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キーポイント検出とマッチングのためのマルチビューConvNetの

機能学習 
Multi-View ConvNet Feature Learning for Keypoint Detection and Matching 

ジュンフュン クオン* ラミア ナラシンハ* シルビオ サヴァレス** 
Junghyun KWON  Ramya NARASIMHA Silvio SAVARESE 

要  旨  _________________________________________________  

キーポイント検出とマッチングに向けたデータ駆動の多視点特徴量学習のアプローチを提

案する．我々は検知する対象と，マッチングの手法を同時に畳み込みネットワーク

（ConvNet）に学習させることができる4重サイアミーズ・アーキテクチャを開発した． 

この4重サイアミーズ・アーキテクチャは4つのConvNet を持ち，それらは2つのサブネッ

トワークに分類される．最初の3つのConvNetは多視点特徴量学習のため，最後の1つはキー

ポイント検出学習のために用いられる． 

我々の多視点特徴量学習は，異なるキーポイント間より，同一キーポイントの類似性をよ

り高く得ることができ，位置精度が高いキーポイントマッチングを実現することができる． 

我々が提案する新たなConvNet学習のフレームワークによって，キーポイント検知とマッ

チング性能が，キーポイント位置の正確性と偽陽性率において最先端手法より良好な結果が

得られることを示す． 

ABSTRACT  _________________________________________________  

We propose a data-driven multi-view feature learning approach for keypoint detection and matching. 

We train convolutional networks (ConvNet) using a novel quadruple siamese architecture that allows 

our ConvNet to learn “what to detect” and “how to match” simultaneously. The quadruple siamese 

architecture is composed of two sub-networks: the first three for multi-view feature learning and the 

last one for keypoint detection learning. Our multi-view feature learning allows us to obtain features 

that are more similar for the same keypoint pairs than the different keypoint pairs even with different 

views and instances, and thus enable robust keypoint matching while our keypoint detection learning 

allows robust keypoint detection with high localization accuracy. We experimentally show that by our 

novel ConvNet learning framework we can achieve keypoint detection and matching performance that 

outperforms the state-of-the-art method in keypoint localization accuracy and false positive rate. 

 

                                                  
* リコーイノベーションズコーポレーション 

Ricoh Innovations Corporation 

** リコーイノベーションズコーポレーション スタンフォード大学 

Ricoh Innovations Corporation, Stanford University 



 

Ricoh Technical Report No.42 35 FEBRUARY, 2017 

1. Introduction 

A popular paradigm in object detection and matching is 

to represent objects as a collection of keypoints (or parts). 

As demonstrated in early works1-4) and more recent 

works5-8), a part-based representation has the critical 

advantage of making object detection and matching robust 

to: (i) occlusions or self-occlusions—if only a portion of 

the object is visible, fewer keypoints can still be used to 

successfully identify or match the target object; (ii) intra-

class variations—keypoints are typically selected by 

retaining appearance and shape properties that are shared 

across the majority of the instances within the same object 

class. More recent representations9,10) have successfully 

generalized these ideas so as to capture the intrinsic 3D 

nature of object categories and enable methods for 

detecting and matching objects even when they are 

observed under arbitrary viewpoint conditions. 

A key challenge in part-based representations, however, 

is to guarantee that the “same” part can be detected 

regardless of the viewpoint while still accounting for 

intra-class variations. For instance, as Fig. 1 shows, in 

order to match a taillight from the car on the left with the 

same taillight from the car on the right, one needs to 

account for the relative appearance difference due to 

viewpoint transformations and intra-class variations. 

In this paper we present a new approach for detecting 

and matching keypoints/parts that is based on a novel 

convolutional network (ConvNet) architecture. Inspired 

by the recent successful works11-13) whereby ConvNets are 

used to detect object keypoints from images using a large 

training set of annotated keypoints, the goal of our 

architecture is not only to detect keypoints but also to 

“learn” how to match corresponding keypoints as they are 

observed under different viewpoints. At that end, we 

introduce a novel ConvNet training architecture shown in 

Fig. 2. The lower convolutional layers are trained by a 

quadruple siamese network sharing weights whereby the 

first three networks (a triple siamese architecture) are 

dedicated for keypoint matching and the fourth one is 

dedicated for keypoint detection. 

