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Abstract Random Forest which is a multi-class classifier based on statistical learning is used in widely applica-
tions because of the ability of the high generalization performance by randomness. However, in applications such as
object detection, disparities in distributions between the training samples and the test samples from target scene are
often inevitable, resulting in degraded performance. In this case, re-acquisition of the training samples for the target
scene is needed. In this paper, we present a transfer learning for random forest with covariate shift. Experimental
results show that the proposed method can adapt for the target scene at low cost by transferring training samples.
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