ if
(2.2) is executed, otherwise na =ind(l4' =0).

Based on pa (i) and na (i), i.e., the positive and negative indexes of 4, in Fig. 3b, the 1-D label

fas

tensor Lt}a is obtained using query list g4 :

(3.1) For every pa, (i), let the qA(paﬁm (7)) -th label in Lt_lfas bel,ie., Lt}m (qA(pa;aS (i))) =1;
(3.2) For every na,, (i) , Lt} (gA(na,(i)))=0.

Based on pa,, (i) and na,, (i), i.e., the positive and negative indexes of 4, in 4" (Fig. 3b), the 1-D

label tensor Lz, is obtained using query list Ig :



(4.1) For every pa,, (i), the label of the pa,, (i)—n,-th anchor in A4, is 1. Therefore, let the
Iq( pa,, (i) -n, )-thlabel in L), be 1,ic., Lty (lg(pas,@)-n,))=1:

(4.2) For every na,, (i), Lt (lq (nades (i)—n, )) =0.

vl o1 \oa
For the 2-D array of ground bias Bt* e[l , it is initialized to Bt> = 0. In order to evaluate

the loss of the bounding box regression, the regressions of the anchors with positive and negative

labels are weighted. Let W2 =W?2 =0e0 "' be the initialization of the positive and negative

out

weights. All the four regressions of the i-th row in W, are assigned with weight 1 if the i-th label of

Lt' is 1. And the rows of W2

out

corresponding to negative anchors with the label 0 are assigned with
weight T, = 1/Card(Lt' > 0), Card(e) is the cardinality of e .

The encoding steps of the supervision information for RPN training are as follows. L¢, Bt , W,

in?

and W, are outputs, where Lt and Bt are label and ground bias tensors, respectively; W, and W,

in out

are weight tensors used to evaluate the loss of the bounding box regression.

Step 1: Generate the array of Faster anchors A4, .

Step 2: Generate the keypoint anchors 4, based on Section 3.3.

Step 3: Resultin 4 and A4’ based on (6) and (7), respectively.
Step 4: Build a query list g4 between 4 and 4’.

Step 5: Build a query list Zq(ind (a,-,,-)) from the anchors in 4, to the labels in the 1-D tensor Lt
based on (8).

Step 6: Assign the overlapping array O, and resultin »,__and c,,, .

Step 7: Obtain the indexes of the anchors with positive and negative labels in 4’ for RPN training
based on (1.1)-(1.3) and (2.1)-(2.3), respectively.

Step 8: Assign anchor labels to Lt}as and Lz, based on (3.1)-(3.2) and (4.1)-(4.2), respectively.

Step 9: Reshape Lt}m and Lt to 3-D tensors Lt s and Lt respectively in the dimension order of

Ay

channel, width, and height. Couple the two tensors to Lz, as shown in (1).
Step 10: Compute the ground bias of all the anchors in 4’, and assign them to Bt* using query lists

gA and Iq.



Step 11: Obtain W, and W,

out *

Step 12: Separate Bt> , W, and W

in ? out

vertically into two parts that are respectively in size of

and W

out

similar

in

whk , x4 and whkg x4 . Reshape and couple them to 3-D tensors Bz, W,
to Step 9.

4. Experiments

We evaluate our method on three datasets: PASCAL VOC 2007 [8], PASCAL VOC 2012 [8], and
MS COCO [6]. Our experiments are implemented based on the framework of Faster R-CNN [4]. Both
VGG16 [11] and ResNet101 [13] are employed as our backbone networks. The VGG16-based and
ResNet101-based experiments are carried out respectively on Caffe [35] and TensorFlow [36]. We
train and test networks on images of a single scale in which the shorter side is s=600 pixels [4]. The
publicly available VGG16 and ResNetlO0l models pre-trained on ImageNet [2, 7] are used for
corresponding initialization. We use a 1-GPU implementation, and thus the mini-batch size of RPN is
1. The models are trained starting from conv3 1 using an end-to-end schedule. The momentums are
set as 0.9. The weight decay of K-Faster based on VGG16 is set to 0.0005 and that of K-Faster based
on ResNetl01 is set to 0.0001. The mAP is primarily used to evaluate the detection performance.

