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New Learning Approach by Co-training for Complex Data Classification

ABSTRACT: The complexity, abundance and diversity of data (text, images, sound and video) are at the origin of new
software solutions for their exploitation. These solutions make use of learning techniques. Among of these techniques, we
distinguish learning through co-training, which turned out to be a very exploited by researchers thanks to its low sensitivity
to noise, robustness and rapidity. However, the classical variant of co-training showed deficiencies in the classification of
complex data particularly in terms of adaptability. In this paper, we present a new approach of semi-supervised learning by
Co-training technique to generate a generic classifier from a representative database (MGLP) which is automatically
labeled online. Robustness and rapidity, of our approach, to classify complex data were demonstrated through a comparison
between the classical variant and the new one in terms of rate and time.
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1. Introduction

Nowadays, the digital data take a growing place in everyday life and in the professional world. Seen the complexity of their
contents, it became essential to propose software solution to extract strategic knowledge. Learning techniques have emerged to
extract the useful knowledge for purposes of prediction and decision-making. These techniques can be classified into three main
categories: supervised learning, unsupervised learning and semi-supervised learning. Supervised learning means that data can
be labeled, or more explicitly the number of classes can be defined. The classification accuracy depends mainly on the size of
training data set. The major drawback is that a huge manual labeling database can be tedious. On the other hand, in the case of
unsupervised learning, the number of classes is not defined; it could be able to split data in different cluster. The Semi-
Supervised Learning (SSL) is mixture a supervised learning which is based on the labeled data and unsupervised learning which
uses only unlabeled data. Indeed, the idea of SSL is to use a small set of labeled data and a large set of unlabeled data to
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generate a classifier from an automatically labeled training set. Therefore, Semi Supervised Learning becomes a practical interest
in several areas.

Moreover, according to the work of [1] [2] [3], there are two reasons for using the SSL: (i) it prevents the labeling of a large data
set and (ii) improve prediction accuracy by the use of unlabeled data in learning.

The second reason agrees closely with the classification of complex data. Complex data are those that have similar characteristics
between classes or those with characteristics that vary frequently. For example, in case of data from a video stream, the related
variety of scenes and changes (abrupt or gradual illumination changes, acquisition noise, etc..) cannot be full viewed in a
supervised learning, hence learning must be adaptive to the scene observed. SSL allows “a priori” to address the problem of
lack of adaptability discovered in supervised learning. Several semi-supervised learning techniques have been proposed in the
literature, among these techniques, the Co-training has showed to be the most used. In order to have a suitable technique for
complex data, we propose in this paper a new approach to semi-supervised learning by co-training.

The remainder of this paper is organized into four sections. In Section 2, we review the techniques of semi-supervised learning.
In Section 3, we focus on the Co-training: we present both classical variant and the proposed one. The purpose and applicability
of the proposed approach are validated through an experimental study presented in Section 4. Finally, we end this paper with a
conclusion and reflections on the possible uses of the proposed approach.

2. Semi-supervised learning techniques

In the literature we distinguish different semi-supervised techniques; the most recognized are self-learning, co-training, semi-
supervised support vector machine (S3VM) and generative models. A comprehensive and thorough study of these techniques
can be found in [4].

• Self-learning is to train a classifier with labeled data [4]. The classifier is then used to label the data. Most confidantes’ labeled
data are added to the training dataset. The classifier is re-trained on the labeled data. The procedure is repeated until satisfaction
of a stop condition. Despite the simplicity of this technique, the first detected error can reinforce thereby deteriorating the
quality of the final result. Moreover, the convergence is not always guaranteed for complex data. This technique has been
successfully applied to face recognition systems using Principal Component Analysis (PCA) and fingerprint recognition using
the method of measurement strings [5] [6] [7] [8] [9].

• The semi-supervised learning is also called S3VM SVMT (transductive SVM). It extends the standard SVM with unlabeled
data. Its goal is to find the data labels so that the hyperplane has a maximum margin on the original labeled and unlabeled data
[4] [10] data. So SVMT is based on a clear and applicable mathematical foundation where SVM is applicable [11]. However, there
are some optimization difficulties to find the exact solution of SVMT.

• The generative models [12] [13] are based on statistical models. The most commonly used models are: the Gaussian mixture
(GMM) for image classification, the mixture of multinomial distributions (Naïve Bayes) for categorization of text and hidden
Markov model (HMM) for speech recognition. Note that it is often difficult to verify the accuracy of the model used. Therefore,
unlabeled data can be misclassified if the selected generative model is wrong.

