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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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�8� �¶	6�t�S�Z�”�Ä
²�Å�Ý� �ï�±�ï�Ó�ç�w
¬�R�,	j�p�K�”

λ �x�|	s�8	Ý�6�p�x 1 �U�)�Q�’�•�|�>���æ�U�å�C�^�•�”�S�t

Transfer Forest �q�Ä
² RF �w�§�M�›
Y�`�X¯�q�p�V�”�‘�O�Ë	ý

�^�•�”�}�f�w�h�Š�|�¶	6�w	‚k�t�Ï�™�^�•�h�>���æ�t�S�Z�” λ

�w	ô�T
Q�x�ÿ�X�|�èª�Å�Ý� �ï�w�¶	6�t�&�ù�`�o�M�s�M�D�ó
Q�U

�K�”�} Boosting �t�,�n�X�8� �¶	6�w 1 �m�p�K�” TrAdaBoost [2]

�x�|�‰�7�w�g���p T �å�¢�ï�Å�¶	6�`�h�M�w
²Ræü�w	��Ý���+

�›
~�“�ú�o�|�™R T/2 �w	��Ý���+�w�ˆ�p�Ý���›�æ�l�o�M�” . �Š

�Z�€�p�x���Y [2] �q�‰�7�t�|
²R T/2 �w�>���æ�›
~�“�ú�o�”�\

�q�p�|�¶	6	s�8�w�q�è�¹�›�ÿ�n�b�”�}

�\�\�‡�p�t	\�‚�h Transfer Forest �w�¶	6�w�v�•�› �ž�ç�°�æ

�¶�Ü 1 �t�Ô�b�}

4. ° �A �î �g

Transfer Forest �w���®
Q�›°�A�b�”�h�Š�|�èª�Å�Ý� �ï�t

�Ä
²�Å�Ý� �ï�›�C�Q�h�Ã�”�»	B�ù�›�;�M�o�6�¶	6�`�h Random

Forest �q�èª�Å�Ý� �ï�w�ˆ�p�6�¶	6�`�h Random Forest �qz

�±�b�”�}°�A�î�g�p�x�|
��U	Z�ð�J�›�0	Å�q�`�| 2 �«�å�µü�¨�ð

�J�q���«�å�µü�¨�ð�J�›�{�O�}�\�w�q�V�|�›�Ã�”�t�x HOG �›

�Ã�” [12] �›�;�M�| Random Forest �w�Í�å�Ý�”�»�x¯ 1 �q�b�”�}

¯ 1 Random Forest �Ï�™�w�Í�å�Ý�”�»�}

�æ�w�Š
: 50

�æ�w�7�G
��^ 5

�›�Ã�Í�i
: 3,780

ü�0�Ê�”�Å�©�4�w�å�ï�¼�Ü
\
R
: 63(=..
√

3, 780)

4. 1 2 �«�å�µü�¨�ð�J

�‡�c�|�Ÿ�s�”�Å�Ý� �ï���w 2 �«�å�µü�¨�ð�J�t�0�`�o���Š	�
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�ž�ç�°�æ�¶�Ü 1:Transfer Forest �w�¶	6

1. �Ö�—: I �x�w�èª�Å�Ý� �ï�¶	6�±�ï�Ó�ç Xt �q J �x�w�Ä
²�¶	6�±�ï�Ó

�ç Xa �q�f�•�’�w�«�å�µ�å�Õ�ç ck �›�;�™�b�”�}�Ä
²�t Xa �› Random

Forest �t�‘�“�¶	6�`�|�Ý���+�›�Ï�™�`�o�S�X�}

2. 	s�8�= : �Ä
²�Å�Ý� �ï�w	O�ˆÇ�Z�q�s�”�ž�!�” λj �›	s�8�=

λj = 1 + ePa(ck|χj)

3. �¶	6 :

For t = 1, · · · , T //�>���æ�w�Š
:

·Xt�| Xa �T�’�‰
:�w�±�ï�Ó�ç�›
¬�R�`�o�±�Ò�·�¿�Ä�›�^
R

· �±�Ò�·�¿�Ä�›�;�M�o�>���æ�w�¶	6

· �¤�z�Ê�”�Å�‘�“�«�å�µ ck �w�«�å�µ�¬�p�›�‰	Z

P (ck) =
|It,ck | + |Λa,ck |

|It| + |Λa|

|Λa,ck | =
∑

j:yj=ck

λj

· �ž�!�” λj �w�Ë	ý

λj =
1 + ePa(ck|χj)