4.1. Implementation detail

We tune the parameters on PASCAL VOC. The models are trained on the union set of VOC 2007
trainval and VOC 2012 trainval (“07+12”). They are evaluated on VOC 2007 test set. We initialize a
learning rate of 0.001 and make the learning rate drop 10 times after every 50k iterations on the 07+12
dataset. A total of 140k training iterations are run.

In addition to thresholds 7, and s,, two main parameters Ng and kg are introduced in this work.
Ng and kg are the number of keypoints and the number of the channels of the keypoint-based label

tensor, respectively. In our design, T, is set to 16 to filter out small keypoint anchors, and s, is set to

600x1000, which is the multiplication of the lower boundary and upper boundary of the input image
size. For kg, it is appropriate to let it be 16 when s, = 600x1000 because the anchors with the size
less than 16x16 are convoluted to 1 point in the last shared convolutional layer. In detail, the anchors

with the size less than 600x1000/2'°~18.3 are mapped to the k; —1=15-th feature map. In addition,

because the tensor induced by the keypoint anchors is coupled with the tensor induced by Faster
anchors for RPN training, corresponding parameters of K-Faster may be different from those of Faster
R-CNN. The corresponding parameters are the number of anchors chosen for RPN training in an

image (N§§’ "), the number of regions of interest in an image for classification (N 21 )» the number of

top scoring boxes to keep before applying Non-Maximum Suppression (NMS) to RPN proposals



(NZv.), and the number of top scoring boxes to keep after applying NMS to RPN proposals ( N5y ).

Above all, N, Nt , N, NI and N'2! are the five parameters that we tune in this work.

4.1.1. The parameter N

We run VGG16-based experiments to evaluate Ng using the encoding steps introduced in Section

3.5. We first train seven different models on seven levels of Ng with Ni" =448, N, 6 =128,

Niys =18k, and N2 =2k . Every model is then tested with seven groups of parameters ( Nty ,

Ntbe), where Nty and Ntlo are respectively the number of top-scored RPN proposals before and

pre

after applying NMS in the stage of detection. The seven groups of ( Nty , Ntloe) are (6k, 300), (9k,

300), (9k, 450), (12k, 600), (15k, 750), (18k, 750), and (18k, 900). Table 2 summarizes the key results
on the seven models. The test results with the greatest mAP are listed in the line of mAP in Table 2.

The lines of Rec, Pre, Nt{, and Ntl7 in Table 2 are respectively the recalls, precisions, and

testing parameters that correspond to the greatest mAP. Together with ground truth, the true positive
and false positive samples are used to calculate the recall and precision on every class. A predicted
detection is regarded as a true positive if the predicted class label is the same as the ground truth label
and the IoU between the predicted bounding box and the ground truth one is greater than 0.5,
otherwise the detection is a false positive one. The results of Rec and Pre listed in Table 2 are the
averages of the recalls and precisions over all the classes.

Table 2. Experiments of /N on the PASCAL VOC 2007 fest set.

No 120 160 200 300 400 500 600

mAP(%) 75.8 76.2 76.2 76.1 76.2 75.8 76.1

Rec(%) 88.4 88.3 88.0 88.1 87.2 86.0 86.1

Pre(%) 19.9 227 21.9 23.6 26.9 29.7 30.0
pre

Nt 18k 18k 12k 15k 15k 15k 18k
post

Ntbe 900 900 600 750 750 750 900

Nc=400 is chosen for our proposed method. The recall rate ranges roughly from 88.4% to 86.1%.
Simultaneously, the precision ranges from 19.9% to 30.0%. It can be seen that a greater N¢ takes
advantage in precision, but a greater Ng results in a smaller recall rate. Although Ng=160, 200, and
400 are all able to obtain a similar greatest mAP 76.2%, Ng = 400 brings a greatest precision (Table 2).
Therefore, Ng with a value of 400 is chosen for K-Faster.

4.1.2. RPN parameters

In this Section, we implement experiments on 07+12 using VGG16-based network to tune N§§N,

Ny > Niys » and N2ot . For Ng = 400, the number of the induced keypoint anchors ranges roughly
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from 40k to 60k. The number of the keypoint anchors with IoU > 0.7 ranges from zero to several
hundreds. We tune the four parameters of K-Faster in the range of one to two times of those used in

Faster R-CNN. For simplicity, the parameters Nty and Ntlwe used for NMS in the stage of
detection are set to 9k and 300, respectively. Table 3 shows our main experimental results.

