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Abstract

With the large number of Websites promoting the
use of illicit drugs, it has become important to screen
these sites for the protection of children on the Inter-
net. Conventional keyword-based approaches are not
sufficient because these Websites often have lots of im-
ages and little meaningful words than prices. We pro-
pose an AdaBoost-based algorithm for cannabis image
recognition. This is the first known attempt at com-
puterized detection of illicit drug Web contents using
images. The main technical contributions of our work
are two-fold. First, we introduce a novel weak classi-
fier which considers the inherently structural property
or “self-similarity” of the cannabis plants. The self-
correlation structural characteristics of cannabis can
be used as a discriminative property for the purpose
of cannabis image recognition. Second, we propose a
rapid weak classifier finder, which can efficiently select
discriminative weak classifiers from the weak classifier
space with little degradation to the classification accu-
racy. Experiments on real world images have demon-
strated improved performance of our method over other
methods.

1 Introduction

With the rapid development of the digital world and
the freedom of speech protected on the Internet, there
have been a wide spread of Websites promoting illicit
drugs. Like in the filtering of online pornographic con-
tent, keyword-basedfiltering is not sufficient. It is there-
fore important to develop image-based filters for pub-
lic schools and libraries. Among images on these sites,
drug-type cannabis images are typical. Cannabis im-
ages are often used to stimulate interests in drug-type
cannabis products, which are considered illegal in many
countries. Cannabis image recognition becomes impor-
tant for the proper development of Web culture.
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According to the Wikipedia, the cannabis leaves are
“palmately compound, with serrate leaflets”1. Specifi-
cally, the cannabis images on the Web has the follow-
ing properties, which make the task of cannabis image
recognition difficult: (1) non-uniform background; (2)
different illuminations and occlusions; (3) visual simi-
larity with some other plants in the leaf shape; and (4)
the shape deformation of the leaves. Examples are in
Fig.1.

Figure 1. Images of cannabis plants col-
lected from illicit drug websites.

(a) (b)

Figure 2. A cannabis leaf and the detected
SIFT features.
Three discriminative properties can be utilize in the

computerized recognition (as illustrated in Fig. 2(a)):
(1) the edge of leaflets is serrated; (2) the shape of
leaflets is subulate; and (3) the leaflets are self-similar.
How do we effectively encode these properties so that
a computer can detect images containing such plants?
This is the question we attempt to answer here.

1http://en.wikipedia.org/wiki/Cannabis



The shape structures of cannabis leaves have strong
self-correlations in a cannabis image. This can also be
called self-similarity [6]. We can assume that within
a cannabis image, many structures are similar to each
others. Based on this assumption, we introduce a self-
similarity based weak classifier (referred to as SSWC).

We propose an AdaBoost-based algorithm for
cannabis image recognition. In our algorithm, each fea-
ture from positive images can form an SSWC. In each
round of boosting, a rapid weak classifier finder (WCF)
is used to search for the weak classifier with the lowest
error rate in the weak classifier space. All the selected
weak classifiers are used to train a strong classifier for
cannabis image recognition.

The rest of paper is organized as follows. Related
work is discussed in Section 2. In Section 3, we intro-
duce the feature we used and the AdaBoost-based algo-
rithm for recognition. Experimental results are reported
in Section 4. We conclude in Section 5.

2 Related Work

Cannabis image recognition can be treated as a spe-
cial case of object class recognition. Recently, much
work has been done in the field of object class recog-
nition. Fergus et al. [1] proposed a probability model
for objects built as flexible constellations of parts. They
used an EM algorithm to learn the parameters of this
model and achieved good accuracy. Csurka et al. [7]
proposed the idea of bag of keypoints. Training fea-
tures were clustered to construct a codebook. Then the
number of patches assigned to each cluster was counted
to get a bag of keypoints, which could be used to train a
multi-class classifier. This method is limited when deal-
ing with images that have non-uniform backgrounds,
for large number of local features from the background
can distract the clustering. Viola and Jones [2] intro-
duced the AdaBoost model for face detection. Dis-
criminative features were automatically selected by Ad-
aBoost from a large set of background features. But the
Haar features can be inefficient in other object recogni-
tion. Opelt et al. [3] improved this framework to general
object class recognition and yielded results comparable
to [1]. However, their method was designed for general
object class recognition and didn’t have the ability to
measure the self-similarity of cannabis images. Zhang
et al. [5] proposed a two layer AdaBoost model of ob-
ject class recognition. Local features and global fea-
tures were boosted in Layer 1, and the spatial features
were boosted in Layer 2. They showed that combining
different types of features can significantly improve the
performance of classifiers.

