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Abstract— The vision and robotics communities have devel-
oped different methods for object pose estimation, all of which
have their disadvantages and advantages. A popular method
saves all possible object model images from different viewpoints
and their 2D-to-3D correspondences in database off-line. Then
local feature matching is applied between the current view and
the model images in the database. For the top matched image,
the approach of a PnP algorithm followed by RANSAC is used
to estimate object pose. Such a method has good accuracy,
but lacks efficiency, consuming O(MN2) time where N and
M are the number of features in a model and the number
of models, respectively. To tackle this problem, we propose a
method that improves the efficiency in two ways. First, we
employ a hierarchical clustering method to find the proper
number of model images to represent each object, leading to a
decrease in M. Second, a coase-to-fine object pose estimation
method is proposed, to decrease the time to find the best
matching model image. Specifically, in the coarse step, given
an image, the most similar model image is retrieved using a
global image descriptor, which we compute using a pre-trained
deep neural network. Then in the fine step, a local descriptor
feature matching method is applied to find matching keypoints
between current image and the model image found in the coarse
step. Finally, with pre-registered 2D-to-3D correspondences for
each model, an accurate object pose is calculated using the PnP
and RANSAC approach. The performance of our method is
evaluated on the Amazon Picking Challenge dataset.

I. INTRODUCTION

Object pose estimation aims to find the rotation and

translation of an object with respect to a reference coordinate

frame, and it is an important problem in computer vision[18],

[19], augmented reality [20], [26], robotic navigation[12]

and manipulation[7], [17]. Because of its importance, a

wide variety of methods have been developed to solve this

problem.

In many cases, a 3D model of an object is known a priori

and 2D features or keypoints from different viewpoints can

be extracted. Thus, one can use local keypoint descriptors to

search for the most similar model image and then calculate

object pose with 3D model and 2D image information [1],

[4]. In [1], implicit shape models are constructed including
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appearance, location, transformation and visibility informa-

tion. By selecting the top k matching pairs, they compute

3D-to-2D similarity transformation and evaluate the current

pose. In [4], the authors developed an Iterative Clustering

Estimation (ICE) algorithm. The main idea of this algorithm

is the iterative combination of feature clustering and robust

pose estimation.

Since local keypoint matching between the current view

and the database views is time consuming when the number

of model views is high and its accuracy also heavily depends

on the invariant properties of the keypoint descriptors, global

features have been developed to improve efficiency. In [9],

LINEMOD descriptors are generated, using color gradient in-

formation from color images and surface normal information

from 3D models. With the advent of RGB-D cameras such

as Kinect, there has been extensive work on pose estimation

using depth information, borrowing ideas from point cloud

registration. [21], [16], [11] iteratively transform current point

cloud to minimize the distance from the model point cloud,

while [24], [23], [25], [27], [2] create robust 3D descriptors

for matching and pose estimation.

Rather than hand-crafted descriptors, recently researchers

have adopted machine learning techniques to train the corre-

sponding relationship between 2D images and 3D poses[15],

[6], [28]. Training can be time-consuming but it is performed

off-line, while online testing for pose estimation is highly

efficient. In [15], for example, pose estimation problem was

treated as a classification problem, and a general and compact

descriptor was trained to describe each view set for every

object. During testing, each descriptor is classified to a

potential object. Then the full object pose is estimated with

the matching keypoints using the POSIT algorithm. In [6],

a mixture of holistic templates was used in discriminative

learning for joint viewpoint classification. For each category,

a mixture of V-component templates was learned to minimize

a cost function built from a set of positive and negative

training examples. In [28], a convolutional neutral network

was trained to map images from different input modalities

to very compact object descriptors. Then Euclidean distance

between descriptors was used for classification and pose
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estimation. Local keypoint based methods can be accurate,

but suffers from high complexity. In general, an algorithm

based on local keypoint matching has a complexity of

O(MN2) where N is the number of features in an image

and M is the number of object model images. In addition,

a keypoint-based method requires invariance with respect to

various image transformations (affine, illumination, etc.) for

matching to work reliably. In contrast, a global descriptor

based method is usually highly efficient, but the estimated

pose lacks resolution, resulting from the absence of local

information. The strengths and the weaknesses of these two

contrasting types of methods motivate us to combine them

to create a coarse-to-fine solution to the pose estimation

problem.