Table 3. Experiments of RPN parameters on the PASCAL VOC 2007 fest set.

RPN . :
Ny Ny, NV Niws  Rec(%)  Pre(%) — mAP(%)

448 256 24k 4k 85.7 30.8 76.3
512 256 24k 4k 85.3 30.7 75.3
448 196 24k 4k 85.7 304 76.1
448 256 18k 4k 85.4 33.7 75.7
448 256 24k 2k 85.4 31.3 75.6

As shown in the first and second lines in Table 3, the experimental levels of Nj:" are different but
the other three parameters are the same. Both the recall and precision obtained by Ny." =448 are

greater than those obtained by Nj." =512, therefore, N, =448 takes advantage in mAP. The one-

factor-at-a-time experiments on N, , are listed in the first and third lines in Table 3. It can be seen

that N, =256 is more appropriate than 196. Similarly, N}, =24k and N}, =4k take advantage in

NMS NMS

mAP.
Extended experiments on the same four parameters based on ResNet101 show similar results. This

is partially due to the same structure of their RPN. Overall, the RPN parameters N,¢", Ny, Niv

NMS >

and NIve are respectively tuned to be 448, 256, 24k, and 4k for K-Faster.

4.2. Results on PASCAL VOC

In this Section, we demonstrate that local information is helpful in terms of object detection. We
evaluate K-Faster on the PASCAL VOC 2007 detection benchmark [8] together with VOC 2012. For
the experiments on the set of PASCAL VOC 2007 fest, the 07+12 dataset is used for training. For the
PASCAL VOC 2012 test set, we use the 10k trainval+test images in VOC 2007 and 16k trainval
images in VOC 2012 for training (“07++12").

We initialize a learning rate of 0.001, and make the learning rate drop 10 times after every 80k
iterations on the 07+12 dataset. The networks based on VGG16 and ResNet101 are respectively run
180k and 200k training iterations. Table 4 shows our experimental results on the test set of VOC 2007.
The rows of K-Fasterl6 and K-FasterlO1 show the results of our method using VGG16 and

€

ResNet101 as the backbone networks, respectively. The notation shows that corresponding result

1s unavailable.



Table 4. Results on the PASCAL VOC 2007 test set (%). Training data: “07+12”: VOC 2007 trainval together with
VOC 2012 trainval.

Method mAP areo bike bird boat bottle bus car cat chaircow tabledog horse mbike person plant sheep sofa train tv

One-stage detector

SSD512 [22] 76.8 82.484.778.4 73.8 53.2 86.287.586.057.8 83.172.0 84.985.2 839 79.7 503 779 739 825 753
YOLOV2 [5] 786 - - - - - - - - - - - - - - - - . i i R
DSOD300 [16] 77.7 - - - - - - - - - - - - - - - - . . i R
CEBNet300 [26]80.8 - - - - - - - - - - - - - - - - - . i, -
CEBNet512 [26] 82.5 - - - - - - - - - - - - - - - - . . ; R

Two-stage detector

Fast [3] 70.0 77.078.1 69.3 59.4 38.3 81.678.686.742.8 78.868.9 84.782.0 76.6 699 31.8 70.1 74.8 80.4 70.4
Faster [4] 73.2 76.579.0 70.9 65.5 52.1 83.184.786.452.0 81.965.7 84.884.6 77.5 76.7 388 73.6 73.9 83.0 72.6
Faster101 [13] 76.4 79.880.7 76.2 68.3 55.9 85.185.389.856.7 87.869.4 88.388.9 80.9 784 41.7 78.6 79.8 853 72.0
ION [18] 74.6 78.279.1 76.8 61.5 54.7 81.984.388.353.1 78.371.685.984.8 81.6 743 456 753 72.1 82.6 814
R-FCN [9] 80.5 79.9 87.2 81.5 72.0 69.8 86.8 88.5 89.8 67.0 88.1 74.5 89.890.6 79.9 812 537 81.8 815 859 799