We train a ConvNet using the triple siamese 

architecture so as to match corresponding keypoints in a 

discriminative fashion by feeding to the network triplets 

of input keypoints. Each triplet is composed by two 

corresponding keypoints and one negative keypoint that is 

not supposed to be in correspondence with any of the other 

two. This way the network learns how to establish 

correspondences in relationship to negative matches. On 

the other hand, the last subnetwork is trained for the 

keypoint detection to predict keypoint-like regions from a 

single input image. By the use of the weight sharing 

mechanism, the four subnetworks are eventually trained 

to have the same weights, and it is equivalent to have a 

single network optimized for both feature learning and 

keypoint detection. 

 

 

Fig. 1 We first detect keypoints from the keypoint 
probability map and then match detected 
keypoints across different views and instances 
using features learned by our multi-view ConvNet 
feature learning framework. 
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Fig. 2 Our ConvNet architecture for simultaneous multi-view feature learning and keypoint detection learning. 

We report an extensive quantitative and qualitative 

experimental analysis that demonstrates our theoretical 

findings and shows that our method achieves superior 

results to the state-of-the-art approach in solving keypoint 

detection and matching tasks with higher keypoint 

localization accuracy and lower false positive rate. 

1-1 Related Work 

ConvNet feature learning using siamese network 

architectures has been studied well. For example, such 

networks have been used for signature verification14), 

dimensionality reduction15), and face verification16). 

Recently, triple siamese architectures were used for 

learning fine-grained image similarity17) and unsupervised 

ConvNet learning with videos18). In this paper, we propose 

a novel quadruple siamese architecture to simultaneously 

train our ConvNet for both learning features for robust 

keypoint matching and learning how to detect keypoints. 

Object detection and segmentation have been solved 

well by the ConvNet-based approaches. R-CNN computes 

ConvNet features from region proposals and uses them to 

detect objects19). Hariharan et al. solved fine-grained 

segmentation by the use of the hypercolumns20) while 

Long et al. solved semantic segmentation by classifying 

every pixel by FCN21). Chen et al. combined ConvNet 

feature maps with the fully connected conditional random 

fields for accurate semantic segmentation22). In this paper, 

instead of trying to segment keypoint regions, we train a 

ConvNet to generate the spatial keypoint probability map 

that can be used for localizing keypoints accurately. 

In order to match detected keypoints, we use the 

features extracted from the feature maps of the proposed 

ConvNet. There have been several attempts to use 

ConvNet features as off-the-shelf features23,24). We 

experimentally show that our learned ConvNet features 

significantly outperforms the off-the-shelf ConvNet 

features in keypoint matching. 

There are several recent works to solve keypoint 

prediction problems by the ConvNet-based keypoint 

regression in various applications, e.g., facial point 
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detection11), human pose estimation12), and keypoint 

prediction for general classes13). Among these, the work 

by Tulsiani and Malik13) is the most similar to ours as it 

also detects keypoints based on the spatial keypoint 

probability map. However, it has important limitations: (i) 

it needs another ConvNet to provide viewpoint 

information, (ii) the keypoint localization accuracy is 

limited by the use of coarse keypoint probability grids, 

and (iii) it predicts all keypoints regardless of visibility. 

We experimentally show that our method yields far better 

keypoint localization accuracy with far less false positives. 

 

2. Overview of Our Approach 

Figure 1 summarizes our ConvNet-based approach for 

keypoint detection and matching. From input images, our 

ConvNet generates keypoint probability map for keypoint 

detection and features for keypoint matching. We detect 

keypoints from the keypoint probability map. These 

keypoints are then matched across different views and 

instances using ConvNet features extracted at the detected 

locations. The main goal here is to simultaneously 

optimize our ConvNet for the two different tasks: learning 

features for robust keypoint matching (multi-view feature 

learning in Section 3) and learning how to detect 

keypoints (keypoint detection learning in Section 4). 

Figure 2 shows the proposed quadruple siamese 

architecture that can train our ConvNet for multi-view 

feature learning and keypoint detection learning 

simultaneously. The main idea is to regard the main roles 

of each layer differently: we use the lower convolutional 

layers for both multi-view feature learning and keypoint 

detection learning while the higher convolutional layers 

exclusively for keypoint detection learning. The main 

reason to split the layers in this way is the receptive fields 

for the lower layers are suitable for multi-view feature 

learning where the mid-level features are important while 

the larger receptive fields of the higher layers are suitable 

for telling whether a pixel belongs to keypoint regions 

based on the larger context. 