Our proposed algorithm improves existing keypoint-based

methods in two ways. First, among the sampled model

images, we attempt to identify and use only the representative

ones in the model matching step. This is accomplished by the

hierarchical clustering method, leading to a reduction of N .

Secondly, rather than using local keypoints, we find the best

matching model image using a global descriptor, so that the

overall system is one of coase-to-fine that makes use of both

global and local descriptors match.

For coarse matching, we use a global descriptor that

is computed by a pre-trained convolutional neural network

(CNN). Then in the fine matching step, local keypoint

descriptor based method is applied to obtain 2D and 3D

correspondences, followed by the standard PnP algorithm

to estimate object pose. To the best of our knowledge,

fewer works exist to resolve the model-based pose estimation

problem in a coarse-to-fine approach.

II. RELATED WORK

In general, an object whose pose needs to be estimated

gives rise to multiple aspects or unique views. To characterize

it sufficiently, a process of choosing suitable number of model

images is necessary. This is analogous to choosing keyframes

in the case of visual mapping where the number of views

should be kept low to reduce the complexity of matching

but high enough to enable model and keypoint matching.

Similarly, the process of searching for the top model image

and calculating the pose is analogous to robot localization. As

a result, we can borrow ideas from visual robot localization

to solve the pose estimation problem.

[5] presented a well-designed system for constructing 3D

metric model from multiple images, recognizing these models

in new images and solving the pose problem. On this basis,

[3] proposes a recognition and pose registration method, to

match the local descriptors to all stored models online and

use RANSAC and Meanshift for registration of multiple in-

stances of the same object. In a follow-up study, [10] studied

preserving ambiguous matching points, and estimating pose

by considering multiple hypotheses. It addressed one main

issue that arises with man-made objects: there are inevitably

local regions of an object that share similar appearances.

We recognize that local keypoint descriptors may not be

sufficiently discriminating for the problem of object pose

estimation, causing outliers or mismatches during keypoint

matching, especially when the current view experiences sig-

nificant transformation (affine, illumination, etc.) with respect

to the model images. Different from keypoint based methods,

we propose to use a global object descriptor within the

coarse-to-fine framework to solve this problem. Our coarse-

to-fine method not only overcomes the mismatching problem

during model image selection, but also improves system

efficiency. As [4] pointed out, low latency is a critical

consideration in a real-time pose estimation system. They

used feature clustering and an approximate nearest neighbor

algorithm based on kd-tree to deal with this problem so

that their framework can handle multiple objects in complex

scenes. In the current study, we use global descriptor to per-

form model image selection, followed with local descriptor

matching for pose estimation. We limit our presentation to

the single object case although our method can be extended

to the case of multiple objects or multiple instances of the

same object. By avoiding using local descriptors, we obtain

an efficient system which, at the same time, has the potential

of being more robust to image transformation due to the

discriminating power of the global object descriptors.

In a summary, suppose we have M models and N key-

points per image. Theoretically, the complexities of the brute-

force method (naive), MOPED algorithm [4] and our method

are O(MN2), O(Nlog(MN)) and O(M) respectively. Ob-

viously, our method is much faster than the naive method

and empirically faster than MOPED method. Also, as we

stated above, though MOPED involves approximate nearest

neighbor, it may not work well especially under significant

image transformation since it’s keypoint-based.

III. PROPOSED ALGORITHM

In this section, a high-level system description is given

in Sub-section A. Then we detail our work in Sub-Sections

from B to E.

A. System Organization

Fig. 1 shows the organization of the major system compo-

nents. The left part of Fig. 1 describes the off-line database

building process. We extract feature descriptors from images

of the same object with different viewpoints. Then making

use of agglomerative hierarchical method, which will be

detailed in Section B, we build a tree structure for all images

and cluster them into groups. Each group has one model for

representation, and this model is chosen as object model,

making up the object model database. Next, the right part in

Fig. 1 shows the process of online pose estimation. Given

an input image, we apply particle filter tracking algorithm to

extract bounding box of our object target. With pre-trained
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deep learning network, we extract descriptors of current

image and find the most similar one in model databases,

which is the coarse step. Then a hand-crafted local descriptor

based matching approach is applied in fine step. Following

the fine step, we get 2D-to-3D correspondences and apply

PnP algorithm to calculate the final pose.