CoupleNe t[10] 82.7 85.787.0 84.8 75.5 73.3 88.889.289.669.8 87.576.1 88.989.0 87.2 862 59.1 83.6 834 87.6 80.7
DeNetl0l [21] 77.0 - - - = = - - - - o oo Lo

CRFNet [22] 722 72.682.373.0 56.7 549 79.484.683254.3 77.566.8 81.383.4 782 79.5 427 69.6 71.1 81.8 71.0
MLKP16[19] 78.1 78.783.1 78.8 71.3 644 86.188.087.864.6 83.273.685.786.4 81.9 793 531 772 767 85.0 76.1
MLKPI01 [19] 80.6 82.283.279.5 72.9 70.5 87.188.288.868.3 86.374.588.888.7 82.0 81.6 563 842 833 853 79.7
ZIP MAD [20] 768 74.180.1 76.0 65.7 55.4 83.585.387.554.2 87.368.6 87.485.2 77.2 77.7 40.9 77.8 775 846 703
K-Fasterl6  77.2 75.984.0 774 65.5 62.7 86.487.589.061.0 84.571.386.287.1 78.7 79.0 518 77.8 75.6 83.1 763
K-Fasterl0l 805 80.387.0 793 74.5 68.8 88.988.588.966.9 86.975.2 88.587.6 84.7 80.0 53.7 83.7 803 85.1 80.8

Keypoint anchors provide an extra auxiliary discrimination. As shown in Table 4, our K-Faster16
and K-Faster101 achieve mAPs of 77.2% and 80.5% on the PASCAL VOC 2007 test set,
respectively. Compared with the baseline Faster R-CNN, corresponding improvements of the mAPs
are respectively 4.0% and 4.1%. Because K-Faster shares a similar framework with Faster R-CNN,
we owe the gains to the proposed keypoint anchors. In addition, K-Faster outperforms many state-of-
the-art models, including ION [18], SSD512 [23], and YOLOV2 [5]. Our ResNet101-based results are
comparable to R-FCN [9], which also uses ResNet101 as the backbone network. Although CoupleNet
[10], CEBNet [26], and MLKP101 [19] show their superiority in mAP, the superiority of MLKP to K-
Faster is insignificant. As for CoupleNet, it uses two branches, i.e., local FCN and global FCN, to
improve ResNetlOl-based R-FCN. Compared with R-FCN, which achieves mAP of 80.5%,
CoupleNet obtains an mAP of 82.7%, as shown in Table 4. The improvement of the mAP is 2.2%,
which is less than the improvement from Faster101 to K-Faster]101. CEBNet embeds six layers into
SSD detector, including four CEB modules. Every CEB module consists of two sub-networks.
Compared with SSD512, the improvement of CEBNet512 on the mAP is 5.7%. However, the
network of CEBNet is much more complicated than SSD.

Fig. 4 shows some results on the PASCAL VOC 2007 test set. The implementation model is K-
Faster16 (77.2% mAP). A score threshold of 0.6 is used to draw the detection bounding boxes. The
blue and red colors respectively show the detections launched by Faster and keypoint anchors. Fig. 5
shows the detection ratios launched by keypoint anchors on the VOC 2007 test set using the model of
K-Faster16. The detection ratio is a proportion of the number of the objects detected by keypoint
anchors to the total detections. Both Fig. 4 and Fig. 5 demonstrate that keypoint anchors are helpful
for object detection.



Fig. 4. Detection examples of K-Faster16 on the PASCAL VOC 2007 test set. A score threshold of 0.6 is used to
draw the detection bounding boxes. The blue and red colors respectively show the detections launched by Faster

and keypoint anchors.
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Fig. 5. Detection ratios launched by keypoint anchors on the PASCAL VOC 2007 fest set.