Our quadruple siamese architecture is composed of two 

sub-networks marked as blue and red boxes in Fig. 2. The 

first sub-network (blue box) takes triplets of image 

patches that are composed of the same and different 

keypoint pairs and is trained for multi-view feature 

learning while the second sub-network (red box) takes 

whole object images and is trained for keypoint detection 

learning along with the higher layers. The overall loss 

function is the weighted combination of the hinge loss for 

multi-view feature learning and logistic loss for keypoint 

detection learning. Note that the higher layers are trained 

by only the logistic loss as they have no relation with the 

hinge loss. The lower layers are updated by the weighted 

loss and optimized for both multi-view feature learning 

and keypoint detection learning. 

We now present the details of our multi-view feature 

learning and keypoint detection learning in Section 3 and 

Section 4, respectively. Once keypoints are detected from 

input images, we can identify them via voting using 

template images as explained in Section 5 and Fig. 3. 

 

3. Multi-View Feature Learning 

The goal of multi-view feature learning is to train our 

ConvNet to yield features to enable robust keypoint 

matching across different views and instances. Suppose 

that there are two images  and of two different 

instances taken from different views with several visible 

keypoints at locations , ∈ . We define a function 

,  that extracts a feature vector  from an input 

image  at a certain location ∈ . With a similarity 

function , what we want for robust matching is 

, , , ≫

																																												 , , ,    (1) 

i.e., the features from the same keypoints are much 

more similar to each other than those from the different 
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keypoints are. We directly encode the relationship (1) into 

our multi-view feature learning using the hinge loss 

function. In the remainder of the paper, we use ,  

and , to refer to features extracted from , , 

, , and , respectively. 

We use a triple siamese network sharing weights for our 

multi-view feature learning (see the blue box in Fig. 2). 

The siamese network takes as an input a triplet of image 

patches taken from two image  and  that have 

common visible keypoints. The input patch for the first 

network is taken from  at  while those for the 

second and third networks are taken from  at  and 

, respectively. After processing the input images by 

multiple convolutional layers, we extract ,  and  

at each keypoint location from the output feature maps of 

each network. Then the weights are learned by the 

following hinge loss function 

max	 0,     (2) 

where , ,  and  is a margin to 

ensure that ,  is much greater than , . For 

the similarity function, we use the cosine similarity. 

One can consider the hypercolumns20) extracted at 

keypoint locations as the feature vector . We can extend 

the idea of the hypercolumns by considering the features 

in the local neighborhood of keypoints. We define our 

feature  as the hypercolumns extracted from the 

average pooled feature maps in addition to the original 

feature maps. The rationale for this is quite intuitive: if all 

the features within two regions are similar to each other, 

their average features should be similar as well. 

 

4. Keypoint Detection Learning 

The goal of keypoint detection learning is to train our 

ConvNet to yield the spatial probability map of keypoints 

from input images as shown in Fig. 1. In order to achieve 

this goal while optimizing our ConvNet also for multi-

view feature learning, we augment more convolutional 

layers on top of the convolutional layers used for multi-

view feature learning (see the red box in Fig. 2). The lower 

convolutional layers are shared for multi-view feature 

learning and keypoint detection learning while the 

augmented higher layers are used only for keypoint 

detection learning. We use the logistic loss with ground 

truth (GT) keypoint label images to train our ConvNet for 

keypoint detection learning. 

We obtain the keypoint probability map by applying a 

logistic function to the 1-channel feature map from the last 

convolutional layer upsampled to the input image sizes. 

We then find blobs from the keypoint probability map and 

regard their centroids as detected keypoints. 

 

5. Keypoint Identification by Voting 

After detecting keypoints from input images, we can 

identify them by assigning labels. We use template images 

with keypoint annotations from datasets such as the 

PASCAL3D+25) to perform this task. Figure 3 illustrates 

our voting approach for keypoint identification with 

template images. The first step is to select the top-k 

candidates similar to an input image in terms of the 

keypoint feature similarity. We perform the nearest 

neighbor matching of detected keypoints to keypoints of 

each template image using our learned features. We then 

find the top-k candidate templates based on the summation 

of the cosine similarity scores of the matched template 

keypoints. 

 

Fig. 3 Our voting approach for keypoint identification. 
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The second step is to find IDs (i.e. keypoint labels) of 

the detected keypoints based on the voting with the cosine 

similarity scores of the matched template keypoints from 

the selected top-k candidates. We build a  table 

where  is the number of detected keypoints and  is 

the number of all keypoint IDs. We then accumulate the 

cosine similarity scores of each matched template 

keypoint in the table cells corresponding to the detected 

keypoint and matched keypoint IDs. The ID of each 

detected keypoint is finally determined as the one that 

gives the highest accumulated cosine similarity score. 

