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Abstract

In this paper, an object recognition system has been developed that uses local image fea-
tures. In the system, multiple classes of objects can be recognized in an image. This sys-
tem is basically divided into two parts: object detection and object identification. Object
detection is based on SIFT features, which are invariant to image illumination, scaling
and rotation. SIFT features extracted from a test image are used to perform a reliable
matching between a database of SIFT features from known object images. Method of
DBSCAN clustering is used for multiple object detection. RANSAC method is used for
decreasing the amount of false detection. Object identification is based on ’Bag-of-Words’
model. The ’BoW’ model is a method based on vector quantization of SIFT descriptors
of image patches. In this model, K-means clustering and Support Vector Machine (SVM)
classification method are applied.

Keywords: Object recognition, SIFT feature, Feature matching, DBSCAN, RANSAC, Bag
of Words.
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Chapter 1

Introduction

1.1 Motivation and objective

With the development in the area of artificial intelligence, a lot of work in real world
is done by robots. Nowadays in almost all areas human can be replaced by intelligent
robots. According to that, the idea of automatic warehouse system comes out. For the
purpose of intelligent warehouse development, an important task is to understand the
environment. One of the elements that provide this better understanding is an inventory
list of articles. Several images have been taken in real warehouse environment. Images
are taken with a view of one pallet which contains a number of boxes of goods. An in-
ventory list can help to verify the situation of objects on the pallet.

In this project, the main work is to develop an approach of article identification for in-
ventory system in a warehouse environment. In recent years, some methods have been
developed for object identification in images. According to these methods, objects that
appear in the image can be identified together. But it is not enough for a warehouse en-
vironment. A warehouse inventory system also needs to figure out object’s position and
category. So the purpose of this work is not only object identification, but also indicating
each object’s position. In order to point out object’s position, an approach of object de-
tection should be implemented. So in conclusion, in order to fulfill the requirement of a
warehouse inventory system, the objective of this research is object recognition, contain-
ing both object detection and identification which is shown in figure 1.1.

Figure 1.1: The objective of this thesis research.
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1.2 Related work

Object recognition is widely used in the machine vision industry for the purpose of in-
spection, registration, and manipulation. Object recognition in computer vision is the
task of detecting and identifying objects in an image or video sequences. Object can be
recognized in images, despite the fact that object may vary in different viewpoints, sizes
and scales or even when they are translated or rotated. There has recently been consider-
able progress in developing real world object recognition system[6]. Some methods have
been developed in object recognition task[21].

One approach is Appearance-based method. The purpose of this method is to use exam-
ple images, called templates or exemplars of the objects to perform object recognition[2]
[10]. It is shown in figure 1.2. It also includes eigenspace matching, color histograms[20],
and receptive histograms[14]. These methods have all been demonstrated successfully
on isolated objects or segmented images. But there are obvious disadvantages in this ap-
proach, that objects will look different because of changes in color, viewpoint and size. So
in this approach, a single example image template is not enough for reliable performance.
It usually needs a large database of template images for object recognition.

Figure 1.2: Templeate matching in object recognition. The small image of BMW is the
template.

Another approach is feature-based method[22] [26]. In computer vision and image pro-
cessing, a feature is a piece of information which is relevant for solving the computational
task related to a certain application. Features may be specific structures in the image such
as points, edges or objects. Features may also be the result of a general neighborhood
operation or feature detection applied to the image. The feature-based method is an ap-
proach for searching feasible matches between features in the object image and those in
the test image. The primary constraint of feature matching is that all feasible matches of
features should be located on object’s position. Several feature-based methods have been
developed: Scale Invariant Feature Transform(SIFT) is developed by Lowe[15]. It is less
sensitive to changes of scale, lightness, rotation and illumination. Keypoint preserving
SIFT (KPSIFT)[9], which is based on SIFT. Speed Up Robust Feature(SURF) is a robust
local feature descriptor, first presented by Herbert Bay[1]. Gradient Location and Ori-
entation Histogram (GLOH) is an extension of SIFT[17]. Sobel feature, sometimes called
Sobel filter, is particularly within edge detection algorithms and creates an image which
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emphasizes edges and transitions. It has also been applied in object recognition[5]. Haar-
like feature is the difference of sum of pixels of area inside the rectangle, which can be at
any position and scale within the original image. It is widely used in face recognition[18].

For object identification, there are several kinds of methods: One approach is based
on appearance and contour of objects. It has been proved to be successful in object
categorization[13]. But the method has much influenced by the change of object itself.
Comprehensive probabilistic theory, which uncertain observations of object are modeled
by a probabilistic feature vector, is also applied in object classification[3]. Parts-based
method, that each part of object is represented by a collection of shape features, is avail-
able for 3D object’s classification[11]. In recent years, a method called ’Bag-of-Words’
(BoW) has been developed. The ’Bag-of-words’ model is a simplified representation used
in natural language processing and information retrival. In this model, a text is repre-
sented as the bag of its words, disregarding grammar and even word order but keeping
multiplicity. It is rather different from generic categorization and is widely used in com-
puter vision area[24]. To represent an image that uses ’Bag-of-words’ method, an image
is treated as a document. Generally, ’word’ of image needs to be defined. This approach
is usually based on invariant features of image patches.

1.3 Research in this project

In this thesis work, an approach for object recognition in a highly cluttered scene of im-
ages taken in real warehouse environment should be developed. In figure 1.3, there are
four examples of images taken in real warehouse environment. Those images are taken
in multiple viewpoints. Objects are all located on the pallet. These objects are in different
categories. In one category of object, not only one but several objects of same category
exist on the pallet.

There are several difficulties and challenges existing in this project. In the warehouse en-
vironment, images may be taken in multiple viewpoints as shown in figure 1.3. Finding
an object detection method not sensitive to object changes in color, shape and viewpoint
is the first problem that should be solved. Secondly, for an inventory list, the quantity of
objects is very important. Therefore the method should support detection of each object’s
position and count the number of them. A good approach that can handle the image seg-
mentation for each object’s detection should be implemented. In addition, identifying
object’s category is another problem that should be solved.
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Figure 1.3: The examples of image taken in the warehouse environment.

According to the objective of this project, the entire work can be divided into two parts:
object detection and object identification. For object detection, a method based on SIFT
feature is used. The reason of choosing SIFT feature is: Firstly, in the warehouse envi-
ronment, images are taken in multiple viewpoints. And objects on the pallet may be in
different colors. SIFT features are verified to be less sensitivity to changes of scale, color,
lightness and viewpoint. It is stable for object detection. If we choose to use template
matching, a large number of template images need to be prepared. And it has many
limitations of changes in lightness, color and viewpoints from images. Secondly, SIFT
features are fast to be extracted from images and robust to noise. Thirdly, SIFT features
are distinctive and contain much information. It is applied for fast and accurate match-
ing. Moreover, SIFT features are easier to be combined with other feature vectors.

For object identification, a method based on ’Bag-of-words’ model is used. Reasons of
choosing ’Bag-of-words’ model are: firstly, it has reduced storage. It makes one image
with hundreds of features represented by only one feature vector. It is faster and eas-
ier for processing. Secondly, ’Bag-of-words’ method has been proved to have acceptable
performance in object identification[28]. Thirdly, as we have chosen to use SIFT features
for object detection, ’Bag-of-words’ model is convenient to combine with SIFT feature
because of its stability. In addition, ’Bag-of-words’ model has been proved to have good
performance in multi-class categorization problem [29].

This thesis paper is structured as bellow:

• In Chapter 1, we mainly explain the motivation and objective of this thesis project,
the concept of object recognition and some related research in this area. Difficulties
exist in our work and some algorithms dealt with this thesis are mentioned.

• Chapter 2 is the methodology part. The structure of our entire procedure in this
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project is introduced. In details, all algorithms in object detection and identification
we applied have been presented, such as: SIFT feature detection and matching,
Feature thresholding, DBSCAN clustering, RANSAC method and ’Bag-of-Words’
model establishment. Flow charts of all these methods are shown in this part. Ad-
ditionally, the intentions of using these methods are announced. The performance
of the algorithm is demonstrated. We also illustrated the statistical method for the
experiment result.

• Chapter 3 is the result and discussion part. The dataset we use from a real ware-
house environment and our experiment results are presented. Based on results
from experiments, we discuss our work done in this project.