Because the main task for object detection not only includes classification but also involves
localization problem, we add an evaluation on localization. In order to investigate the positioning
precision of the detection, we evaluate the mean IoUs of the true positive detections (IoU>0.5). Fig.
6 shows the positioning precision on the 20 classes of the PASCAL VOC 2007 test set. Fig. 6a and
Fig. 6b respectively show the mean IoUs that are obtained from the backbone networks of VGG16
and ResNet101. The results of K-Faster and Faster R-CNN are shown in red and gray, respectively.
The mean IoUs of K-Faster and Faster R-CNN over the 20 classes in Fig. 6a are 78.2% and 77.8%,
respectively. The mean IoUs of K-Faster and Faster R-CNN in Fig. 6b are respectively 81.7% and
81.5%. Both the mean IoUs of K-Faster are greater than those of Faster R-CNN. Overall, our K-Faster
improves the positioning precision of the detection.
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Fig. 6. The positioning precision of bounding boxes on the PASCAL VOC 2007 test set. (a) VGG16-based results.
(b) ResNet101-based results.

Take Faster R-CNN as a benchmark, we evaluate the runtime of K-Faster using a dual-core i-3
4160 CPU and an NVIDIA GTX1080 GPU. We summarize the test time (ms per image) of Faster R-
CNN and K-Faster on the PASCAL VOC 2007 fest set in Table 5. “Keypoint” and “Proposal” are
respectively the runtimes in generating keypoints and proposals on CPU. “GPU” is the runtime on
convolution, pooling, full-connection, and softmax layers. As shown the the total runtime in Table 5,

K-Faster is slower than Faster R-CNN for a same NtJi5 . The inferiority is largely due to the time

cost on Keypoint. It takes K-Faster about 100ms to generate keypoints on CPU. However, K-Faster
takes advantage in GPU runtime. As shown in Table 5, the runtimes of K-Faster on GPU are 80.6,
202.0, 136.7, and 386.1 ms. The first three GPU runtimes of K-Faster are less than those of Faster R-
CNN. This is partially due to the improvement of the performance of the proposals. Overall, K-Faster
is competitive against Faster R-CNN in terms of GPU runtime.

Table 5. Runtime (ms) comparisons on the PASCAL VOC 2007 test set.

Model Nt ]f,jo‘;; Keypoint Proposal GPU Total Rate (fps)
Faster [4] 300 - 6.2 90.2 96.4 10.4
K-Faster16 300 107.4 19.7 80.6 207.7 4.8
Faster [4] 1200 - 26.2 216.7 242.9 4.1
K-Faster16 1200 105.0 56.2 202.0 363.2 2.8
Faster101 [13] 300 - 6.0 156.1 162.1 6.2
K-Faster101 300 112.5 18.6 136.7 267.8 3.7
Faster101 [13] 1200 - 28.8 383.8 412.6 2.4
K-Faster101 1200 117.6 57.0 386.1 560.7 1.8

As shown in Table 6, we also compare our method with the state-of-the-art methods on the test
sets of VOC 2012. The K-Fasterl6 and K-Faster101 are run 260k and 280k training iterations,
respectively. The learning rate is dropped 10 times after every 100k iterations on the 07++12 dataset.
Because the labels of the test set of VOC 2012 are not issued, the evaluation results in Table 6 are
produced from the server of PASCAL VOC. Except for CoupleNet, K-Faster101 achieves the greatest
mAP of 77.7%. Compared with the standard Faster R-CNN, K-Faster16 improves the mAP of 3.5%
and K-Faster101 improves the mAP of 3.9%. MLKP, which outperforms K-Faster on the PASCAL
VOC 2007 test set, is inferior to K-Faster on the PASCAL VOC 2012 test set. Keypoint anchors are
helpful for object detection on the PASCAL VOC 2012 test set.
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Table 6. Results on the PASCAL VOC 2012 test set (%). Training data: “07++12”: VOC 2007 trainval + test
together with VOC 2012 trainval.

Method mAP areo bike bird boat bottle bus car cat chaircow table dog horse mbike personplant sheep sofa train tv

One-stage detector

SSD512 [23] 749 87.482.3 75.8 59.0 52.6 81.7 81.590.055.4 79.059.8 88.484.3 84.7 83.3 50.2 78.0 66.386.3 72.0
YOLO?2 [5] 73.4 86.382.0 74.8 59.2 51.8 79.8 76.590.652.1 78.258.5 89.382.5 83.4 81.3 49.1 77.2 62.483.8 68.7
DSOD300[16] 76.3 89.485.3 72.9 62.7 49.5 83.680.692.160.8 77.965.6 88.985.5 86.8 84.6 51.1 77.7 72.386.0 72.2