3 The Recognition Algorithm
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Recently, many local descriptors have been proposed
in the literature [4, 8, 9, 10]. Among these, the Scale
Invariant Feature Transform (SIFT) [4] has been widely
used in object class recognition and detection because
of its invariance to image scale and rotation, and its ro-
bustness to illumination, affine distortion, and changes
in 3D viewpoint. We consider SIFT as an appropri-
ate feature to describe serrate edge and subulate shape.
Fig. 2 shows the SIFT features of a leaf. Each arrow
represents a SIFT feature, with the length of the arrow
stands for the scale.
Since leaflets have similar shape structures, each

feature in one leaflet is similar to the feature of an-
other leaflet in the corresponding location. The features
within a leaflet also have strong similarities because
the leaflet is bilateral symmetric. We consider the self-
similarity a discriminative property for cannabis image
recognition.
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Let ���� � � �� � � � � �� be a set of training images
and ���� � � �� � � � � �� be their associated labels, where
� is the number of training images. Each image � �
has a set of SIFT features ����� � � � �� � � � � ���, where
�� is the number of features of ��. The set �	�� 
 �
�� � � � ��� is a set of features from positive (cannabis)
training images, where � is the total number of fea-
tures from positive training images. The main idea is to
select effective features from training set, and combine
them to get a stronger classifier. The weights of the pos-
itive training images are initialized to �

���
and those of

the negative images to �
���

, where �� and �� are the
numbers of positive and negative samples respectively.
Next, one feature is selected by WCF for each round
of AdaBoost, together with threshold(s) to construct a
weak classifier ��. After that, the weights of training
samples are calculated and updated for the next round.
The AdaBoost-based algorithm for each round  of

boosting is given as follows:

� Normalize the weights of training samples such
that
��

��� ���� � �.

� A WCF is used to automatically find a weak clas-
sifier, with the lowest classification error at the sit-
uation of ������ � � �� � � � � ��. The classification
error is defined as : �� � �

�

��

��� ������� � ���.

� Update the weights of training samples:

����� � �����
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After � round of boosting, the resulting strong clas-
sifier is :

� �
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where �� � ��������� and threshold � can be adjusted
to get a desired detection rate.
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Motivated by the the self-similarity property of a
cannabis image, we propose a ‘self-similarity based
weak classifier’ (SSWC) to measure the level of self-
similarity. The process is as follows. Let ���� �� be the
Euclidean distance of the SIFT features. The SSWC
consists of a feature 	� from positive images, a distance
threshold ��, and a number threshold ��. If a feature
���� satisfies the function ������ � 	�� � ��, we say that
���� is similar to this weak classifier. Our self-similarity
based weak classifier is defined as:

����� ��� ��� ��
�� ���������� ������� � ��� 	 ��� 
 � �� � � � � ���� � ��
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where ��������� is the cardinality of a set.
���������� ������� � 	�� � ��� � � �� � � � � ���� stands
for the number of features in ����� � � � �� � � � � ��� that
satisfies the function ������ � 	�� � ��. This implies we
not only concern the existence of similarity of features
and the classifier, but also how many these features are.
An image can be accepted by the weak classifier only
when it has enough features that are similar to the weak
classifier.
The two thresholds �� and �� in SSWC determine a

large weak classifier space. It’s impossible to use the
exhaustive WCF in [3]. Therefore we introduce a rapid
WCF with an optimized search strategy.
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The rapid WCF contains two steps:

� Pre-processing: For each feature 	� of positive
training samples, do the following.

1. For all images ��, calculate the first � min-
imal distances ������� � � � �� � � � � �� � �
�� � � � ��� between 	� and features in ��.

2. Let ������ � � � � ���� ��� be a permutation
set of index such that
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3. under the initial weight ������ (set to �
���

for

positive training and �
���

otherwise), search
for all possible values of thresholds
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and find the lowest error rate ��� and its cor-
responding thresholds ����� �

�
��, where �

�
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After that, for each feature 	�, we obtain
the best thresholds ����� �

�
��, weak classifier

���	�� �
�
�� �

�
��, and its classification result

������ � � �� � � � � ��.