Fig. 1. System structure. Left: off-line model selection Right: online pose
estimation

B. Off-line model selection
One problem in building model database is model selec-

tion, i.e., which views of the object to include in the model.

If the number of model views is not enough, the system may

fail in online matching stage due to difficulty in identifying

the correct modeling or matching local keypoints between

the current view and the model view or both. On the other

hand, when the number of model views is too large, it costs

time in the coarse matching step, nor is it necessary to have

redundant model image in the database. In other words, one

must strike the balance between the coverage of the object for

reliability and the number of model views for efficiency. In

this work, we employ agglomerative hierarchical clustering

method to help us make the decision on model selection. In

agglomerative hierarchical clustering, initially, every image

represents one class. According to similarity, the closest

groups are combined together until all of them merges into

one class.
The result of hierarchical clustering can be displayed as

dendrogram, as shown in Fig. 2. As we can see, every leaf

node is a single node and the root node conclude all sample

nodes. Every node in middle layers has two child nodes

merging together. The distance of nodes in middle layers is in

proportion to the difference of their two child nodes. Finally,

cutting from a proper distance, a threshold value (0.23 in

this example) multiplied by the distance of the whole tree,

we can get clustering results. For each cluster, the image

labelled with the median value (camera number and rotate

angle) is picked as the representative image.
We use Amazon Picking Challenge dataset as an example.

Images are captured from 5 cameras mounted at different

Fig. 2. Hierarchical clustering method

tilting angles (NP1-NP5) . Each camera takes 120 images, 3

degrees increment for each time, as shown in Fig. 3.

Fig. 3. Dataset set up description

In our experiment, using crayola 64 ct as an example,

all 600 images are organized into a dendrogram, by the

agglomerative hierarchical clustering method. Finally, we get

37 clusters. To visualize the results, we display two example

clusters in Fig. 4.

Fig. 4. Example result of clustering: group 23 (left) and group 33 (right)

C. Global object descriptor for coarse match

For coarse pose estimation, we make use of a global image

or object descriptor defined by a pre-trained convolutional

neural network (CNN), although our coarse matching step

is general and is not limited to this particular description

technique. We choose the CNN technology due to its superior

performance to other hand-crafted global descriptors in recent
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studies of image-based object recognition challenges. In our

particular case, we use the Pool 5 layer of CNN in [13]

that has a length of 4096. The network was trained on the

ImageNet dataset to recognize objects in 1000 classes [22].

Before testing, CNN features of models from different

viewpoints are stored in database off-line. In real time

tracking, we obtained the bounding box region of an object

and extracted its features. After feature normalization, we

calculated the dot product between current object features

and all model features. The model with highest value is the

model with the most similar pose.

To explain it clearly, Fig. 5 shows an example. We ran-

domly picked a frame in a sequence (Frame 51) and matched

it to models from 57 viewpoints. It is obviously seen that pose

from 31 to 44 are more likely to be the right pose, which

is reasonable visually. To examine this result, we picked the

top 2 and bottom 2 matched poses and displayed them in

Fig. 6. From this figure, we can see the top 2 images looks

very similar with current object, while the bottom 2 images

are from side view and the opposite view.

Fig. 5. CNN feature match between current image and all models, x is the
number of models and y is the similarity value.

Fig. 6. The top 2 (top-right) and bottom 2 (bottom-right) matched model
images with current image (left)

D. Descriptor-based feature matching

In this part, we simply detect keypoints and its descriptors.

In our case, considering speed and feature numbers, we pick

ORB descriptors and some other researchers may also use

SURF as an alternative choice. We find the 1st and 2nd

nearest neighbor for each descriptor and use distance ratio

method for pruning and finally find matching correspon-

dences. For each model, we already store their corresponding

2D and 3D coordinates, so now we can easily obtain 2D-to-

3D correspondences for current image.

With these correspondences, a Perspective-n-Point (PnP)

algorithm [14] is easily applied. Usually RANSAC is used

after that for improving the final performance. As a result,

we can finally find an accurate pose for current image. An

example is shown in Fig. 7 and Fig. 8. In Fig.7, the right one

is the matched model in our database and the left one is the

current image. Matching keypoints are connected with lines

in different colors. In Fig. 8, we use three arrows (green, blue

and red) to represent the calculated pose of current object and

the blue dots on object surface represent matched inliers.