• In Chapter 4, we principally make a conclusion of the whole thesis project. De-
pending on results from the entire project, some directions of future research are
also mentioned.
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Chapter 2

Methodology

2.1 Overview

Object detection and identification are very important topics in computer vision area. As
difficulties in this project we mentioned, we need to find a kind of feature that is less
sensitive to image translation, scaling, rotation, illumination changes that will happen in
the warehouse environment. On a macroscale, the entire work is mainly divided into two
steps: object detection and identification. It is shown in figure 2.1.

Figure 2.1: The flow chart of the entire approach. The whole object recognition method
is developed into two steps: object detection and object identification.

For the whole system, an image taken in a real warehouse environment which contains
several objects inside is given. Through the detection process, for each image, SIFT fea-
ture extraction is applied first. Based on those extracted features, a method for object
detection is developed. In object detection step, each detected object’s position is ob-
tained. Based on object’s position in the image, a bounding box for one detected object in
test image is created. With the help of ’Bag-of-words’ model, the detected object will be
classified into its belonging class. It is shown in figure 2.2.

Figure 2.2: The process of object detection and object identification.

7
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2.2 SIFT method

2.2.1 SIFT feature extraction

Scale Invariant Feature Transform(SIFT) is an approach for detecting and extracting local
feature descriptors which are invarinat to image illumination, scaling and rotation. This
algorithm was first proposed by Lowe[15]. In recent years, it has been improved and
developed. SIFT feature has several advantages as follows:

• natural features from images. They are invariant to uniform scaling, orientation
and partially invariant to illumination changes;

• better error tolerance with fewer matches;

• with good efficiency and speed;

• convenient to combine and generate useful information.

Detection stage of SIFT feature is divided into 4 steps:

1. Scale-space extrema detection: In this stage, at first, the image I(x, y) is convolved
with Gaussian filters at different scales as equation 2.1:

L(x, y, σ) = G(x, y, σ) ∗ I(x, y) (2.1)

In the equation 2.1, L(x, y, σ) is the convolution of image I(x, y) with the Gaussian
filter G(x, y, σ) at scale σ. Differences between two Gaussian images at scale kσ and
σ are taken as equation 2.2 shown:

D(x, y, σ) = L(x, y, kσ)− L(x, y, σ) (2.2)

the difference at these two scales are called a DoG(Differences of Gaussians), image
of which is presented in figure 2.3:

Figure 2.3: The creation of a DoG image, from [16].

2. Keypoint localization: After the first stage, keypoints, also can be called Interest
points are identified as local maxima or minima of the DoG images across scales.
Each pixel in the DoG images is compared to its 8 neighbours at the same scale,
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which is shown in figure 2.4. We also need to accurate the keypoints’ localizations
by discarding points by a predetermined value.

D(x̂) = D +
1
2

∂DT

∂x
x̂ (2.3)

where x̂ is calculated by setting the derivative D(x, y, σ) to zero.

Figure 2.4: Local extrema detection, from [16].

3. Orientation assignment: In order to achieve invariance to orientation, the gradient
magnitude m(x, y) and orientation θ(x, y) are precomputed using as equation 2.4,
2.5:

m(x, y) =
√
(L(x + 1, y)− L(x − 1, y))2 + (L(x, y + 1)− L(x, y − 1))2 (2.4)

θ(x, y) = arctan(
L(x, y + 1)− L(x, y − 1)
L(x + 1, y)− L(x − 1, y)

) (2.5)

4. Keypoint descriptor generation: If a keypoint orientation is selected, the feature
descriptor is computed as a set of orientation histograms on 4 × 4 pixel neighbour-
hoods, it is shown in figure 2.5:

Figure 2.5: SIFT feature descriptor, from [16].
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Histogram contains 8 bins, so a SIFT feature vector is with 4× 4× 8 = 128 elements,
and it is normalized to unit length. It’s the representative of SIFT feature descriptor.

As we have chosen to use SIFT features, about extracting SIFT features in a image, we
use VL_FEAT[25], the open source library which implements detecting SIFT features in
one image.

(a) Before SIFT feature extraction (b) After SIFT feature extraction

Figure 2.6: SIFT feature extraction by using VL_FEAT library. In the right figure, extracted
SIFT feature points positions are plotted with blue marks.

By using this library and an image as input, feature points’ positions in the image will be
obtained. In figure 2.6, an image of Ramlosa with 465 × 286 pixels is given, the extracted
SIFT feature points’ positions have been presented as blue marks. For each feature, its
128 dimension SIFT feature descriptor will also be extracted.

2.2.2 Feature matching

In this section, in order to describe our method for feature matching, we choose an object
image which is called sample image here. We also choose a test image including the ob-
ject of sample image inside. It is shown in figure 2.7.

SIFT features in the sample image are extracted and stored. Then SIFT features in the
test image are also extracted. In order to implement object detection, the first step is to
find matched pairs of features points located in the sample image and test image. Here a
nearest neighbor approach developed by Lowe is used, and this method has been proved
to have good performance in SIFT feature matching[16].

For one optional SIFT feature point from the sample image, we call this feature Fa and
its feature descriptor da. Then we find its nearest and second nearest feature descriptor
from features in the test image based on the Euclidean distance in feature space (128
dimensions of SIFT). We call those two features Fb and Fc, and their feature descriptors
db and dc. And we calculate the ratio between the two distances which is shown in
equation 2.6:

ratio =
Dis(da, db)
Dis(da, dc)

(2.6)
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where Dis(da, db) is the Euclidean distance between da and db in 128 dimension space,
and Dis(da, dc) is the Euclidean distance between da and dc.

According to Lowe’s method, while the ratio of the two distances is less than a threshold,
it means that a pair of SIFT features are matched. In the equation, it means that feature
Fa and Fb are matched. While the ratio threshold is 0.8, the result of SIFT feature match-
ing has the best performance[15]. In our test, while setting the threshold as 0.8, feature
matching performs best. So here in our implementation we also set the ratio threshold as
0.8.

For example, we take a sample image with 465× 286 pixels resolution of Ramlosa, and an
image with 1528 × 2288 pixels resolution containing Ramlosa as the test image:

(a) Sample image

(b) Test image

Figure 2.7: The example of sample image and test image.

According to the feature matching approach that described above, we can find matched
pairs of SIFT features located in the sample image and test image in figure 2.8. Those
matched feature points in two images are connected with blue lines:
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Figure 2.8: SIFT feature matching between sample image and test image. In both images,
the matched SIFT feature points positions are labeled as red marks.

But in the warehouse environment, not only one but several objects are on one pallet.
And on one pallet, there may have several objects of same category, such as figure 2.9
shown:

(a) Sample object (b) Test image

Figure 2.9: The sample image and several same objects appear in the test image.

In our test, after using the method we described above, there are less than three matched
SIFT feature points located on the object which is shown in figure 2.10(a). From the
previous research[15], in order to detect the position of one object, the least number of
SIFT feature points located on one target object is 3. If we still use the same feature
matching approach that described above, not all objects can be detected. So here we
change a little on our feature matching approach. We match SIFT features extracted from
test image to those extracted from the sample image. Particularly, SIFT features in the
sample image are still extracted and stored at first. If one test image is put into detection,
SIFT features in the test image are also extracted. Then for one feature in the test image,
we start to find its matched feature in sample image. For a new test image, what needs
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to do is only extracting its features and match to those stored features from the sample
image. The matching result is shown in figure 2.10(b).

(a) Matching SIFT features extracted from sample image to those from the test image

(b) Matching SIFT features extracted from test image to those from the sample image

Figure 2.10: Sub-figure(a) is the result matching SIFT features from sample image to those
from the test image, Sub-figure(b) is the result of matching SIFT features from test image
to those from the sample image.

From figure 2.10, we can see after we changed to match SIFT features extracted from
test image to those from sample image, much more pairs of matched features are found.
Among all of them, there are a number of wrong matched features existing. But in the
area of each target object, there are obviously much more than three feature points. It is
convenient for object detection. So finding a solution for efficiently decreasing the num-
ber of wrong matched features should be figured out. A solution to this is presented in
section 2.3.1.
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2.3 Object detection based on SIFT Feature

In section 2.2, we mainly describe how to extract SIFT features from images and the
method to solve feature matching problem. In this chapter, an object detection method
based on SIFT feature is described. The entire object detection procedure can be described
as figure 2.11 shown:

Figure 2.11: The flow chart of object detection based on SIFT features, with the help of
DBSCAN clustering and RANSAC.

