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Abstract

In this project, we benchmark the Naive Bayes-Nearest
Neighbor (NB-NN) algorithm on the Birds 200 dataset[6]
using C-SIFT feature descriptor. Primary motivation is to
provide a comprehensive set of baselines and experiments
for further research on the dataset. In addition, we built a
bird detector cascade for real time detection of birds in im-
ages and videos which is compatible with OpenCV. Finally,
We explore on how to include side-information for which
we use a log-linear model trained as a post processing step.
Our preliminary results using NB-NN with C-SIFT descrip-
tors on a subset of the dataset gives an accuracy of 25%.

1. Introduction

There has been a lot of attention paid to the problem of
object recognition and segmentation in the last decade [4]
[12] [10] [3] [8] [2] and which resulted in the development
of different types of feature descriptors [6,7,8,9,10] during
this time. One of the reasons for different types of feature
descriptor is because there is no established evidence of su-
periority of any single feature over the others.And the per-
formance is tied to the specific problem that it is applied to.
In this project, we evaluate performance of C-SIFT feature
descriptors combined with Naive Bayes- Nearest Neighbor
method. We also train a bird detector cascade trained using
Ada-boost [7],[12] using OpenCV [5]. Finally we propose
an efficient way to include side-information to object recog-
nition pipelines by training a log-linear model with side-
information included in the feature vector.

2. Dataset statistics

The Caltech-UCSD Birds 200 (CUB-200) is an image
dataset with photos of 200 bird species (mostly North
American)[1]. There are 200 categories of birds and a total
of 6,003 bird images. The dataset also provides bounding
box, rough segmentation and attribute information for each
of the image.
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Figure 2. Preprocessing Dataset

3. Dataset preprocessing

Since we are interested in detecting and recognizing
birds, we first extract region of interests of birds from im-
ages using the bounding box information available in the
dataset. We use this as input to the feature descriptor extrac-
tion stage for NB-NN method. For training the bird cascade
we use these clipped images as the positive examples and
the images with clipped regions blacked out as the negative
examples as shown in figure 2.
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4. Software

The OpenCV[5] haar-training utility was used to train
the bird cascade. The C-SIFT (Colored SIFT) descriptor for
images were computed using the implementation available
here [11]. The Naive Bayes-Nearest neighbor method was
implemented in C++.

5. Object Detection

For object detection i.e bird detection we use the Viola &
Jones [12] algorithm which uses haar-like features trained
using adaboost [7] which trains a cascade of weak classi-
fiers to create a strong one. In this project, we use a binary
threshold classifier to train the bird cascade. The features
we use are illustrated in the figure 5. The method exploits
the use of integral image to calculate features fast and hence
the detection runs at real-time.

5.1. Integral Image

Computing the features requires summing pixel values
at different regions of the image. Integral Image is trick
used to make the computation faster. First, Integral image
is computed from the orginal image where
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where Int is the integral image. Then the sum of pixel val-
ues between co-ordinates ((x1,22), (y1,y2)) can be writ-
ten as Sum = Int(za,y2) — Int(zy,y2) — Int(xe,y1) +
Int(x1,y1) which is an O(1) computation. For features
which needs sum at angle of 45° a similar derivation is pos-
sible called RSAT(Rotated Sum Area Table).

5.2. Cascaded Classifiers

While training, we create a binary threshold classifier as
shown in figure 3. at each stage using discrete-adaboost.
And for prediction these classifiers are cascaded in the man-
ner shown in figure 4.