This voting approach is simple and straightforward and 

we can get quite satisfactory keypoint identification 

results. This is because of superior keypoint matching 

ability of our features learned by the proposed multi-view 

feature learning framework. 

 

6. Implementation Details 

6-1 ConvNet Architecture 

Our ConvNet architecture is based on the 16-layer 

model of the VGG architecture (VGG16)26). We use the 

Conv1 to Conv5 layers for multi-view feature learning 

while all layers for keypoint detection learning.  

For multi-view feature learning, we compute 5 5 

average pooled feature maps of the three sub-layers of 

Conv5 and extract our 3072-dimensional feature  from 

their original and average pooled features maps. We 

empirically set 0.3 for the hinge loss (2). 

In order to increase keypoint localization accuracy, in 

addition to the feature map from Conv8, we generate 1-

channel feature maps using 1 1 kernels from feature 

maps from the lower layers whose spatial resolution is 

higher than Conv8 by following the work by Long et al.21). 

We use the last sub-layers of Conv5 and Conv4 instead of 

Pool4 and Pool3 used in the work by Long et al.21) because 

the highest layer among those with the same spatial 

resolution has more discriminative power due to more 

feature abstraction. 

6-2 ConvNet Training 

We trained our ConvNet by the stochastic gradient 

descent algorithm using the Caffe framework27). For 

initial weights, we used the VGG16 pre-trained for the 

ImageNet classification tasks28) except for the problem-

specific Conv8 layer initialized with zero weights. 

For training data, we used the PASCAL3D+25) that has 

keypoint and viewpoint annotations for 12 rigid object 

categories of the PASCAL VOC29) and ImageNet28). We 

used the whole ImageNet images and PASCAL train set 

for our ConvNet training. We generated 480 480 

training samples by cropping the GT bounding box 

regions and resizing them to make the longer side length 

480. We filled the void regions with the mean values of 

each color channel of the ImageNet images. 

6-3 Training Data for Feature Learning 

In order to generate the triplet training samples suitable 

for our multi-view feature learning, we first split all 

training samples into 16 azimuth angle bins, 

0, , , … , , based on the PASCAL3D+ annotations. 

From the nearby bins, we generated pairs of images to be 

used for generating triplets. We regarded  and  

as the nearby bins of . The images were paired only 

when the azimuth and elevation differences are less than 

60° and 15°, respectively, and the subtypes are the same. 

Finally, triplets are generated from each pair by 

considering all possible combinations of the same and 

different keypoint pairs. Our goal with these training 

triplets is to obtain features that are consistent for the same 

keypoint pairs even with appearance variations expected 

from such different views and different instances. 

Because of the spatial dimension of the Conv5 layer’s 

feature maps, we have to constraint the input dimension 

to multiples of 16. Therefore, we extract 208 208 

patches centered at keypoint locations. This is closest to 
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and larger than the 196 196  receptive field size of 

Conv5. With this size of input patches, the spatial 

dimension of the feature maps of the Conv5 sub-layers are 

13 13 and our features are extracted at the center of 

those feature maps. Figure 4 shows examples of triplet 

training samples for a “Car” category. 

 

Fig. 4 Examples of triplet training samples for a “Car” 
category used in our multi-view feature learning. 

6-4 Training Data for Keypoint Detection 

For keypoint detection learning, it is not effective to use 

only GT keypoint locations as positive samples because 

they are too few compared to numerous negative samples. 

In order to solve this problem, we generated GT masks of 

keypoint regions by drawing circles centered at keypoint 

locations. We adjusted the radii of circles using the object 

distance to the camera with the minimum and maximum 

limits. Figure 5 shows examples of our training samples 

and their keypoint region GT masks for a “Car” category. 

By using these keypoint region masks, we can train our 

ConvNet to generate higher probabilities for regions that 

can contain keypoints. 

 

Fig. 5 Examples of training samples and GT keypoint 
masks for a “Car” category for keypoint detection 
learning. 

Figure 6 shows examples of detected keypoints by 

finding blobs from the keypoint probability map of our 

trained ConvNet. Note that we can detect keypoints 

correctly despite clutter and low image quality. We can 

control the sensitivity of detection by changing the 

probability threshold ; the results in Fig. 6 are with 

0.15 that yields a good balance of precision and recall. 