From figure 2.11, the object detection approach based on SIFT feature can be summarized
as the following steps:

1. When a test image is put into the system, SIFT features in the image are extracted
with the help of VL-feat library. It is described in section 2.2.1;

2. Based on the method of feature matching described in section 2.2.2, SIFT features
extracted from the test image will be matched with a detection set of SIFT features.
The method to establish the detection set of SIFT features is mainly described in
section 2.3.4;

3. After feature matching, a number of wrong matched features still exist. In order
to eliminate wrong matched features, thresholding between matched features is
applied. It is described in section 2.3.1;

4. After feature thresholding is applied, DBSCAN (Density-based spatial clustering
of applications with noise) clustering algorithm is used in order to separate those
matched features into several clusters. It is supported for object detection. The
method is described in section 2.3.2;

5. After DBSCAN clustering algorithm, RANSAC (Random Sample Consensus) method
has also been used. It is used to verify whether a cluster of SIFT features fulfill the
geometric transformation model between sample image and test image. It is mainly
described in section 2.3.3.

2.3.1 Feature thresholding

In section 2.2.2, the approach for SIFT feature matching has been described. The eu-
cliean distance between two SIFT feature descriptors in feature space has been viewed
as a similarity measurement between them. If the distance is 0, it means that these two
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features are perfectly matched. But from figure 2.10, we can find there are a lot of in-
correct matches existing if we just use that nearest-neighbor method described in section
2.2.2. So variable of the distance between two matched features should also be taken into
account. Here we set a distance threshold for all matched features in order to reduce the
amount of wrong matches. If the distance between two matched features is less than the
threshold, they are accepted as a pair of correct matched features. Otherwise, it will be
considered as an incorrect match and will be eliminated.

For example, we take an image of Carlseberg as the sample image, and two test images
that both contain Carlsberg inside. It is shown in figure 2.12.

(a) Sample image of Carlsberg

(b) Test image contains several Carlsberg

Figure 2.12: A sample image of Carlsberg and two test images.

For these two images, we use the feature matching method we described in section
2.2.2. We plot the distribution of all distances between two matched features after fea-
ture matching from two test images, which are shown in figure 2.12. It is shown in figure
2.13.



16 Chapter 2. Methodology

(a) (b)

Figure 2.13: All distances between two matched features after feature matching in two
test images shown in figure 2.12. In figure 2.13, X axis represents the distance between
two matched features after feature matching. Y axis represents the frequency of distance
distribution.

From figure 2.13, we can find the distance between some pairs of matched features can
be more than 400, which means that this pair of features is not so similar and should be
regarded as an incorrect match. That’s why in figure 2.10(b), there are a lot of incorrect
matched features. So setting a threshold for matched features is essential. In figure 2.13,
we find that distances between matched features are mainly distributed between 100 and
250. So while setting the value of threshold, here we test three values: 100, 200 and mean
distance which is the mean value of distances between all matched SIFT feature pairs.
The mean value is between 100 and 200 via computing. The reason of choosing these
three values is: after feature matching, if the distance between two matched features is
under 100, it is most likely to be a correct match. An advantage of setting the threshold as
the mean value of all distances, it makes threshold dynamic to different situations of SIFT
feature matching, such as considerable changes of objects in the test image. The results
of feature thresholding with these three values are shown in figure 2.14, 2.15, 2.16.
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(a)

(b)

Figure 2.14: When setting the threshold as 100, in image(a), on some of the target objects,
only 1 or 2 matched feature points are found. It is not possible to detect those objects.
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(a)

(b)

Figure 2.15: When setting the threshold as the mean value of all distances between
matched features, on all the target objects with more than 3 matched feature points are
found. On the background area outside the pallet, some wrong matched feature points
exist.
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(a)

(b)

Figure 2.16: When setting the threshold as 200, on all target objects with more than 3
matched feature points are found. But on the background area outside the pallet, a lot of
wrong matched feature points exist.

From figure 2.14, we can see that when the threshold is 100, in image(a), on the area of
some target objects, less than 3 matched SIFT features are detected. It means that object is
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not feasible to be detected in the following task. In figure 2.16, When the threshold is 200,
on each target objects, more than 3 feature points are found. But in the area outside the
pallet, a lot of wrong matched features exist. So here we choose the thresholding value
as the mean value of all distances between matched SIFT features. As figure 2.15 shows,
a few number of wrong matched SIFT features still exist. But on each target object, more
than three matched features have been found. Additionally, when using mean distance,
the advantage is that the thresholding value is adaptive for different test images and
improve the efficiency of object detection.

2.3.2 DBSCAN clustering method

As mentioned earlier, on a pallet in the warehouse environment, there exists several ob-
jects. After feature matching, in one test image, a lot of matched features have been
found. Most of them are located on the surface of each object. In order to detect each ob-
ject, we need to cluster those matched SIFT feature points into several clusters. As shown
in figure 2.15, the matched SIFT feature points’ positions are density based distributing
in a test image. The distance between one feature point to each other is quite close. A
density based clustering algorithm can handle this problem of separating them into sev-
eral clusters. The method we apply here is DBSCAN clustering procedure[19].

DBSCAN stands for Density based spatial clustering of applications with noise. This al-
gorithm can identify clusters in large spatial data sets by looking at the local density of
based database elements, based on the distance between observed data. Basically, for one
point p, another point q is directly reachable from p if their distance is not further than
a given distance E. So in DBSCAN algorithm, for each cluster, all data points inside it is
density connected.

In DBSCAN algorithm, two parameters are used: the distance E as the region radius and
the mininum number N of points required to form a dense region. It starts with an ar-
bitary point that has not been visited, and this point’s E-neighborhood( which distance
to the starting point is less than E) will be obtained. If it contains no less than N points,
a cluster is started. Otherwise, this point will be labeled as noise. But this point may
be a member of another cluster later. If a point is regarded as a part of a cluster, it’s E-
neighborhood will also be considered as parts of the cluster, and the same as their own
E-neighborhood. If all points of one cluster have been found, a new unvisited point will
be set as the next starting point and further clusters or noises will be discovered and la-
beled.

Compared with other clustering algorithm, DBSCAN method has advantages as: DB-
SCAN does not require the cluster number of the data, such as K-means; DBSCAN can
also find arbitrarily shaped clusters if the data is density distributed. As in our case, we
don’t know the number of objects in one test image. After feature matching and thresh-
olding, the matched feature points are density based located in the test image. DBSCAN
algorithm is able to separate those matched feature points into several clusters.

Here we take a sample image of Falcon and a test image containing several Falcon inside,
as figure 2.17 shown.
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Figure 2.17: An example of several same objects in one test image.

After SIFT feature matching, the result is shown in figure 2.18. The blue marks repre-
sent the matched SIFT feature points in test image after feature matching. After feature
thresholding, the red marks stand for matched SIFT feature points which are accepted as
correct matches. Then DBSCAN clustering procedure is applied to cluster those matched
SIFT feature points in the test image. After clustering, those feature points regarded as
clusters’ members are shown in the right figure as yellow marks. And the remaining red
marks is regarded as noise.

(a) Before DBSCAN clustering (b) After DBSCAN clustering

Figure 2.18: The example of SIFT feature points by DBSCAN clustering approach. In
the left figure, the blue mark represent matched feature points. The right marks stand
for matched feature points after feature filtering. In the right figure, the yellow marks
represent matched feature points regarded as clusters’ members, and the remaining red
marks represent noise.

As those matched feature points clusters have been pointed, based on its 2D positions,
we plot these matched feature points in the test image. It is shown in figure 2.19 below.
These feature points are plotted as yellow marks.
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Figure 2.19: The example of matched feature points after DBSCAN clustering. Matched
feature points regarded as clusters members are represented as yellow marks.

From figure 2.19, it is obvious that on each target object of Falcon, there are more than 3
matched feature points. It means that all target objects are feasible to be detected. It also
shows that DBSCAN algorithm is able to cluster those correct matched feature points.

2.3.3 RANSAC method

After feature matching, thresholding and DBSCAN clustering, in our test, there are still
some incorrect pairs of matched features existing. In some region that has no object,
several adjacent matched feature points will be clustered and regarded as one object. In
order to reject incorrect matched feature points, here we use Random Sample Consensus
(RANSAC) method. It is an iterative method to estimate parameters of a mathematical
model from a set of observed data which contains outliers. A basic assumption is that a
series of data consists ’inliers’, whose distribution can be explained by some set of model
parameters, and ’outliers’ that do not fit the model. In addition to this, these ’outliers’ can
be rejected to noise. This algorithm was first published by Fischler and Bolles in 1981[8].