Two-stage detector

Fast [3] 68.4 82.378.4 70.8 52.3 38.7 77.871.689.344.2 73.055.0 87.580.5 80.8 72.0 35.1 68.3 65.780.4 64.2
Faster [4] 70.4 84.979.8 74.3 53.9 49.8 77.575.988.545.6 77.155.3 86.981.7 80.9 79.6 40.1 72.6 60.981.2 61.5
Faster101 [13] 73.8 86.581.6 77.2 58.0 51.0 78.676.6 93.248.6 80.459.0 92.185.3 84.8 80.7 48.1 77.3 66.584.7 65.6
ION [18] 74.7 86.984.5 75.2 58.2 57.7 80.578.390.454.4 79.960.5 88.483.0 83.0 81.2 50.7 77.3 67.683.572.3
R-FCN [9] 77.6 869 83.4 81.5 63.8 62.4 81.6 81.1 93.1 58.0 83.8 60.8 92.786.0 84.6 844 59.0 80.8 68.6 86.1 72.9

CoupleNet [10] 80.4 89.186.7 81.6 71.0 64.4 83.7 83.794.062.2 84.665.6 92.789.1 87.3 87.7 643 84.1 72.588.4 753
DeNet-101 [21] 739 - - - - - S T T - - - - - -
CRFNet [22] 71.8 86.081.3 76.1 52.4 53.2 79.7 80.090.245.3 79.552.9 89.684.7 85.2 822 419 71.5 60.681.2 63.1
MLKP16 [19] 75.5 86.483.4 78.2 60.5 57.9 80.679.591.256.4 81.058.6 91.384.4 843 835 56.5 77.8 67.583.9 67.4
MLKP101 [19] 77.2 87.185.1 79.0 64.2 60.3 82.1 80.692.357.4 81.861.6 92.186.3 853 84.3 59.1 81.7 69.585.0 70.1
K-Faster16 73.9 85.081.3 74.6 58.2 56.9 80.978.790.653.5 78.358.4 88.083.2 84.7 82.7 512 76.6 63.582.1 68.9
K-Faster101 77.7 87.884.8 80.3 65.7 62.5 81.081.393.059.1 82.361.2 91.186.2 85.6 85.0 58.9 81.8 68.983.8 72.9

4.3. Results on MS COCO

In this Section, we present experimental results on the Microsoft COCO object detection dataset.
COCO involves 80 object classes. The dataset consists of 80k images for training (#rain2014), 40k
images for validation (va/2014), and 20k images for testing (test-dev2015). We use the train+val

(trainval) to train our model. We report COCO AP on the test-dev set, which has no public labels and
requires evaluation from the server of COCO. The COCO standard metric is denoted as AP, which is
the average precision evaluated at IoU in [0.5: 0.05: 0.95]. AP** and AP” are evaluated at [oU=0.50
and 0.75, respectively. AR!, AR, and AR!? are the average recall given 1, 10, and 100 detections
per image, respectively. AP, AP™, and AP’ are AP for small (area<32?), medium (32°<area<96?), and
large (area>967) objects, respectively. AR, AR", and AR are the similar notations. The learning rate
is initialized with 0.001 and is decayed 10 times after every 550k iterations until the iterations reach
1400k.

Table 7 shows our results on COCO. The training set trainval35k is the union of 80k train images
and a random 35k subset of val/ images. All the results are reported on the test-dev split except for
Faster-Res101”, which is reported on val split. For a fair comparison, we re-implement ResNet101-
based Faster R-CNN [13] on trainval split. The learning rate is initialized with 0.001 and is reduced
by a factor of 10 after 600k iterations until the iterations reach 800k [37]. The test results are shown as
Faster-Res101" in Table 7. Although Table 7 lists results on three different training sets (train,
trainval, trainval35k), it is reasonable to implement comparison within groups.

Table 7. Detection results on the test set of COCO (%). *: the results are reported on val split. : the results are
reported by the re-implemented model.