1 + ePt(ck|χj)

End for

4. 	Z�—: �èª�Å�Ý� �ï�t�0�b�” Random Forest

�™R(T/2 ∼ T ) �w�>���æ�w�ˆ�›�¨	Z�`�| Transfer Forest �q�b�”�}

P (ck|x) =
2

T

T∑
t=T/2

P (ck|l)

�O�U�®�p�$�t�¶	6�D�ó�p�K�”�\�q�›�Ô�b�} 2 �«�å�µü�¨�ð�J�p

�w°�A�î�g�x�|�Ä
²�Å�Ý� �ï�|�èª�Å�Ý� �ï�w°�A�Ã�”�»�q�`

�o�|�Ÿ�s�”
��U	Z�Ã�”�»�·�¿�Ä�›�;�M�”�}

4. 1. 1 2 �«�å�µü�¨�ð�J�p�–�;�b�”�Ã�”�»�·�¿�Ä

�Š�î�g�p�x�|�<�G�w 2 �m�w�Ã�”�»�Õ�”�µ�›�;�M�”�}�¤�Å�Ý� 

�ï�w�«�›
$ 3 �t�Ô�b�}

· �Ä
²�Å�Ý� �ï�• DaimlerChrysler Mono Pedestrian Detection

Benchmark Dataset [11]

15,600 �•�w
��h
þ�q 6,700 �•�w�� �h
þ�U�¶	6�±�ï�Ó�ç�q�`

�o�| 56,500 �w
��–�¬�›���‰ 21,800 �•�w�h
þ�U°�A�±�ï�Ó�ç�q

�`�o�;�™�^�•�o�M�”�}

· �èª�Å�Ý� �ï�• INRIA Person Dataset [12]

2,416 �•�w
��h
þ�q 1,218 �•�w�� �h
þ�U�¶	6�±�ï�Ó�ç�q�`�o�|

1,135 �w
��h
þ�q 453 �•�w�� �h
þ�U°�A�±�ï�Ó�ç�q�`�o�;�™

�^�•�o�M�”�}

	Í�G�w�Ÿ�s�”�Ã�”�»�Õ�”�µ���w�&� �ð�J�›�;�M�o���Š	��O�›

°�A�b�”�h�Š�t�|�Ž�<�w 2 �m�w	��O�qz�±�›�æ�O�}

· “�Ä
²�Å�Ý� �ï +�èª�Å�Ý� �ï ”

�Ä
²�Å�Ý� �ï�t�èª�Å�Ý� �ï�›�8� �›�;�M�c�C�Q�h�±�ï�Ó�ç	B

�ù�›�Ö�—�q�`�o Random Forest �›�¶	6�b�”�}

·“�èª�Å�Ý� �ï�w�ˆ ”

�èª�Å�Ý� �ï�w�±�ï�Ó�ç�w�ˆ�›�Ö�—�q�`�o Random Forest �›

�¶	6�b�”�}


$ 3 �¤�Ã�”�»�Õ�”�µ�w�±�ï�Ó�ç�«�}

4. 1. 2 �î �g �A �L

�èª�Å�Ý� �ï�w�Ù�´�Â�Ÿ�Ò�¶	6�±�ï�Ó�ç�› 2,416 �•�T�’ 800

�•�| 100 �•�q	q�t�_�n�`�h�M�w DET �§�”�Ò�›
$ 4 �t�Ô�b�}�‡

�c�|
$ 4(a) �‘�“�|�èª�Å�Ý� �ï�w�¶	6�±�ï�Ó�ç�› 2,416 �•
¶

�o�–�;�`�h	Ô�ù�|���Š	��O�q “�Ä
²�Å�Ý� �ï +�èª�Å�Ý� �ï ”�|

“�èª�Å�Ý� �ï�w�ˆ ” �x�‰���S�w
Q�ó�q�s�”�\�q�U�˜�T�”�}

800 �•�t�¶	6�±�ï�Ó�ç�›�_�n�`�h	Ô�ù�|
$ 4(b) �w�‘�O�t “�è

ª�Å�Ý� �ï�w�ˆ ”�| “�Ä
²�Å�Ý� �ï +�èª�Å�Ý� �ï ” �x
Q�ó�U�ÿ

�<�`�h�}�\�•�x�|�èª�Å�Ý� �ï�w�¶	6�±�ï�Ó�ç
:�U�_�n�^�•�”