• Co-learning (Co-training) [14] is a version of the self-learning adapted to the use of at least two classifiers that will help each
other to improve each other. It uses a second classifier that allows the inclusion of data with high variability that was not
accepted by the first classifier [15] [16] [17] [18] [19] [20]. It is based on the assumption of the existence of two independent
projections of the same data space. Two classifiers are trained on these two projections must labeled identically the same data.
This technique, used in many studies [21] [22] [23] [4], has the advantage of being less sensitive compared to the self-learning
errors.

The examination of various semi-supervised and previous work based on SSL learning techniques allowed us to choose the Co-
training. Indeed, it not only has the advantage that it is less sensitive to noise, robust and fast, but also its theoretical basis is
promising for complex contexts.
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Inputs
L: a small set of manually labeled data (M)
U: a large set of unlabeled data
V1 and V2: features vectors of U
Outputs
C1 and C2: two classifiers
L: initial L expanded by automatically labeled data
1. For i=1 to N
    {
     1.1. Use L for learning by h1 using V1
     1.2. Use L for learning by h2 using V2
     1.3. Classify and label data of U by h1 and h2
     1.4. Select the best labeled data from U
     1.5. and add them to L
   }
2. Generate C1 and C2 from L
3. Delete L
4. Classify data of U by C1 and C2
5.Label data according to the most confidante classification

Algorithm 1 : Classical Co-training

The Co-training algorithm requires two learning techniques (h1 and h2) and two subsets of different features related to the
labeled data (L). The principle of the algorithm [14] [24] requires that (i) the features can be partitioned into two sets, (ii) each
subset of features set is used for learning h1 or h2, and (iii ) the two subset are conditionally independent [4]. In each iteration,
unlabeled samples (U ) are labeled by each learning technique (line 1.3., Algorithm 1). Based on a confidence score, the best
classified samples are selected and added to the labeled base (lines 1.4. and 1.5., Algorithm 1). Once the two classifiers (C1 and
C2) are obtained (i.e, after N iterations) (line 2, Algorithm 1), the training base L is deleted (lines 3 Algorithm 1). Labels of new
instances are predicted by the most confident classifier on the sample (lines 4 and 5, Algorithm 1).

Despite the success of the classic variant of co-training in the classification of different types of data (see [25] [26] [27] [28] [29]
[30]), this variant does not solve robustly the problem of classification of the complex data, in particular those who present
strong similarity. In fact, when classical variant of Co-training is applied on data, two classifiers can be generated from the
learning set L extended after N iterations. However, the learning set is not representative of the reality of complex data whose
features change frequently. In addition, this set is regenerated for each new entry (unlabeled data). This constraint has led us to
propose a new variant of co-training suitable for better complex data classification.

3.2 New variant of du Co-training
The objective of the new variant of Co-training is to generate a classifier adapted to the complexity of the data.

Unlike the classic variant of co-training, the proposed variant has three advantages: (1) it generates a classifier more generic by
a learning technique from a significant base automatically labeled and not from the base L extended after N iterations, this
database is called MGLP (Model Generation Labeled Pool), (2) selects a small labeled set of L from MGLP data, and (3) increasing
the level of selection confidence of the best classified samples through a prediction model obtained by a supervised learning.
Note that the proposed variant of Co-training led to an adaptation to complex data with an optimal setting. The process

3. Co-training

In this section, we start by presenting basic steps of the classical variant of co-training, and then we present the proposed new
variant.

3.1 Classical variant of  Co-Training
Classical Co-Training steps are resumed in Algorithm 1 and illustrated by figure 1.
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Figure 1. Flowchart of classical Co-training variant

of the new variant of co-training is shown in Figure 2. The first stage builds the basis MGLP and the second step generates the
classifier.

In the construction phase of MGLP (stage 1, Figure 2), a learning step by two classifiers (C1 and C2) is iterated N times for each
new data. Note that the fixation of an optimal number N of iterations is necessary for better speed of MGLP construction.
Learning by C1 and C2 is performed respectively on two feature vectors (V1 and V2) of small labeled data called L. Reducing the
size of the training set is required to minimize the learning time. Thus, it is important to ensure that this learning base contains
a set of labeled samples quite significant. For this, the initial M samples of L are randomly selected from a database of manually
labeled samples. Once the size of the MGLP is greater than M, the initial samples of L will be selected from MGLP.

In every learning iteration, the most confidants labeled data of each class are added to the database L and MGLP. The selection
of the most confidants data is performed more reliable by taking into account the decision of classification given by a prediction
model obtained offline by a supervised learning.

After constructing the learning base labeled automatically MGLP, the objective of the second step is to generate online, a
classifier for the classification of complex data. Therefore, a learning technique (T) is used which have provided, for this task,
efficient and fast results.