RANSAC can be applied to check whether a cluster of points fits to a geometric model.
From the matched feature points obtained by feature matching approach, at least 3 pairs
of matched features can create a transform matrix fitting to a 2D plane. It is based on
affine transformation for object detection. For example, a feature point [x, y]T in the sam-
ple image, and its matched feature point in the test image is [u, v]T, the affine transforma-
tion between them is presented in equation 2.7:[

u
v

]
=

[
m1 m2

m3 m4

]
∗
[

x
y

]
+

[
tx

ty

]
(2.7)

where [ ] stands for the model. The translation parameters are tx and ty, and affine ro-
tation, scale, and stretch are represented by mi parameters.



2.3. Object detection based on SIFT Feature 23

In order to solve parameters in the fitting model, the least square solution method is used
here, the equation can also be presented as equation 2.8:

[
u
v

]
=

[
x y 0 0 1 0
0 0 x y 0 1

]
∗



m1

m2

m3

m4

tx

ty


(2.8)

This equation shows a single feature match, but any number of further matches can be
added, with each match contributing two more rows to the first and second matrix in
the equation. From the equation, it also proves that at least 3 pairs of matched feature
points is necessary to compute the model parameters. We can write this linear equation
as equation 2.9:

Ax = b; (2.9)

The least square solution for parameters x can be determined by solving the correspond-
ing normal equations. It is shown in equation 2.10,

x = [AT A]−1ATb (2.10)

This least-squares approach could be extended to solve for 3D pose and internal param-
eters. So the RANSAC method steps are summarized as follows:

1. For one cluster of matched feature points, randomly picked 3 of them and the model
parameters are constructed;

2. Other matched SIFT feature points test against the fitted model, if one pair fits well
to the estimated model, it is also considered as a pair of correct match to the model,
recording the number of pairs of matched features for the model;

3. Check which model contains the largest amount of correct matched pairs;

4. Finally, the model parameters are recalculated by all matched pairs inside the model.

The whole procedure is repeated for each cluster of matched feature points after DB-
SCAN clustering. If for one cluster, no more than three pairs of matched feature points is
found, this cluster of feature points’ match is rejected.

Here we take the sample image of Carlsberg and a test image as figure 2.20 shown.
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(a) Sample image (b) Test image

Figure 2.20: A sample image of Carlsberg and a test image contains several Carlsberg in-
side.

After feature matching, thresholding and DBSCAN clustering, we use RANSAC method
to verify if a cluster of feature points is correct. It is shown in figure 2.21.

(a) Before RANSAC (b) After RANSAC

Figure 2.21: The example of using RANSAC to verify a cluster of matched feature points
is correct. In the left figure, the blue marks are matched feature points after feature match-
ing, the red marks are after thresholding, the yellow marks are after DBSCAN clustering.
In the right figure, the green marks are accepted clusters of matched feature points.

From figure 2.21, we can see that after DBSCAN clustering, 16 clusters are found. But
actually 3 of them are not correct. After RANSAC, these three clusters are eliminated,
and in a correct cluster, a few feature points doesn’t fit to its geometric model, they are
also eliminated. It shows that RANSAC method is able to verify if a cluster is correct.

2.3.4 Establishment of detection set of SIFT features

As in the warehouse environment, on one pallet, there are a number of objects. These
objects are in different classes. For different classes of object detection, we need to build
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a detection set of SIFT features which come from all classes of objects. In the project,
there are two sets of images: a train set and a test set. The detection set of SIFT features
is basically established based on the train set of images. The process of building the
detection set of SIFT features is shown in figure 2.22:

Figure 2.22: The construction of the detection set of SIFT features. In the figure, a num-
ber of extracted SIFT features are corresponding to the sample image in front. The red
"maximum" means in that sample, it contains most extracted features.

In one class from the train set, there are several sample images. If we put all SIFT features
from all sample images into the detection set, the feature matching step will take too long
time because of the large size of the database of SIFT features. In order to reduce feature
matching time, for each class, we pick out the sample image that extracts the maximum
amount of SIFT features. Their extracted feature descriptors and feature points positions
will be put into the detection set of SIFT features. The purpose of doing that is to decrease
the size of detection set of SIFT features. This step is support for object detection.

An example of how to build the detection set of SIFT features is shown in figure 2.23 and
2.24. In figure 2.23, in one class of Ramlosa, there are 5 sample images. These sample
images are different from each other.



26 Chapter 2. Methodology

(a) 302 × 497 pixels (b) 294 × 492 pixels (c) 321 × 542 pixels

(d) 241 × 424 pixels (e) 264 × 428 pixels

Figure 2.23: The example of sample images of Ramlosa.

After extracting SIFT features from these sample images, it is shown in figure 2.24, the
number of extracted SIFT features from each sample image has been obtained. From
figure 2.24, sample image(c) has the largest amount of extracted SIFT features. So SIFT
features extracted from sample image(c) are put into the detection set of SIFT features,
including feature descriptors and feature points positions. It is based on the maximum
function in figure 2.22. These features are applied to stand for the class of Ramlosa and is
supported for Ramlosa detection in the test image.

(a) 620 SIFT features (b) 659 SIFT features (c) 707 SIFT features

(d) 465 SIFT features (e) 342 SIFT features

Figure 2.24: SIFT feature extraction from sample images of class of Ramlosa.
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2.4 Object identification based on ’Bag-of-words’

In the warehouse environment, there are several different classes of objects on the pallet.
As introduced in section 2.2 and 2.3, we have already developed a method for object de-
tection. The remaining task is to identify the detected object into its belonging class. Lots
of research have done before[7]. The approach we apply for object identification is based
on ’Bag-of-Words’ model.

2.4.1 Concept of ’Bag-of-Words’

The ’Bag-of-words’ model is a simplifying representation in natural language processing
and information retrieval. In this model, a sentence or a document is represented as the
bag of its words, disregarding its grammar and even word order but keep its multiplic-
ity. In computer vision area, the ’BoW’ model can be applied to image classification, by
treating image features as ’words’. A ’bag-of-words’ is a vector of occurrence counts of a
vocabulary of local image features.

Based on SIFT features, the main process of ’Bag-of-words’ model can be described into
4 steps:

• SIFT feature extraction of images from different class: for example, an image of
Ramlosa and an image of Falcon have been taken and extracted SIFT features from
the two images, as shown in figure 2.25. After this step, each image is a collec-
tion of vectors of the same dimension(128 dimensions for SIFT), where the order of
different vectors is not important;

(a) Ramlosa (b) Falcon

Figure 2.25: Extracting SIFT features from two images.

• After feature extraction, assigning those extracted SIFT feature descriptors from
those two images to a set of predetermined clusters. The applied approach is k-
means clustering algorithm. The centeroid of each cluster stands for a ’vocabulary’.
It is shown in figure 2.26. The number of clusters can be regarded as the length of
the ’word’;
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Figure 2.26: The creation of ’Vocabularies’ in ’BoW’ model.

• For each image, mapping extracted SIFT feature descriptors to those created ’vocab-
ulary’. Specifically, for one SIFT feature descriptor, calculate the eucilean distance
between itself and each ’vocabulary’ and put into the cluster with the least distance.
Each image can be represented as a histogram of ’vocabulary’. It is shown in figure
2.27. What should be mentioned here that each histogram should be normalized.

Figure 2.27: ’Word’ creation of each image.

• Applying a multi-class classifier, treating the histogram of each image as the feature
vector of itself. Depending on these feature vectors, train classifiers for identifica-
tion.

In this project, all images are separated into two sets: a train set and a test set. The
purpose of each set by using ’Bag-of-Words’ model is shown in figure 2.28:
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Figure 2.28: The purpose of train set and test set using ’Bag of words’ model.

In the train set, there contains several classes of objects appear in images. In the training
step, ’words’ for each class should be created and classifiers for multi-class classification
should also be trained. In the test set, after object detection task described in section 2.3
has been finished, the detected object’s ’word’ should be created and applied to identify
its belonging class based on those trained classifiers.

2.4.2 ’BoW’ with K -means

As talked in section 2.4.1, after extracting SIFT features from images in the training set,
the following step is to create the ’vocabulary’. In ’BoW’ model, ’vocabulary’ is the key
of constructing the ’word’ of object for classification. Most clustering methods or vector
quantization algorithms are based on iterative square error parititioning. Here we choose
to use the simplest square error parititioning method: K-means[23]. This algorithm pro-
ceeds by iterated assignments of points to their closest centers and recomputation of clus-
ter centers.