Method Training set AP AP AP” AP* AP” AP/ AR’/ AR!® AR' AR® AR”™ AR/
One-stage detector

SSD512 [23] trainval35k 26.8 46.5 27.8 9.0 289 419 248 375 39.8 14.0 435 59.0
YOLOV2 [5] trainval35k 21.6 44.0 192 5.0 224 355 20.7 31.6 333 9.8 365 544
DSOD300 [16] trainval 293 473 30.6 94 315 47.0 273 40.7 43.0 16.7 47.1 650
CEBNet300 [26] trainval35k  30.5 49.7 - 11,6 324 462 - - - - - -
CEBNet512 [26] trainval35k 34.3 54.1 - 163 375 485 - - - - - -



Two-stage detector

Fast [3] train 205 399 194 41 200 358 213 295 30.1 73 321 520
Faster [4][19] trainval 219 427 230 6.7 252 346 225 327 334 100 38.1 534
Faster- Res101 [13]" train 272 484 - - - - - - -

Faster-Res101 [38] trainval35k 30.3 - - 99 322 474 - - - - - -
Faster-Res101 [13]"  trainval 313 49.6 33.8 103 352 482 28.7 40.8 415 142 479 646

ION [18] train 23.6 432 23,6 64 241 383 232 327 335 10.1 377 53.6
R-FCN [9] trainval 29.2 515 - 103 324 433 - - - - - -
CoupleNet [10] trainval 33.1 535 354 11.6 363 50.1 293 438 452 18.7 514 679

DeNet-101 [21] trainval 319 505 342 9.7 349 50.6 284 39.8 403 13.1 448 64.1
Mask RCNN [12] trainval35k 38.2 60.3 41.7 20.1 41.1 50.2 - - - - - -
CornerNet [24] trainval35k  40.5 56.5 43.1 19.4 427 539 353 543 59.1 374 619 769

CRFNet [22] train 235 443 - - - - o oo
MLKP16 [19] trainval35k 269 484 269 8.6 292 41.1 256 379 389 160 44.1 59.0
MLKP101 [19] trainval35k  28.6 52.4 31.6 10.8 334 451 27.0 409 414 158 478 622
K-Faster16 trainval 265 486 263 7.9 285 41.1 253 372 382 137 432 588
K-Faster101 trainval 347 53.8 37.7 14.1 375 510 30.6 43.9 447 197 49.7 66.0

As shown in Table 7, K-Faster16 and K-Faster101 respectively achieve the APs of 26.5% and
34.7% on the trainval set. Both of them outperform corresponding standard Faster R-CNN.
Corresponding APs are respectively 3.6 and 3.4 points higher than those of Faster R-CNN. Although
K-Faster101 is inferior to CEBNet512, CoupleNet, and MLKP on the test set of VOC 2007 and VOC
2012 (Tables 4 and 6), K-Faster101 outperforms them on the test set of COCO (Table 7). It should be
noted that K-Faster cannot outperform Mask R-CNN and CornerNet on COCO. Mask R-CNN is a
kind of segmentation method that is designed for pixel-to-pixel alignment using FPN-based
ResNet101. The advantage of Mask R-CNN on box detection is partially due to the benefits of
segmentation branch and multi-task training [12]. Because CornerNet integrates many technologies in
training, it takes advantage in high performance. Besides multi-stream technology is employed to
design CornerNet, data augmentation techniques and Principal Component Analysis (PCA) are
applied to the input images. In addition, CornerNet uses an optimized training loss for training. It
seems that a method integrating several technologies is in favor of a high performance. Although K-
Faster cannot outperform all the listed state-of-the-art methods, Keypoint anchors are helpful for
object detection for the more challenging COCO dataset.

5. Conclusions

In this paper, a local keypoint-based Faster R-CNN is proposed. The 2-combinations of the
produced keypoints are selected to generate anchors. An area-based technology is designed to encode
the keypoint anchors with a heterogeneous distribution. The keypoint anchors are coupled with Faster
anchors to improve object detection. With the coupling anchors, our K-Faster approach not only
increases the mAP performance but also improves the positioning precision of the detected boxes. In
the future work, we first plan to improve detection performance using geometry knowledge since
knowledge, such as global structure and context, may be helpful for detection. Second, we plan to
improve CNN-based method with the help of intuitionistic fuzzy set. We hope to annotate object
using membership and non-membership classifications and design dual-network for object detection.
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