�\�q�p�èª�Å�Ý� �ï�t�0�b�”�¶	6�U	Gü�p�s�X�s�”�h�Š�p�K�”�}

�°�M�|���Š	��O�x�f�w
Q�ó�›�¡�Ë�`�o�M�”�\�q�U�˜�T�”�}

�^�’�t�|�èª�Å�Ý� �ï�w�¶	6�±�ï�Ó�ç�› 100 �•�‡�p�_�n�`�h

	Ô�ù�|
$ 4(c) �‘�“�| “�èª�Å�Ý� �ï�w�ˆ ” �w�Ý��
Q�ó�x�G�V�X

�ÿ�<�b�”�}�\�•�x�| 100 �•�w
��h
þ�w�¶	6�p�x�Ã�”�»�·�¿�Ä
¶

�.�wüÍ�›�
�Q�”�\�q�x�p�V�s�M�\�q�›�Ô�`�o�M�”�}�‡�h�| “�Ä


²�Å�Ý� �ï +�èª�Å�Ý� �ï ” �x
Q�ó�w�ÿ�<�U���•�T�p�K�”�}�\

�•�x�|�Ä
²�Å�Ý� �ï�¤�t���O�b�”�èª�Å�Ý� �ï�w�Ý���t���®�s

�±�ï�Ó�ç�›�¶	6�p�V�h�h�Š�p�K�”�q�ß�Q�’�•�”�}�`�T�`�|�Ä
²

�Å�Ý� �ï�¤�t�x�èª�Å�Ý� �ï�w�¶	6�t�&�^�s�M�±�ï�Ó�ç�‹���X

���‡�•�”�h�Š�| 2,416 �•�• 800 �•�p�w�A�L�tz�‚�Ý��
Q�ó�x�ÿ

�<�`�o�M�”�}�°�M�|���Š	��O�x�ô�M�Ý��
Q�ó�›�«�˜�`�o�S�“�|

�f�w�Ý��
Q�ó�x 2,416 �•�| 800 �•�Ì�qz�±�`�o�‹�G�V�X�ÿ�<�`

�s�M�}�Ž	Í�‘�“�|�8� �¶	6�t�‘�“�Ý���t���®�s�Ä
²�Å�Ý� �ï�±

�ï�Ó�ç�w�ˆ�›	O�¹�`�s�U�’�|�èª�Å�Ý� �ï�w�¶	6�t	��“���‰�\

�q�p�|�èª�Å�Ý� �ï�w�¶	6�±�ï�Ó�ç�wÆ��›�4�O�\�q�U�p�V�h

�q�ß�Q�’�•�”�}

4. 2 ���«�å�µü�¨�ð�J�w�8� 

���«�å�µü�¨�ð�J�p�w°�A�î�g�p�x�|
Y�Ø�|�È�²�V�|��Ø�|

�(�²�V�q 90 �Ã�c�m 4 ü�Â�`�h
��h
þ�Ã�”�»�›�;�M�”�}�\�\�p�|


Y�Ø�q��Ø�›�‰�°�«�å�µ�q�`�|
Y�Ø�—��Ø�|�È�²�V�|�(�²�V�w

3 �«�å�µ�t�� �«�å�µ�›�C�Q�h�- 4 �«�å�µ�›�§�Â�°�æ�q�b�”�}

4. 2. 1 ���«�å�µü�¨�ð�J�p�–�;�b�”�Ã�”�»�·�¿�Ä

�Š�î�g�p�x�|�Ä
²�Å�Ý� �ï�q�`�o�§�Ý�å�w�F�¯�› 20 �Ã�q�`�h


��h
þ�Ã�”�»�·�¿�Ä�›�|�èª�Å�Ý� �ï�q�`�o�F�¯ 30 �Ã�w
��h
þ

�Ã�”�»�·�¿�Ä�›�f�•�g�•�;�M�”�}�‡�h�|�F�¯�!�=�•�¯�S�!�=�›
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$ 4 Transfer Forest �q	H�R�O�w�Ý��
Q�óz�±�}