There are difficulties in using K-means clustering. K-means algorithm converges only to
local optimal of the squared distortion, and it does not determine the parameter K for
clustering. Some methods can automatically determine the parameter K for clustering.
However, in our case, we don’t know anything about the density or compactness of our
clusters consisted of SIFT feature descriptors. In addition, we don’t care about an actual
number K of clustering and about the feature distribution. What we need is actual cat-
egorization of detected object. So in our implementation, we run K-means for different
numbers of K and get different representatives of ’word’, which can also be regarded as
different length of ’word’. We then select the final clustering number of K with the best
performance in object identification.

2.4.3 SIFT features to ’word’

In ’Bag-of-words’ model, each ’word’ is created for representing the object. This "word"
creation is based on SIFT features extracted from sample image of one class. After ’words’
of all sample images have been created, these "words" are used to create classifiers for
object identification. The generation of one "word" from one sample image is shown in
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figure 2.29:

Figure 2.29: The process of ’word’ generation in ’Bag-of-Words’.

So in the process, SIFT features from all sample images in the train set are extracted and
these feature descriptors from different classes of object are put together. After K-means
clustering, those K centroids of each cluster are regarded as K ’vocabularies’. ’Objectj

i ’
in figure 2.30 stands for one sample image in the train set. And for each class, there are
several samples existed.

Figure 2.30: The process about creating vocabularies. Objects are sample images from
different classes in the train set. And in each class, there may contain several samples.

Figure 2.31: The process about creating a ’word’ for one sample image in the train set.
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For one sample image in the train set, each feature extracted from this image will be put
into the "nearest" cluster. It is based on its Euclidean distance to each "vocabulary". It
will be put into the cluster based on its distance to that cluster’s centroid is minimum. It
can be seen as the similarity between one feature and the ’vocabulary’. In each class of
object, there are several samples. So for each class there are several ’words’, which can
be regarded as feature vectors of this class. The specific process is shown in figure 2.31
above.

2.4.4 SVM for object identification

According to ’BoW’ method, after ’words’ of different classes have been created, classi-
fiers should be created for identifying the detected object. In this project, after ’words’
for each class are generated, here we choose Support Vector Machine(SVM) for training
classifiers. It has better performance by comparing to other method of classification[4].

SVM have been recently proposed as a very effective method for general pattern recog-
nition, and also applied for object recognition. The SVM classifier finds a hyperplane
which seperates two classes of data with maxinum margin. The margin is defined as the
distance of the closest training point to the hyperplane. For given observation X, and
corresponding labels Y takes the value of ±1 which represents the two classes, and the
classification function as equation 2.11:

f (x) = w ∗ X + b (2.11)

where w and b in equation 2.11 are parameters of the hyperplane. The input features
X are the binned histogram formed by the number of occurrences of each ’vocabulary’.
That is the ’word’ of object.

In our case, there are several classes. In order to apply SVM into multi-class classifica-
tion, we use the approach of ’one against rest’ method[27]. That means for each class, one
classifier will be trained. If there are M classes of objects, there will be M classifiers.

For one test image, after object detection task finished, several clusters representing de-
tected objects have been found. If we just put each cluster of matched feature points into
the ’Bag-of-words’ model, it is too few and the identification result is quite bad. From
another point of view, a cluster of matched feature points is not enough to represent an
object.

So here for each cluster, we create a bounding box based on 2D coordinates of matched
feature points positions in that cluster. The reason of creating the Bounding box is that we
just want to identify the detected object. It means we are just interested about the object
region. Only SIFT feature points located in that region will be applied to the trained ’Bag-
of-words’ model. The method of how to create the bounding box is described below in
equation 2.12, for one detected cluster of feature points (Xi, Yi), the function of computing
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parameters of the bounding box is as equation 2.12:
C(mininum) = Xi(mininum)− margin;

R(mininum) = Yi(mininum)− margin;

C(maxinum) = Xi(maxinum) + margin;

R(maxinum) = Yi(maxinum) + margin;

(2.12)

where based on the equation, ( C(mininum), R(mininum) ), ( C(mininum), R(maxinum)
), ( C(maxinum), R(mininum) ), ( C(maxinum), R(maxinum) ) are the four vertex of the
bounding box in the image. The margin is a constant we set as 50 in our experiment. The
example of the bounding box creation is shown in figure 2.32, the yellow rectangle is the
bounding box. The blue marks are a cluster of matched feature points in the test image.
The red marks are the four vertex of the bounding box.

Figure 2.32: The creation of the bounding box for object identification.

As talked above, the bounding box is a representation of the detected object. The process
of how to identify the detected object class is shown in figure 2.33:

Figure 2.33: The process of object identification for a test image after detection task.
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As the bounding box has been created in the test image, we can obtain all SIFT feature
points extracted from the test image which are in the region of the bounding box. It is
based on feature points positions in the test image. With the help of these feature points’
descriptors, it is able to create the ’word’ with the help of ’vocabularies’ from the train-
ing set of images. The ’word’ is then the representative of the detected object. With
constructed classifiers from training process, the detected object can be identified to its
belonging class.

2.5 Statistical model

As talked above, we divide object recognition into two parts: object detection and iden-
tification. Analysis of result is also separated into these two parts. In this project, there
are two sets of images: a train set and a test set. In order to make the experiment result
reliable, Cross-validation approach is applied.

2.5.1 Cross-validation

Cross validation[12], sometimes called rotation estimation, is a model validation tech-
nique for assessing how the result of a statistical analysis will generalize to an indepen-
dent data set. It is mainly used in settings where the goal is prediction, and one wants
to estimate how accurately a predictive model will perform in practice. In the prediction
case, a model is usually given and a set of known data and a set of unknown data is
tested on it. In addition, one round of cross-validation involves partitioning a sample
of data into complementary subsets, performing the analysis on one subset, called the
training set, and validating on the other subset, called the test set. To reduce variability,
multiple rounds of cross-validation are performed using different partitions, and results
are averaged over the rounds.

In this project, images are separated into two sets: a train set and a test set. In order to
make the result reliable, a K-fold cross-validation approach is applied. In K-fold cross-
validation, the original sample is partitioned into K equal sized sub-samples. A single
sub-sample is retrained as the validation data for testing the model. The other K-1 sub-
samples are used as training data. The cross-validation is then repeated K times, which
means each sub-sample will be regarded as the test data once. The K results can be com-
bined to produced a single overall result. In this project, all images are separated into
K-folds. K-1 folds of image are consisted as the train set, and the remaining one fold of
image is the test set.

Before testing, for each image, we label the boundary position of the pallet and objects
location in the image, which is shown in figure 2.34. In figure 2.34, it is obvious that
edge of the pallet is plotted with blue lines. And the objects contained in the database are
surrounded with yellow lines. The object’s belonging class is also labeled and stored in
one image’s information. Each image’s information structure is described in table 2.1.
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Figure 2.34: The example of one labeled image. The blue boundary is the edge of the
pallet. Each yellow boundary is edge of the object.

Table 2.1: Information structure of one image.
Image’s information structure

Image Pallet’s boundary position objects positions and belonging class

The reason of labeling information of the image is that we want to test the entire approach
automatically, and it’s simpler to apply cross-validation method for experiment. If one
image is in the train set, as we have labeled its information, object of different classes
in the image will be separated and extracting SIFT features to its belonging class. The
process is shown in figure 2.35. In each class, as we mentioned in section 2.3.4, one
sample image containing most amount of features will be chosen. Its extracted SIFT
features, including feature descriptors and corresponding feature points positions will
be stored in the detection set of SIFT features.
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Figure 2.35: The purpose while using a image from the train set.

After feature extraction, in the clustering process, the amount of feature descriptors in
each class is different. In order to avoid the risk of bias, we randomly picked the same
number of feature descriptors from each class (in the experiment is 1,000) to create ’vocab-
ularies’ and classifiers. On the other hand, if one image is in the test set, the information
that has been labeled is the standard to verify the result of object recognition. The statis-
cal approach of object recognition is described in section 2.5.2.

Another reason why we do that is when we get new images, we just need to record new
image’s information and add it to the set of all images. It is more convenient for future
work.

2.5.2 Statistical approach of object recognition

In order to verify the result of object recognition, we divided the statistical approach
mainly into two parts: Object detection and object identification. For object detection,
The statistical method for result is shown in figure 2.36:

Figure 2.36: Analysis of result in detection. There are mainly three cases: correct detec-
tion, missed detection regarded as false negative and false detection regarded as false
positive.