 

Fig. 6 Examples of keypoint detection results for a “Car” 
category. 

7. Experiments 

In this section, we first demonstrate the keypoint 

matching performance of our learned ConvNet features. 

We then demonstrate the performance of our keypoint 

detection and matching via comparison with the work by 

Tulsiani and Malik13) (VPKP). We use the “Car” category 

of the PASCAL validation set for experiments. 

7-1 Experiment 1: Keypoint Matching with 

Known Keypoint Locations 

We first test the keypoint matching performance of our 

learned ConvNet features. We generated image pairs from 

the “Car” category of the PASCAL validation set as done 

in Section 6.3. The total number of image pairs are 1028 

and the total number of GT keypoint matches are 4703. 

We consider the following features for comparison: 

hypercolumns from the original feature maps (“HC”), 

hypercolumns from the original and average pooled 

feature maps (“HC+Pool”), our learned features from the 

original feature maps (“Ours (HC)”), and our learned 

features from the original and average pooled feature 

maps (“Ours (HC+Pool)”). We used the Conv5 feature 

maps for all cases. “HC” and “HC+Pool” are obtained 
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from the VGG16 pre-trained for the ImageNet tasks. We 

also consider the geometric blur descriptor30) (“GB”) as a 

baseline. We extract each feature from the known 

keypoint locations and perform keypoint matching by the 

nearest neighbor matching with cross check. We use the 

cosine similarity for all features except “GB”. We use the 

normalized cross correlation for “GB” as suggested in the 

work of Berg and Malik30). 

Table 1 summarizes the matching performance of the 

compared features. It is clear that our learned features 

yielded significantly better keypoint matching 

performance than any other compared features. The 

increases in precision and recall of “Ours (HC+Pool)” 

compared to “HC+Pool” are 0.249 and 0.344, respectively. 

It is also notable that features using both original and 

average pooled feature maps consistently outperform 

those using only the original feature maps. Also note that 

the geometric blur descriptor shows far inferior matching 

performance compared to ours. 

Table 1 Keypoint matching results with known keypoint 
locations. 

 

7-2 Experiment 2: Keypoint Detection, 

Identification, and Matching 

We now test the performance of our overall approach 

for keypoint detection and matching via comparison with 

VPKP in three different aspects: (i) keypoint detection 

without identification, (ii) keypoint prediction (i.e., 

keypoint detection with identification), and (iii) and 

keypoint detection and matching. We use the GT 

bounding box annotations for this comparison. Note that 

we used the PASCAL3D+ keypoint annotations25) for 

training and evaluation while VPKP used the PASCAL 

keypoint dataset7). We believe that the overall difficulties 

in keypoint prediction using both annotations are quite 

similar as the test images are the same and number of 

keypoints are similar: 12 in the PASCAL3D+25) and 14 in 

the PASCAL keypoint dataset7) for the “Car” category. 

7-2-1 Keypoint Detection without Identification 

We first compare the keypoint detection performance of 

our method and VPKP without keypoint identification. In 

order to identify true positives from the detected keypoints, 

we greedily match the detected keypoints to the GT 

keypoints by (i) performing the nearest neighbor matching 

with cross check using the pixel distance and (ii) repeating 

it until there are no unmatched GT or detected keypoints. 

The detected keypoints are determined as true positives if 

they are matched to one of the GT keypoints and the 

distance between them is less than ⋅ max	 ,  where 

 is the detection threshold and  and  are width and 

height of the GT bounding box. 

Figure 7 shows our PR curves for the keypoint 

detection 	 0.1  obtained with different keypoint 

probability thresholds . Ours with 0.15  yielded 

much higher precision (+0.308) with slightly lower recall 

(-0.0284). The main reason of poor precision of is it 

predicts all keypoints regardless of visibility. 

 

Fig. 7 Our PR curves for keypoint detection with α = 0.1 
using original (solid) and jittered (dashed) GT 
bounding boxes. The red dots represent our 
operating points with the keypoint probability 
threshold p = 0.15. The blue square is the 
precision and recall of VPKP27). 
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In order to check the robustness of our keypoint 

detection to errors in object bounding boxes, we repeated 

the experiment with the jittered GT bounding boxes. The 

dashed line in Fig. 7 shows our PR curve obtained with 

the jittered GT bounding boxes. We can see that our 

method is quite robust to errors in object bounding boxes: 

the decreases in precision and recall with 0.15 are 

only 0.0251 and 0.0356, respectively. 