$ 5 ���«�å�µü�¨�ð�J�w�±�ï�Ó�ç�«�}

�Ú�™�t
ƒ���`�h�Ã�”�»�›�;�M�”�h�Š�|
��h
þ�x���Y [13] �w
��U

	Z�w�h�Š�w
\
R���¶	6	��O�›�;�M�o 3 �Í�i
��.�Þ�Ã�ç�t�‘�“
�

�»�$�t
\
R�`�h�}
$ 5 �t�|�¤�Å�Ý� �ï�|�¤�«�å�µ�w�±�ï�Ó�ç�h


þ�«�›�Ô�b�}

· �Ä
²�Å�Ý� �ï�• �F�¯ 20 �Ã

�§�Ý�å�w�F�¯�› 20 �Ã�t
ƒ���`�| 2,416 �•�w
��h
þ�q 12,180 �•

�w�� 
~	Z�`�h
þ�›�¶	6�±�ï�Ó�ç�q�`�o
\
R�b�”�}

· �èª�Å�Ý� �ï�•�F�¯ 30 �Ã

�§�Ý�å�w�F�¯�› 30 �Ã�t
ƒ���`�| 2,416 �•�w
��h
þ�q 12,180 �•

�w�� 
~	Z�`�h
þ�›�¶	6�±�ï�Ó�ç�q�`�o�|�‰
:�w�h
þ�›°�A�±

�ï�Ó�ç�q�`�o�;�™�b�”�}�F�¯�w�!�=�t�‘�“�|�¤�§�Â�°�æ�w�_�Q

�x�G�V�X�!�=�b�”�}

4. 2. 2 �î �g �A �L

�èª�Å�Ý� �ï�w�Ù�´�Â�Ÿ�Ò�¶	6�±�ï�Ó�ç�› 2,416 �•�| 800 �•�|

100 �•�q�_�n�`�h�M�w�Ý��
Q�ó�›�|�f�•�g�•¯ 2�|¯ 3�|¯ 4 �t

�Ô�b�}¯ 2 �‘�“�|�èª�Å�Ý� �ï�w�¶	6�±�ï�Ó�ç�› 2,416 �•
¶�o

�–�;�`�h	Ô�ù�|���Š	��O�| “�èª�Å�Ý� �ï�w�ˆ ”�| “�Ä
²�Å�Ý� 

�ï +�èª�Å�Ý� �ï ” �w
¶�o�w	��O�t�S�M�o�‰���S�w
Q�ó�q�s�”