In figure 2.36, in object detection part, there are mainly four cases:
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• Normal detection: As for all images, we have labeled objects locations. After the
detection task, if in one object position there is only one object detected, it means
one object is correctly detected;

• Split detection: If in one object position, there have been several objects detected. It
means that one object is detected as several objects;

• Missed detection: If in one object location, no objects have been detected, it means
that one object has missed detection;

• False detection: In one position that has no object in reality, if one has been detected
there. It means one false detection.

In our statics of detection result, we consider Normal detection and Split detection as Correct
detection case. And the detection rate is computed by equation 2.13:

Detection rate =
Correct detection

Ground Truth
(2.13)

In figure 2.37 below, an example of analysis of result in object detection is shown. There is
one image is within three objects inside: Object A, Object B and Object C. For Object A, It is
one Normal detection. One object has been detected, shown as one blue dashed square. For
Object B, it is one Split detection. It has been detected as two objects, shown as two green
dashed squares. For Object C, it hasn’t been detected yet. It is one Missed detection. There’s
one object detected in the background area. But there’s no objects existing. It is one False
detection, shown as one red dashed square. There are totally four objects detected in the
image (the four dashed squares in the image ). That’s the number of Detected amount
shown in table 2.2. The detection result is shown in table 2.2.

Figure 2.37: The situation of one image before and after testing.

Table 2.2: Detection result of figure 2.37.
Ground Normal Split Correct Missed False Detected

Truth detection detection detection detection detection amount
3 1 1 2 1 1 4

In identification part, the statistical method of identification result is shown in figure 2.38.
Here we just concern two cases: Correct identification and Incorrect identification.
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Figure 2.38: Analysis of result in identification. There are two cases: correct identification
and incorrect identification.

In object identification part, if one normal detected object has been identified correctly, it
means one Correct identification. If one split object has been identified correctly, it means
one Correct identification. If one false detected object has been identified as "unknown", it
also means one Correct identification. Except all these three situations, it means Incorrect
identification.

We calculate the identification rate as equation 2.14 shows:

Correct identification rate =
Correct identification

Detected amount
(2.14)

Detected amount means all objects that have been detected in the image.

An example is given in figure 2.39. The detection and identification results of the example
image are shown in table 2.3 and 2.4:

Figure 2.39: An example of object detection and identification in one test image.
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Table 2.3: Detection result of image in figure 2.39.
Ground Normal Split Correct Missed False Detected

Truth detection detection detection detection detection amount
24 22 2 24 0 2 30

From table 2.3, there are totally 24 objects on the pallet in figure 2.39. All of them have
been detected. 22 of them have been in Normal detection case. 2 of them have been in Split
detection case (1 Sofiero detected as 4 , 1 Falcon detected as 2). So the number in Correct
detection case is 22 + 2 = 24. The detection rate is 24/24 = 100%. In addition, there are 2
in False detection case. In figure 2.39, There are totally 30 objects that has been detected.

Table 2.4: Identification result of image in figure 2.39.
Detected Correct Incorrect Correct
amount identification identification identification rate (%)

30 29 1 96.7

From table 2.4, in figure 2.39, for 30 detected objects, 29 of them are identified correctly,
including those 2 ’objects’ outside the pallet are also identified as ’unknown’. There is 1
object identified incorrectly (1 Sofiero identified as ’unknown’). So for all these 30 detected
objects, the correct identification rate of this test image is 29/30 = 96.7%.
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Results and Discussion

Several experiments have been done to evaluate the proposed object detection and iden-
tification algorithms. Images used in the experiment are taken in a real warehouse envi-
ronment. These images are separated into two sets: a train set and a test set. During the
experiment, K-fold cross-validation approach is applied in order to verify the reliability
of result in object detection and object identification.

In object detection part, results of detected objects in different cases are recorded. It is
used to evaluate the performance of SIFT method, DBSCAN clustering algorithm and
RANSAC method.

In object identification part, experiments of identified objects with different number of K
are tested. It is used to analyze the performance of ’BoW’ method. The confusion matrix
of different classes of object in identification part is also shown. In addition, an experi-
ment of moving RANSAC method outside the entire approach is also tested. It is used
to verify the essential of RANSAC method in comparison to the whole approach within
RANSAC method. Based on the detection and identification results, a discussion is made.

3.1 Data set description

In our experiment, we have chosen 15 classes of objects to build the database of object.
The selected classes is shown in table 3.1, and an example of objects from each class is
shown in figure 3.1.

Table 3.1: The 15 classes of object in the database
Ramlosa Falcon Wolf Carlsberg Pripps-bla
Redbull Sofiero Bob Leksands Xray

Gold Olw Wasa Fun Barilla

39
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Figure 3.1: The example picture of objects.

In out test, we have chosen totally 60 images which are taken in real warehouse envi-
ronment. Each image is with a high resolution of 1528 × 2288 pixels. There are totally
280 objects from the chosen 15 classes in all images: 15 Ramlosa, 31 Falcon, 21 Wolf, 36
Carlsberg, 19 Pripps-bla, 19 Redbull, 15 Sofiero, 18 Bob, 20 Leksands, 13 Xray, 14 Gold, 17 Olw,
14 Wasa, 12 Fun, 16 Barilla. For these images, they are separated into two sets: a train
set and a test set. Here we use a 4 fold cross-validation to test the result. Before training
and testing, we separate all images into 4 groups. In each group there are 15 images. For
these 4 groups of images, we take 3 of them as the train set. And the remaining group is
regarded as the test set. Each group will be regarded as the test set one time.

The reason of separating all images into 4 groups is that we want to include all the cho-
sen 15 classes of object in the test set. So that we can see the detection and identification
result of all 15 classes of object. Each group of images will be regarded as the test set one
time. So in each group of image, all 15 classes of object exist. It means that in the train
set based on the other three groups of images, all 15 classes of objects are included and
can apply to be trained. And in the training process, as we apply ’one vs rest’ approach
for training classifier, one classifier is trained for each class of object. Totally 15 classifiers
have been constructed to apply for object identification.

3.2 Result of object detection

For all images, after 4-fold cross validation, we sum up the detection result of each fold,
and the detection result is shown as table 3.2:
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Table 3.2: Detection result of all images.
Ground Normal Split Correct Missed False Detected

Truth detection detection detection detection detection amount
280 198 25 223 57 63 316

From the result showed in table 3.2, in object detection part, we can see that after feature
matching and thresholding, there are still some wrong pairs of matched features existing.
If a cluster of them fulfill the condition of RANSAC, they will be regarded as an ’object’.
The number in False detection case is 63. For two or more clusters of matched feature
points, in fact, they may be localized on one object. And each of them will be regarded as
individual object based on DBSCAN clustering. The number in Split detection case is 25.
About object detection result, the detection rate is 223/280 = 80.0%. And the amount of
all detected objects (including false detected objects) is 316.

For each class, the detection result is shown in table 3.3.

Table 3.3: Detection result of each class.

Num Class G Normal Normal Split Correct Detection Missed Detected
ber name T detection rate(%) detection detection rate% detection amount
01 Ramlosa 15 6 40.0 5 11 73.3 4 17
02 Falcon 31 26 83.8 2 28 90.3 3 30
03 Wolf 21 16 76.2 3 19 90.4 2 22
04 Carlsberg 36 35 97.2 0 35 97.2 1 35
05 Pripps-bla 19 18 94.7 1 19 100.0 0 20
06 Redbull 19 1 5.2 0 1 5.2 18 1
07 Sofiero 15 11 73.3 1 12 80.0 3 15
08 Bob 18 9 50.0 2 11 61.1 7 14
09 Leksands 20 18 90.0 2 20 100.0 0 22
10 Xray 13 5 38.5 0 5 38.5 8 5
11 Gold 14 12 85.7 1 13 92.9 1 14
12 Olw 17 16 94.1 0 16 94.1 1 16
13 Wasa 14 11 78.6 1 12 85.7 2 13
14 Fun 12 6 50.0 2 8 66.7 4 11
15 Barilla 16 8 50.0 5 13 81.3 3 18

From table 3.3, Pripps-bla and Lekasnds have the best two performances in the result of
detection. Their detection rate both reaches as 100%. Class Redbull has the worst perfor-
mance in detection that only one is detected among the total number of 19. In Normal
detection case, class Carlsberg has the best performance( among 36 carlsberg that 35 have
been normal detected ). In Split detection case, class Ramlosa and Barilla have the most
amount(5 Ramlosa are in Split Detection, 5 Barilla are in Split detection).

