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Abstract: Objective Along with the improvement of people's consumption, more and more daily garbage both in the
quantity and type are produced. Classifying them correctly is important to protect human in healthy and maintain
environment in clean & safe, which needs the joint efforts of all of us. With the popularity of the WWW and the
development of information technology, retrieving garbage by mobile based on garbage name is a popular garbage
classification method. However, this method usually works on some static data classifications, which makes it difficult to
cover all garbage and extend to include increasing while new kinds of garbage. To improve the above problem, a
long-term garbage classification method based on self-training is present for domestic garbage in this paper. Method
The proposed method, making full use of the capability of the machine learning, can update its corresponding training set
and carry out self-trainings according to the users’ inputs and feedbacks realized through garbage image selection. Thus,
the more user participation, the more classification accuracy of our method. Accordingly, the proposed method is mainly
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composed of two parts: (1) in order to make our method have a pretty classification ability, a novel ensembled classifier,
integrating KNNs and SVMs (as basis classifiers) together by adopting Bagging based on their independent voting and
weights, is adopted, where misclassification-oversampling technology is also combined with Bagging to promote the
accuracies of these basis classifiers; (2) Secondly, a feedback mechanism, based on image selection, is used to
automatically update our classifier’s confidence and extend our garbage training set, to upgrade its classification accuracy
and self-training ability. Result A corresponding domestic garbage classifying prototype is developed to validate the
effectiveness of the above method. Here, a training set containing 233 garbage samples is used to train our ensembled
classifier while a test set within 151 garbage samples is used to evaluate the accuracy and the robustness of our
ensembled classifier. The experiments demonstrate that the average classification accuracy rate of the ensembled
classifier, near to 95%, is better than the performance of each basis classifier. Moreover, along with increasing the
proportion of the incorrect sample in the training set gradually (<30%), we, correspondingly, train the ensembled
classifier on each of these data and then carry out classification test by using the above test set on each of them as well.
The corresponding average accuracy analysises illustrate that our ensembled classifier can maintain a relatively high and
a stable classification accuracy rate (=93%) while the feedback mechanism can effectively help our method to alleviate
the negative influence brought by the incorrect samples. Conclusion Classifying garbage is closely related to people's
healthy daily life and environment protection. However, long-term methods, to effectively do the above job along with
the more and more garbage increasing both in number and kind, are still rare, especially in the mobile platform. Hence, a
new long-term garbage classification based on self-training method for domestic garbage is presented in this work. The
method has an accurate and robust domestic garbage classification ability as well as a self-learning ability, which are
ensured by a novel ensembled classifier and feedback mechanism. However, the method is still having some
disadvantages that should be improved, such as: 1) the garbage image input is mainly used by our feedback mechanism
while its corresponding features are mainly described by text since the general and effective methods for extracting
garbage features from images are still rare; 2) the automatic feedback mechanism should be studied in order to further the
automation level of the whole method.
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