Fig. 7. Feature descriptor based matching between current image (left) and
model image(right)

Fig. 8. Calculated pose with PnP algorithm

We are also interested in what may influence PnP perfor-

mance, which is important when we design the whole system.

Two answers may be possible, matching numbers or outlier

ratio. We made an experiment by learning [14] and from the

results in Fig. 9 and Fig. 10, we can conclude that inlier

number mainly influences pose estimation error and outlier

ratio mostly affects time cost.

IV. SYSTEM PERFORMANCE EVALUATION

To evaluate the efficiency improvement, we compared

with the keypoint matching method and its three improved

versions for object pose estimation. All tested with the same

sequence (50 frames) and average time cost is calculated,

also shown in Table I.

• V1: Brute-force local keypoint matching with model

images [4]

• V2: V1 but matching a carefully chosen keypoint subset

• V3: V2 within a bounding box from tracking
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Fig. 9. How inlier number influences PnP performance. X value is inlier
number, Y value in three pictures are translation error, rotation error and
time cost

Fig. 10. How inlier number influences PnP performance. X value is outlier
ratio, Y value in three pictures are translation error, rotation error and time
cost

• V4: Proposed coarse-to-fine algorithm using a global

object descriptor followed by keypoint matching within

bounding box as in V3

The brute-force method (V1), based on keypoint matching

and similar to the approach adopted in [4], compares each

image frame with all model images in object database. If we

have M frames and N models, the computation complexity

is O(MN). In our case, the average matching time for one

frame is 30.9135sec.

As [29] said, in the keypoint-based method, not all key-

points in the model are useful. Thus, we match every two

images in model databases and only keep these matched

features, which are repetitive. With these compact model

features (V2), we test on our dataset and the time cost

decreases to 5.2950 s.

In V1 and V2, matching is performed on the whole image.

However, the object only covers a small part of the image. In

order to improve the system efficiency and avoid mismatch

between background scene and object model, we use a

particle filter [8] to track the bounding box of object in each

image, to achieve an improved solution. In this case (V3),

the total efficiency improves to 3.2727s.

From Table I, we see most of the time is spent on searching

for model image. With a global descriptor (V4), we can

generate an object descriptor for current image and simply

use a dot product to find the best matching model image and

this only costs 0.0016s. With this image, we can then use

keypoint descriptor based match to estimate the object pose.

TABLE I

TIME COST COMPARISON FOR 4 COMPETING ALGORITHMS IN SECONDS

Tracking Search Match Total
V1 30.9135 30.9135
V2 5.2950 5.2950
V3 0.0169 3.2558 3.2727
V4 0.0173 0.0016 0.0488 0.0677

To illustrate how this works, Fig. 11 shows the total time

cost for each image. The blue curve represents V1, green

curve V2, red curve V3 and yellow curve V4. We can see

from the result that system efficiency improves significantly

with the benefits from feature selection (V2), tracking(V3)

and global descriptor method (V4).

Fig. 11. Comparison of four competing algorithms in time cost: x-axis is
the frame number in a sequence, y-axis is the post estimation time for each
frame in seconds

V. CONCLUSION AND FUTURE WORK

The paper presents an object pose estimation algorithm.

The main contribution of this work is an efficient coarse-

to-fine framework for model-based pose estimation, with

the global object descriptor performing coarse matching in

model image selection and local keypoint descriptor the fine
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pose estimation. As a result, our algorithm benefits from the

efficiency of global descriptors and also from the accuracy of

local keypoint descriptor matching method. We have demon-

strated the feasibility of this method and compared with other

methods, in terms of efficiency, with orders of magnitude

improvement. A potential advantage of using a global object

descriptor for model image selection is robustness to image

transformation such as affine and illumination variantion,

both of which are challenging to address with a keypoint

based approach, although we have not verified this advantage

experimentally.

In the current work, our method makes use of object

texture information with color image only. Performance

will be improved if shape information from depth image

can be added to current work with RGB-D image. In the

future, we expect this method can work with objects of

more complex appearance in more complicated scenes, with

significant illumination change, scale change and occlusions.

We are particularly interested in the cases of multiple objects

including and multiple instances of the same object.
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