4. Experimental Evaluation

The choice of an area of application for this new variant of co-training is crucial for evaluation. We note that this variant as well
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Figure 2. Flowchart of the new variant of Co-training

as the classic variant were adopted respectively by [32] and [33] for the online classification of moving pixels in shadow / non-
shadow from a video stream. Indeed, the detection and removal of shadows related to moving objects show great interest in
computer vision applications. The removal of moving shadows increases the accuracy of detecting moving objects, thus
increasing the effectiveness of these applications. The strong similarity between the characteristics of moving objects and
shadows pixels makes their classification more complex. In addition, their characteristics change frequently with the dynamic
conditions of the observed scenes.

In the same context (online classification of moving pixels in shadow / non-shadow from a video stream), learning in both
variants, is performed by two SVM (C1 = SVM 1 and C2 = SVM 2 ) with a radial basis kernel (RBK). Setting the classical variant
has been validated by an experimental study [33]. This study has established for the classical variant, N = 20 iterations and M
= 100 pixels (the original pixels of L).

In the new variant of co-training the classifier C is generated by a T = C4.5. Remember that this new variant uses a prediction
model with C1 and C2. This model, called PM_Shadow, is the prerequisite result of considerable offline work. PM_Shadow is
obtained by a supervised learning respecting a series of steps in order to generate a more generic model. We find it interesting
to present these steps in subsection A. In addition, we have conducted a series of experiments, described in subsection B, which
aim to determine the optimal number of iterations N and the most appropriate initial size M of the database L.

In subsection C, we present and discuss the quantitative results obtained by the two variants for the online classification of
moving pixels in shadow/non-shadow from a video stream.

4.1 PM_Shadow generation
In the first step, we built a learning base from the most famous sequences in the literature. These sequences are acquired under
typical conditions (outside or inside) and include different objects classes and different noise levels. Manual labeling performed
resulted in a corpus composed of 1.897.998 shadow pixels, 1.791.562 non-shadow pixels. In this step, the choice of the most
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Figure 3. CDR and FDR obtained by ID3 for learning Set and Inactive Example

Figure 4. CDR and FDR obtained by C4.5 (1993) for learning Set and Inactive Example

 Figure 5. CDR and FDR obtained by Cost-Sensitive C4.5 (2001) for learning Set and Inactive Example

relevant shadow features is crucial. It determines the quality of established models. Therefore, we identified the more relevant
shadows features (see [31]). These features are calculated for each pixel.

Following the preparation of the training data, we carried out various experiments to find the most accurate prediction model.
This stage consists to extract useful knowledge from the training data set. However, in the literature, there are several techniques
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Figure 6. CDR and FDR obtained by One-Vs-All-Decision-arbre for learning Set and Inactive Example

Figure 7. CDR and FDR obtained by A limited search for learning Set and Inactive Example

Figure 8. CDR and FDR obtained by Improved Chaid for learning Set and Inactive Example
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of supervised learning. Among the most important criteria of theoretical comparison of these techniques is the understandability
of produced prediction model. Based on this criterion, we decided to use decision trees. These latter focuses on usability and
readability results. They also produce results easily interpretable and therefore exploitable, and presented in the form of logical
classification rules.

We have studied six techniques based on decision trees including: ID3, C4.5, Cost-Sensitive C4.5, One-Vs-All Decision Tree, A
limited search and Improved Chaid. We divided our database into training data set (Learning Set) (70%) and test data set
(Inactive Example) (30%). We computed, for each technique, the rate of correct classification (Correct Detection Rate (CDR)) and
the rate of incorrect classification (False Detection Rate (FDR)), the additional (TCD) based on the confusion matrix. As shown
in Figures 3, 4, 5, 6, 7, and 8, the best rates of CDR and FDR are given by C4.5 1993.

4.2 Proposed setting for the new Co-training variant (M and N)
For different values of N and M, we calculated the shadow detection accuracy (h) (equation 1), shadow discrimination accuracy
(x) (Equation 2), the correct classification rate (Classification Accuracy (CA)) (Equation 3) and the execution time (s).
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- S and F denote the pixel shadow and non-shadow pixels.
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S 
: the number of pixels belonging to the class of shadow pixels which is affected by the class of shadow pixels.

- FN
F 

: the number of pixels belonging to the class of non-shadow pixels which is affected by the class of shadow pixels.
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S 
: the number of pixels belonging to the class of shadow pixels which is affected by the class of non-shadow pixels.

- TP
F 

: the number of pixels belonging to the class of non-shadow pixels which is affected by the class of non-shadow pixels.