6. Object Recogntion

For object recognition, we use the NB-NN [3] together
with C-SIFT feature descriptor.
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Figure 4. Cascaded classifier
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Figure 5. Haar-like features

6.1. C-SIFT Feature Descriptor

The C-SIFT (Colored SIFT) feature descriptor was pro-
posed in [1] which is a variant of the SIFT feature descrip-
tor and incorporates color information. Our dataset contains
images of birds for which color is highly predictive attribute
for recognition. Hence, we chose C-SIFT since it includes
color information and is also invariant to color and photo-
metrical variations [1]

7. Naive Bayes-Nearest Neighbor (NB-NN)

The NB-NN is a non-parametric method which has been
successfuly employed for image retrieval tasks [3] and out
perform bag of words based approaches on certain datasets.
There are two main advantages of NB-NN mthod i) it is
non-parametric and ii) it does not cause any of lose of in-
formation which bag-of-words quantization causes. In the
NB-NN method there is no learning stage, and for predic-
tion - NB-NN uses Image-to-Class distance. The descrip-
tors found in the test image is matched against all the de-
scriptors in each of the class and the minimum distance is
recorded. The final prediction is given as the following

C = argmin,, Z |ldi — NNe(d;)|?

where d; , i = 1..n are the descriptors computed from the test
image. N N¢(d;) is nearest neighbor the distance function.
We use euclidean distance in our experiments.



Class | 1 |2 (3|4 |5|6|7|8] 9|10
1 40|00 |0]|O0O]O]O] 7] O
2 6 | 1|11 |0]0[0|0O|2]0
3 51]0(2|1|0]0(0|0O| 3]0
4 3/10(0|6 |00 (0|0|1I1]O0
5 110(0|3]0]0|0|0|O6]0
6 3/]0(0[0|1]0]0O[0| 9]0
7 10|01 (3]0]0]0]13]O0
8 81 0(0]0|O0]O0O|0|5|4]0
9 31]0(0| 1 |0]O0O(0O|0O|7]0

10 410(0/0|0|0O|O0O]O0O] 7|1

Table 1. Confusion Matrix for NB-NN with C-SIFT

8. Experiments & Results
8.1. Bird Detection

The cascade' was trained using 100 positive examples
and 100 negative examples. The first 100 images from train-
ing was used to generate these examples. Although we were
able to generate the cascade, We could not evaluate its per-
formance in time which we have left for future work.

8.2. NB-NN using C-SIFT

In this experiment, we use a subset which contains the
first 10 categories of birds from the entire dataset. We
follow the same training and testing splits used in [6]. The
confusion matrix in table 1 was obtained and an overall
accuracy of 25%.

8.3. Side Information

For including side-information, we train a log-linear
model as a post processing step on the training examples as
illustrated in figure 6. This work is similar to [9] where au-
thors have used log-linear model to encode side-information
in a collaborative filtering problem. Log linear model has
the following form

where Z = ) _exp(uw. - ), c is the object class and
Z - feature vector encodes the side information and the
probability distribution for each of the classes which we
calculate from the previous stage of the object recognition
pipeline for each of the training example .

Uhttp://cseweb.ucsd.edu/ ranil/birds/cascade.xml

8.3.1 Training

For learning the weight vectors we can use stochastic gradi-
ent descent (SGD) to minimize the negative log-likelihood
for each of the training examples.

L(X) = —>_,;log(p(cil|Zi))

The update rules for SGD for the training example
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where k ranges from one to the length of the feature vector.

8.3.2 Issues with Training

There are a few issues related to over-fitting that can arise
using this method. One is if the side information is unique
to a particular class, It is most likely that weights for those
features will high. There are two ways to deal this problem
- one way is to have high regularization parameter v for
side information features - the second way is to carefuly
select those features as side-information that is not unique
to particular class. There could also be a case where side-
information is unique to a class and highly discriminatory
in which case over-fitting is preferred. Currently we are
experimenting with using annotation as side-information.

9. Conclusion and Future work

In this project, we worked on two areas i.e bird detection
using haar-like features and NB-NN with C-SIFT descriptor
for bird recognition. The NB-NN gave comparable perfor-
mance to the current state-of-art results on the dataset. We
also discussed on how to include side-information in the
recognition pipeline. We have left the comparision of NB-
NN against bag-of-words based methods and creating and
evaluating bird detection cascade using the entire dataset as
future work.
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