In order to analyze the detection result of each class, we plot the number of SIFT features
in per class, which are from the detection set of SIFT features. As described in section
3.1, we divide all images into 4 groups and use 4-fold cross validation to do experiments,
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there are 4 detection sets of SIFT features from 4 different train sets of images. It is shown
in figure 3.2.

(a) Train set 1 (b) Train set 2

(c) Train set 3 (d) Train set 4

Figure 3.2: This figure describes the number of SIFT features of each class, which are
in the detection set of SIFT features from different train sets. X axis represents the class
number shown in table 3.3. Y axis represents the number of SIFT features in the detection
set of SIFT features.

From figure 3.2, it is obvious that Redbull has the least number of SIFT features, which
are in the detection set of SIFT features from different train sets. Compared with other
classes, it is under 100 which is few to support feature matching and object detection.
That’s the reason Redbull has the worst performance in object detection part. For those
split detected objects, after feature matching and thresholding, if matched feature points
are not located close enough between each other, they will be regarded as different clus-
ters in DBSCAN clustering and detected as individual objects in object detection.

3.3 Result of object identification

For object identification, we basically experiment with different number of K while using
’Bag-of-words’ approach. We build the confusion matrix of object identification. We
also analyze the result of incorrect object identification in different cases. Finally, we
experiment with moving RANSAC outside the whole approach and compare the result.
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3.3.1 Identification result based on ’word’s length’

While using ’Bag-of-words’ method, as talked in section 2.4.2, we don’t know what is
the best number of K, which can be regarded as the number of ’Vocabulary’. So in the
training process, when clustering SIFT descriptors to create the ’Vocabulary’, we choose
the number as 100, 250, 500, 1000, 1500, 2000 and 3000, which can also be regarded as
’word’s length’. The purpose of this is to see how different number of K will affect on the
identification result.

What should be mentioned here is that while training SVM classifiers for ’Bag-of-words’
model, we test both linear kernal and ’rbf’ kernal for SVM’s. We found that linear kernel
gave a better performance. SVM’s with ’rbf’ kernel in this project cannot give more than
10 correct identifications in most of the cases. So for the entire approach we apply SVM
with linear kernel in the training process. The result of object identification based on
different number of K is shown in table 3.4. The change of correct identification rate with
respect to ’word’s length’ is plotted in figure 3.3:

Table 3.4: Identification result of all images with respect to ’word’s length’.
Word Detected Correct Incorrect Correct

length K amount identification identification identification rate (%)
100 316 103 213 32.6
250 316 151 165 47.8
500 316 174 142 55.1

1000 316 249 67 78.8
1500 316 272 44 86.1
2000 316 277 39 87.7
3000 316 279 37 88.3

From table 3.4, as we have described in section, for correct identification, there are ba-
sically three cases. If one normal detected object has been identified correctly, it is one
Correct identification. If one split detected object has been identified correctly, it is one Cor-
rect identification. If one false detected object has been identified as ’unknown’, it is also
one Correct identification. So that’s why in Correct identification case, the number is larger
than the number in Correct detection case. The identification result is based on all detected
objects, which is 316 shown as Detected amount case in table 3.3.



44 Chapter 3. Results and Discussion

Figure 3.3: Identification rate with different ’word’s length’.

From figure 3.3, in summarize, it is obvious when the "word’s length" (K value) becomes
longer, the correct identification rate has an upward trend. When the ’word’s length’ is
from 500 to 1000, the correct identification rate increases most dramatically ( from 55.1%
to 78.8% ). When the ’word’s length’ is longer than 1000, the correct identification rate
grows slightly( from 78.8% to 86.1% while ’word’s length’ is from 1000 to 1500 ). After
the ’word’s length’ is longer than 1500, there’s not so evident in correct identification
rate( only from 86.1% to 87.7% while ’word’s length’ is from 1500 to 2000). And while
the ’word’s length’ is between 2000 and 3000, the correct identification rate is almost the
same which is from 87.7% to 88.3%. So here it is evident that while the ’word’s length’ is
larger than 1500, it has not so much influence for result of correct identification.

3.3.2 Confusion matrix of object identification

In order to analyze the result of object identification, here we build the confusion matrix
of detected objects. The chosen 15 classes of object are labeled from C01 - C15. And
’unknown’ object is also signed as C16. It is shown in table 3.5. The confusion matrix in
identification of detected objects while K is 1000 and 3000 are also given in table 3.6 and
3.7:

Table 3.5: 15 classes of object in the database, together with ’unknown’ object.
C01: Ramlosa C02: Falcon C03: Wolf C04: Carlsberg
C05: Pripps-bla C06: Redbull C07: Sofiero C08: Bob
C09: Leksands C10: Xray C11: Gold C12: Olw
C13: Wasa C14: Fun C15: Barilla C16: Unknown
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Table 3.6: Confuison matrix of identification result while K = 1000.
Detected True C C C C C C C C C C C C C C C C
amount Class 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16

17 C01 10 0 0 0 0 0 0 0 0 1 0 0 0 0 1 5
30 C02 0 29 0 0 0 0 0 0 0 0 0 0 0 0 0 1
22 C03 0 0 16 0 0 0 0 0 0 0 0 0 0 0 0 6
35 C04 0 0 0 31 0 0 0 0 0 0 0 0 0 0 0 4
20 C05 0 0 0 0 19 0 0 0 0 0 0 0 0 0 0 1
1 C06 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0

15 C07 0 0 0 0 0 0 12 0 0 0 0 0 0 0 0 3
14 C08 0 0 0 0 1 0 0 11 0 0 0 0 0 0 0 2
22 C09 0 0 0 0 0 0 0 0 15 0 0 0 0 0 0 7
5 C10 0 0 0 0 0 0 0 0 0 4 0 0 0 0 0 1

14 C11 0 0 0 0 0 0 0 0 0 0 12 0 0 0 0 2
16 C12 0 0 0 0 0 0 0 0 0 0 0 15 0 0 0 1
13 C13 0 0 0 0 0 0 0 0 1 0 0 0 11 0 0 1
11 C14 0 0 0 0 0 0 0 0 0 1 0 0 0 8 0 2
18 C15 0 0 0 0 0 0 0 0 4 0 0 0 0 0 9 5
63 C16 2 4 1 0 0 4 2 0 0 0 2 0 0 3 0 45

From table 3.6, while the ’word’s length’ is 1000, we find that among the chosen 15 classes
of object, there’s few incorrect identification between them. The largest amount of wrong
identification between the chosen 15 classes is 4 Barilla identified as Leksands. For Ram-
losa, there is 1 identified as Xray and 1 identified as Barilla. For Bob, there is 1 identified as
Pripps-bla. For Wasa, there is 1 identified as Leksands. For Fun, there is 1 identified as Xray.
Most of incorrect identification is between the chosen 15 classes and ’unknown’ object.
The largest number is 7 Leksands identified as ’unknown’ object. Taking the total number
of detected objects into account, Falcon and Olw have the best two performance in iden-
tification(Among 30 detected Falcon, 29 are identified correctly. Among 16 detected Olw,
15 are identified correctly).
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Table 3.7: Confuison matrix of identification result while K = 3000.
Detected True C C C C C C C C C C C C C C C C
amount Class 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16

17 C01 12 0 0 0 0 0 0 0 0 0 0 0 0 0 0 5
30 C02 0 30 0 0 0 0 0 0 0 0 0 0 0 0 0 0
22 C03 0 0 20 0 0 0 0 0 0 0 0 0 0 0 0 2
35 C04 0 0 0 35 0 0 0 0 0 0 0 0 0 0 0 0
20 C05 0 0 0 0 20 0 0 0 0 0 0 0 0 0 0 0
1 C06 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0

15 C07 0 0 0 0 0 0 13 0 0 0 0 0 0 0 0 2
14 C08 0 0 0 0 0 0 0 12 0 0 0 0 0 0 0 2
22 C09 0 0 0 0 0 0 0 0 19 0 0 0 0 1 0 2
5 C10 0 0 0 0 0 0 0 0 0 5 0 0 0 0 0 0

14 C11 0 0 0 0 0 0 0 0 0 0 13 0 0 0 0 1
16 C12 0 0 0 0 0 0 0 0 0 0 0 15 0 0 0 1
13 C13 0 0 0 0 0 0 0 0 0 0 0 0 12 0 0 1
11 C14 0 0 0 0 0 0 0 0 0 1 0 0 0 7 0 2
18 C15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 11 7
63 C16 1 4 0 0 1 1 2 0 0 0 0 0 0 2 0 52

From table 3.7, while the ’word’s length’ 3000, we find that among the chosen 15 classes
of object, there’s few incorrect identification between them. The largest number of in-
correct identification among the chosen 15 classes is only 1 Leksands identified as Barilla
and 1 Barilla identified as Xray. Most of incorrect identification is between the chosen 15
classes and class of ’unknown’ object. The largest number of incorrect identification is 7
Barilla identified as ’unknown’ object.