Figure 9. Average rates of CA, ξ  and η obtained for differents initial sizes (M ={100, 200, 300}) of L (N = 5)
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According to our intensive experiments, we have chose the number of iteration N = 5 and the initial size M = 100 pixels. Some
results of these experiments are presented in Figures 9, 10, 11 and 12.

Figure 10. Execution times of five iterations with differents initial sizes (M ={100, 200, 300}) of L (N = 5)

Figures 9 and 10 show, respectively, for different sizes of M (100, 200 and 300 pixels), the average rates of CA, η and x, and the
execution time required to perform learning and generation of C1 and C2 by two SVM for five iterations. Recall that in each
iteration, the initial size (M) of L increases by the more confidant classified pixels. The best rate of CA, η and ξ (≈ 83%) are given
by M = 100. In addition, for the same value we obtained an optimal execution time for five iterations.

Figures 11 and 12 show, respectively, for different numbers of iterations N (5, 15 and 20), the average rate of CA, η and ξ, and
execution time required for learning and generation of C1 and C2 by two SVM for M = 100. For N = 5, the proposed variant
records CA, η and ξ rates (≈ 88%) close to those reported for N = 10 (≈ 89%) and N = 15 (≈ 91%) with a very significant gain in
terms of execution time.

Obviously, the selection of M pixels from MGLP and the presence of a prediction model that increases the level of confidence

Figure 11. Average rates of CA, η and ξ obtained for differents number of iterations (N ={5,10,15})  with M =100
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Figure 12. Execution times of differents number of iterations (N ={5, 10 and 15}) (M =100)

4.3 Comparative study
In order to validate the robustness and performance of our co-training variant, the comparative study was performed within two
series of experiments on sequences1 HighwayI and IntelligentRoom (see Table I). The first experiment is a comparison between
the results of classification of moving pixels in sha dow/non-shadow given by the new variant of co-training and the classical
one. Quantitative scores (shadow detection accuracy (η) and shadow discrimination accuracy (ξ )) were used for this evaluation.
The second experiment is a comparison in terms of execution time (s) between the two variants.

The comparative study (see Figure 13) with a classical variant [33] shows that the results achieved by the new variant exceed
those recorded by the classical variant. Indeed, our variant recorded the best recall rate on the detection of moving pixels and
the detection of shadow pixels (η and ξ  between 84.85% and 93.47%). In addition, the classical variant [33] gives rates η and ξ
between 81.23% and 89.76%. The gains in our variant are due, on the one hand, to the adaptive nature of our variant, and on the
other hand, to the independence of our variant of the diversity and dynamism of the environment. This further proves the
improvement reported by learning and generation of a classifier from a significant base MGLP.

Light Source Natural MultipleArtificial

Speed of Moving Object High speed Low speed
(Vehicles)  (Person)

Shadow Shape Big shape Small shape

Shadow Color Dark Clear

Texture level in Background  were Shadow is projected Low texture Varied Texture

Outside                      Inside

Highway I            IntelligentRoom

Table 1. Corpus d’évaluation quantitative

assure both the optimality and robustness of our variant.
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Figure 13. Average rates of  ξ and η obtained by our variant  (light grey) and
classical variant (darken grey) on HighwayI (right) and IntelligentRoom (left)

Figure 14. Execution time for learning and generating final classifiers by
our variant (with C4.5) and classical variant (with 2SVM) of Co-training

Figure 14 shows the comparison results between our variant of Co-training (N = 5 and M = 100) and the classic variant (N = 20
and M = 100) in terms of execution time for learning and generating classifiers (respectively C and (C1 and C2)) for several sets
of data (13517, 13891, 14401, 16580 and 5159 pixels). This comparison shows that the classical variant requires much more time
than our variant for learning and generating a classifier from a large data set (after 20 iterations). Indeed, the learning principle
by SVM prevents rapid convergence, i.e the separating hyperplane is hardly found in a large complex database.

5. Conclusion

In this paper, we propose a Semi-Supervised Learning by Co-training approach. In fact, this proposal comes from the study of
classical variant which is not suitable for complex data.
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13517                13891                 14401                5159                 16580
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5,988242            6,244762           6,830847           2,394401          7,421067
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The proposed variant is based on a varied database (MGLP) online labeled automatically, and generates a prediction model from
this base.

The construction of MGLP relies on results of a considerable offline work to generate a prediction model. This offline work will
not have to be redone; their results (prediction model) can be used to build another database MGLP.

Performances of this new variant have been demonstrated through a quantitative evaluation. The quantitative results presented
in this paper show improvements in terms of rate and time. The obtained results show the independence of our variant of the
diversity and dynamism of the environment. The various experiments performed are leaving a promising exploitable in the online
classification of different types of complex data.
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