In order to better quantify the keypoint localization 

accuracy, we computed precision and recall with different 

values of  as shown in Table 2. Our precision and recall 

are with 0.15. Note that recall of VPKP significantly 

decreases with stricter detection thresholds unlike ours. 

Our recall with 0.03 is 0.642 while that of VPKP is 

only 0.370. The significant decrease in recall of VPKP 

with stricter detection thresholds is due to the fact that it 

predicts keypoints based on coarse keypoint probability 

grids. Contrarily, our ConvNet generates the keypoint 

probability map of the same size as input images and can 

localize keypoints far more accurately than VPKP. 

Table 2 Comparison of keypoint detection performance 
with different values of α. 

 

7-2-2 Keypoint Prediction 

We now compare our keypoint prediction (i.e., keypoint 

detection with identification) performance with that of 

VPKP. We use as the performance measures the 

probability of correct keypoint (PCK), which measures 

the fraction of images where each keypoint is correctly 

localized31), together with precision and recall. We used 

the keypoint detection results obtained with 0.15 

and used the top-25 candidates for keypoint identification. 

Table 3 summarizes the keypoint prediction 

performance by our method and VPKP with the different 

values of . As the keypoint prediction performance also 

depends on the keypoint localization accuracy, both mean 

PCK and recall of VPKP significantly decrease with 

stricter detection thresholds. The mean PCK and recall of 

VPKP with 0.03  are only 0.292 and 0.275, 

respectively, while ours are 0.511 and 0.503, respectively. 

Table 3 Comparison of keypoint prediction performance 
with different values of α. 

 

Figure 8 shows examples of keypoint prediction results 

by our method and VPKP. It is clear that the keypoint 

localization accuracy of VPKP is far inferior to ours 

because of the coarse keypoint probability grids. Also 

note that our method generated far less false positives. 

7-2-3 Keypoint Detection and Matching 

We finally compare the keypoint detection and 

matching performance of ours and VPKP. For this 

comparison, we used the same image pairs used in Section 

7.1. We detect keypoints with 0.15 and match them 

using the nearest neighbor matching with cross check. In 

order to be counted as correct matches, both of matched 

keypoints should be true positives and have the same GT 

IDs. For keypoint matching performance of VPKP, we 

match their predicted keypoints across image pairs based 

on their predicted IDs. In this case, in order to be counted 

as correct matches, both of matched keypoints should be 

true positives. 

Table 4 shows precision and recall of ours and VPKP 

for the keypoint detection and matching with the different 

values of . The results are quite similar to the previous 

experiments: compared to VPKP, our precision is 

consistently much higher and our recall is far better with 
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stricter detection thresholds because of superior 

localization accuracy. 

Table 4 Comparison of keypoint detection and matching 
performance with different values of α. 

 

Figure 9 shows a few examples of keypoint detection 

and matching by our method. Note that our method can 

successfully match keypoints across different views and 

instances because of superior keypoint matching ability of 

our learned ConvNet features. Also note that all incorrect 

matches (dashed lines) in Fig. 9 are due to missing GT 

keypoint annotations. Therefore, our performance can be 

considered as actually better than the precision and recall 

numbers given in Section 7. 

 

 

 

 
 Fig. 9  Examples of keypoint detection and matching results by our method with the probability threshold of p = 0.15. Red 

and cyan circles are true and false positives (α = 0.1), respectively. Solid and dashed lines are correct and incorrect 
keypoint matches, respectively. Note that all incorrect matches shown here are due to missing ground truth keypoint 
annotations. 

Fig. 8  Examples of keypoint prediction results by our method and VPKP13). Red and cyan circles represent true and false 
positives (α = 0.1), respectively. 
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8. Conclusion 

In this paper, we proposed a novel quadruple siamese 

architecture to simultaneously train our ConvNet for both 

(i) learning features for robust keypoint matching using 

triplet training samples composed of the same and 

different key- point pairs, and (ii) learning how to detect 

keypoints. We detect keypoints from the keypoint 

probability map generated by our trained ConvNet and 

match them across different views and instances using our 

learned ConvNet features. We showed that our novel 

ConvNet learning framework can yield keypoint detection 

and matching performance that outperforms the state-of-

the-art method in the keypoint localization accuracy and 

false positive rate via extensive quantitative and 

qualitative experimental comparisons. 
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