From table 3.6 and 3.7, it shows that while training SVM classifiers for identification, as
there is few incorrect identification between the chosen 15 classes, ’one vs rest’ approach
performs good in multi-class problem. When the ’word’s length becomes longer(from
1000 to 3000), the correct identification number of each class increase, except Fun but just
from 8 to 7. It’s the same as the trend of correct identification rate of all detected objects
with respect to the ’word’s length’.

So for different number of ’word’s length’, as we have labeled information of each image,
we analyze the incorrect identification situation of each word’s length. The incorrect
identification result can be recorded as table 3.8 shown. There are basically three cases of
incorrect identification:

• Incorrect identification between 15 classes: It means identified one class of object as
another class of object inside the database, such as one Ramlosa to Falcon.

• Object to ’unknown’ object: It means that one object inside the database is classified
as an ’unknown’ object such as one Ramlosa to ’unknown’ object.

• ’Unknown’ object to object: It means that one object doesn’t exist in fact is classified
as one object inside the database, such as ’unknown’ object to Ramlosa.
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Table 3.8: Incorrect identification result of three different cases.
Word’s Incorrect identification Object to ’unknown’ object

length K between 15 classes ’unknown’ object to object
100 23 175 15
250 21 122 22
500 17 98 27
1000 8 41 18
1500 7 23 14
2000 2 22 15
3000 2 26 9

From table 3.8, for each number of ’word’s length’, we can find most of incorrect identifi-
cations are in the case of Object to ’unknown’ object. For case Incorrect identification between
15 classes, with the increase of ’word’s length’, the number decreases obviously. When
the ’word’s length’ is 1000 or ’longer’, it is under 10 and can be just only 2. For case
Object to ’unknown’ object, while the ’word’s length’ becomes ’longer’ from 100 to 3000,
the number of it drops dramatically from 175 to 26. For case ’unknown’ object to object,
with the increase of the ’word’s length’, the number goes down from 15 to 9. It is also
as same as the correct identification rate trend of all detected objects with respect to the
’word’s length’. It shows that ’Bag-of-words’ model is feasible for object identification in
warehouse environment.

3.3.3 Impact of RANSAC

Since we evaluate the result into two parts of object detection and identification, for false
detected ’objects’, if it can be identified correctly, it will have no influence on identifica-
tion result. So RANSAC is not essential for the whole approach. In order to verify the
necessarity of RANSAC, we move RANSAC out of the entire approach. And we repeat
the test. The detection result without RANSAC is shown in table 3.9:

Table 3.9: Detection result of all images without RANSAC.
G Normal Split Correct Detection Missed False Detected
T detection detection detection rate (%) detection detection amount

without
280 205 24 229 81.8 51 1037 1302

Ransac
with

280 198 25 223 80.0 57 63 316
Ransac

From table 3.9, for detection result without RANSAC, the number in correct detection
grows from 223 to 229, which is because of the number in normal detection increases
from 198 to 205. The detection rate without RANSAC is 229/280 = 81.8%. Compared
with the result within RANSAC, the detection rate increases a bit. The amount of all de-
tected objects( including normal detected objects, split detected objects and false detected
objects ) is 1302. That’s because of the number in false detection grows dramatically, from
63 to 1037.
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About the identification result, here we test with ’word’s length’ equals to 1500. The
result is shown in table 3.10. Identification result with RANSAC with ’word’s length’
equals to 1500 is also shown in table 3.10:

Table 3.10: Identification result of all images without RANSAC when ’word’s length’ is
1500.

Word Detected Correct Incorrect Correct
length amount identification identification identification rate (%)

without RANSAC 1500 1302 1100 202 84.5
with RANSAC 1500 316 272 44 86.1

From table 3.10, for identification result, when without RANSAC, the number of de-
tected objects increases heavily from 316 to 1302 because the number of false detection
grows dramatically from 63 to 1037 (shown in table 3.2 and 3.9 ). While ’word’s length’
is 1500 and with RANSAC, the correct identification rate is 86.1%. While we test without
RANSAC, the correct identification rate is 84.5%. The correct identification rate reduces.
Based on the result of object detection and identification, we can confirm that RANSAC
is necessary for the whole approach.

3.4 Discussion of result

From experiment results, the system we developed is feasible for object recognition in
the warehouse environment. There are some parts we need to discuss. First, The system
implemented here is not real-time. It takes several seconds for one image processing. In
comparison, feature matching takes much time. As in our implementation, the system
contains 15 classes of objects. In the warehouse environment, the number of objects’ class
is more than 15. It means the size of the detection set of SIFT features will increase and it
will take more time for feature matching. Here for one class of object, we pick the sample
with the maximum number of extracted SIFT features and put its extracted features into
the detection set. So how to build a model of SIFT features that represent one object from
multiple vsiewpoints is important to study.

Secondly, from the result, we can see that objects have been detected in some area with
nothing. It has been considered as the case of False detection. That’s because after fea-
ture thresholding, if the threshold of distance is a bit larger, some wrong matched features
will exist and a cluster of them will be regarded as an ’object’. Though in identification
part, most of them will be identified correctly and has no influence on the final result. It
is important to find a more adaptive thresholding of distance between two matched fea-
tures. For those split detected objects, a method of combining them should be considered.

Thirdly, since most of feature points are located on the center of the object in the case of
warehouse articles, this is possible that if they are randomly distributed over the objects,
it would not be reliable that cluster members are all correctly matched. In this case we
need to use more information, such as those used in RANSAC.
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Finally, object recognition performance in warehouse environment could be further im-
proved by adding new feature types such as color-based features. In our implementation,
only SIFT features are used. A feature-fusion approach can be applied while more types
of features have been detected. Alternatively, corresponding to different kind of environ-
ment, more useful types of features can be chosen to support object recognition task.
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Chapter 4

Conclusion and future work

In this thesis project, an approach for object recognition in real warehouse environment
has been presented. Compared with the previous research, a new method for multi-class-
object recognition has been developed. From the results of several experiments, for those
images taken from different viewpoints, objects located on the pallet can be successfully
detected and their positions could also be tagged within the creation of the bounding
box. That fulfills the requirement of a warehouse inventory list. Based on the created
bounding box and trained ’Bag-of-words’ model, objects can be identified to its belong-
ing class. With the increase of the ’word’s length’, the correct identification rate shows
an upward trend. The experiment of confusion matrix in object identification illustrates
that according to ’one vs rest’ strategy, the created classifier is available for multi-class
classification problem. As we have applied k-fold cross validation for the experiment, all
images will be in either train set or test set. This makes experiment results more reliable.

So in summarize, the approach we present in this work is feasible for object recognition
and an inventory list in real warehouse environment. In object detection part, SIFT fea-
tures are applied due to its invariance to image rotation, scale and change in illumination.
The method of nearest-neighbor that we have described for SIFT feature matching has
been verified to be able to find matched features between sample image and test image.
The feature thresholding process efficiently decrease the amount of false matched SIFT
feature pairs. DBSCAN clustering method uses positions of matched feature points, sep-
arating them into several clusters. RANSAC method is able to verify if a pair of matched
SIFT features fitted to a geometrical model between sample image and test image, and
decreases the number of false detection. In object identification part, a ’Bag-of-Words’
model is applied to identify different objects into correct classes. Contribution to the re-
search in this project is based on the detection of object’s position, a bounding box, also
can be regarded as the region of interest, is created and help to construct a ’word’ rep-
resenting the detected object. The generated ’word’ is used for identifying object class
based on the created ’BoW’ model from training. The combination of these methods is
effective for object recognition in warehouse environment.

There are some directions for future research, that may be as follows: First is to build
a larger database for warehouse environment. In the warehouse, objects are in a large
number of categories. How to extend the database is and issue that should be consid-
ered. Secondly, implement the whole system for faster processing needs consideration.
Thirdly, more types of features can be applied in order to support for object recognition.
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