� Training: For each round  of boosting, with the
current weights ������ � � �� � � � � ��, output the
classifier �� with the lowest error rate �� of all
weak classifiers ����
 � �� � � � ���, where �� �
�
�

��

��� ��������� � ���.

The main strategy of the rapid WCF is as follows:
pre-calculate the best weak classifier �� and its thresh-
old(s) for each feature 	� with the initial weights ����;
for each round of boosting, we only search in the weak
classifier space ����
 � �� � � � ��� while Opelt et
al. [3] search in the space ����������
 � �� � � � ��� � �
�� � � � � � � ��.
All of the parameters are automatically selected, ex-

cept for � , �, and � . In the experiments below, we
will show the influence of different values of � and� .
When � � �, our SSWC is degenerated to the weak
classifier of [3], while our rapid WCF is an accelerated
version of the WCF in [3]. As a result, our method can
be used for general object class recognition, but is more
suitable for the objects with the self-similarity property.

4 Experimental Results

The dataset used for the experiments contains 1,197
cannabis images and 1,821 images of 28 other plants.
100 cannabis images and 300 images of other plants are
randomly selected from this dataset for training. Bilin-
ear interpolation is used to normalize images such that
the longer side is 360 pixels.
We conduct a comparison experiment among the fol-

lowing methods: our method (SSWC(� � �� ��� ��)
+ rapid WCF), Opelt et al. method [3] with our rapid
WCF (Opelt’s + rapid WCF), Opelt et al. method



(Opelt’s + their WCF), and Csurka et al. method [7].
The performance figures quoted are the ROC equal er-
ror rates [1]. For example, a figure of 85	 means 85	
of the cannabis images are correctly classified and 85	
of the images of other plants are correctly classified.
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Figure 3. The equal error rates as com-
pared to other methods for object recog-
nition.

Fig.3 shows the equal error rates of our method,
Opelt et al. method with our rapid WCF, and Opelt et
al. method when the number of training rounds � in-
creases. When �=1, equal error rates of the first weak
classifiers selected by these methods achieve about 77	
, and the weak classifiers selected by our method obvi-
ously outperform the one of Opelt et al. method. This
is because our weak classifier contains two thresholds.
Compared with the only one threshold of Opelt et al.
weak classifier, a better result can be achieved by vary-
ing these thresholds.
Moreover, the curve of Opelt’s + rapid WCF is al-

most the same as that of Opelt’s + their WCF. This
implies that our rapid WCF achieves similar classifica-
tion accuracy as Opelt’s WCF. However, each iteration
of Opelt’s + rapid WCF after pre-processing requires
only 0.025 second computation time on a Pentium-4,
3.2GHz CPU against 65 seconds needed by Opelt’s +
their WCF.
From Fig. 3, we can also see that our method

(  !��� � �� ��� ��) + rapid WCF) outperforms
Opelt et al. method when � and � vary. When �
varies, M=10 + rapid WCF has the best result. This is
probably because a large value of � may bring large
values of ��, which make the weak classifier high de-
pendence on training set and low generalization; when
� is too small, it may prevent WCF from choosing the
best number thresholds.
Table 1 shows the best equal error rate2 of our

method (� � ������ � ���� � �����) compared
with the ones of Opelt et al. [3] (� � �
��� � ��)

2The best equal error rate is the best rate when parameters vary.

Ours Opelt et al. [3] Csurka et al. [7]
87.3% 85.3% 83.5%

Table 1. The best equal error rates.

and Csurka et al. [7] (
 � ���� where 
 is the number
of clusters in K-Means). This shows that our method is
more accurate than the other two methods.

5 Conclusions and Future Work

We have presented an AdaBoost-based cannabis im-
age recognition algorithm. As far as we know, this is
the first attempt at screening image contents related to
illicit drugs. Self-similarity based weak classifier has
been proposed to measure the level of self-similarity.
We have also introduced a rapid WCF, which can dra-
matically reduce the training time, with little degrada-
tion in the classification accuracy. Futurework will seek
for better features to effectively represent the structural
information of cannabis images and to integrate this into
a complete system.
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