�\�q�U�˜�T�”�}

�Í�t�| 800 �•�t�¶	6�±�ï�Ó�ç�›�_�n�`�h	Ô�ù�|¯ 3 �‘�“�|�¤

	��O�q�‹
^�S�U�ÿ�<�`�o�S�“�|�±�ï�Ó�ç
:�UÆ��`�o�M�”�\�q

�U�˜�T�”�}�›�t�| “�Ä
²�Å�Ý� �ï +�èª�Å�Ý� �ï ” �x 72.1%�q�G

�V�X
Q�ó�›�ÿ�<�^�d�o�M�”�}�\�•�x�|���«�å�µü�¨�ð�J�t�S�M

�o�§�Ý�å�w�F�¯�U�Ÿ�s�”�q�|�Ä
²�Å�Ý� �ï�q�èª�Å�Ý� �ï�w�_

�Q�w�)�U�G�V�X�s�“�|�&� �p�V�s�M�Ä
²�Å�Ý� �ï�±�ï�Ó�ç�U��

�XC
\�b�”�h�Š�p�K�”�q�ß�Q�’�•�”�}���Š	��O�x�8� �¶	6�t�‘

�“�|�&� �p�V�s�M�Ä
²�Å�Ý� �ï�±�ï�Ó�ç�›�¶	6�t�;�M�s�M�\�q

�p�| “�Ä
²�Å�Ý� �ï +�èª�Å�Ý� �ï ” �tz�‚
Q�ó�ÿ�<�›�H
M�p�V

�h�q�ß�Q�’�•�”�}

�^�’�t�|�èª�Å�Ý� �ï�w�¶	6�±�ï�Ó�ç�› 100 �•�‡�p�_�n�`�h

	Ô�ù�|¯ 4 �‘�“�| “�èª�Å�Ý� �ï�w�ˆ ” �w�Ý��
Q�ó�x�G�V�X�ÿ�<

�b�”�}�›�t�|�È�²�V�|�(�²�V�t�m�M�o�w�Ý���p�U�f�¶�t�ÿ�<�`

�o�S�“�|�†�§�Â�°�æ�t�m�M�o�¶	6�±�ï�Ó�ç�U	Gü�p�s�M�\�q�U

�˜�T�”�}�‡�h�| “�Ä
²�Å�Ý� �ï +�èª�Å�Ý� �ï ” �q���Š	��O�x
Q

�ó�w�ÿ�<�U���•�T�p�K�”�}�\�•�x�|�èª�Å�Ý� �ï�pÆ��`�o�M

�”�È�²�V�§�Â�°�æ�q�(�²�V�§�Â�°�æ�t���®�s�±�ï�Ó�ç�›�|�Ä
²

�Å�Ý� �ï�T�’�4�M�¶	6�p�V�h�h�Š�p�K�”�q�ß�Q�’�•�”�}�`�T�`�|

�Ä
²�Å�Ý� �ï�¤�t�x�èª�Å�Ý� �ï�w�¶	6�t�&�^�s�M�±�ï�Ó�ç�‹

���X���‡�•�”�h�Š�|�ž�!�”�›�;�M�h�8� �¶	6�›�æ�O���Š	��O�U

�ô
^�S�p�K�”�}

5. �‡ �q �Š

�Š�Z�€�p�x�| Random Forest �t�8� �¶	6�›�‹�Ö�`�h Transfer

Forest �›���Š�`�|�6�¶	6�w�®�p�=�›�î�q�`�h�}�>���æ�Ï�™�Ì�t

�ž�!�”�³�Ñ�Ä�›�;�M�”�\�q�p�|�èª�Å�Ý� �ï�w�¶	6�t�&�`�h�Ä


²�Å�Ý� �ï�±�ï�Ó�ç�w�ˆ�›�b�;�`�o�¶	6�p�V�”�}�\�w�h�Š�|	—


:�w�èª�¶	6�±�ï�Ó�ç�å�C�p	Gü�s�¶	6�U�D�ó�q�s�”�}°�A�î

�g�t�S�M�o�|�èª�Å�Ý� �ï
:�› 100 �•�q	—�”�t�`�h�M�t�|�èª
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¯ 2 �èª�Å�Ý� �ï�±�ï�Ó�ç 2,416 �•�›�¶	6�t�;�M�h�Ý���+�wü�¨
^�S [%]�}


Y�Ø�—��Ø �È�²�V �(�²�V �� ���É

���Š	��O 55.8 91.0 88.1 97.1 83.0

�èª�Å�Ý� �ï�w�ˆ 60.0 90.8 88.7 98.5 84.5

�Ä
²�Å�Ý� �ï�´�èª�Å�Ý� �ï 53.5 87.6 84.6 98.8 81.1

¯ 3 �èª�Å�Ý� �ï�±�ï�Ó�ç 800 �•�›�¶	6�t�;�M�h�Ý���+�wü�¨
^�S [%]�}


Y�Ø�—��Ø �È�²�V �(�²�V �� ���É

���Š	��O 55.0 77.5 73.7 98.9 76.3

�èª�Å�Ý� �ï�w�ˆ 60.4 81.5 77.8 98.8 79.6

�Ä
²�Å�Ý� �ï�´�èª�Å�Ý� �ï 42.9 77.8 73.2 94.6 72.1

¯ 4 �èª�Å�Ý� �ï�±�ï�Ó�ç 100 �•�›�¶	6�t�;�M�h�Ý���+�wü�¨
^�S [%]�}


Y�Ø�—��Ø �È�²�V �(�²�V �� ���É

���Š	��O 44.4 70.9 71.9 98.8 71.5

�èª�Å�Ý� �ï�w�ˆ 47.6 28.8 43.7 98.9 54.8

�Ä
²�Å�Ý� �ï�´�èª�Å�Ý� �ï 36.1 65.3 67.1 94.7 65.8

�Å�Ý� �ï�w�ˆ�w�6�¶	6�p�x�¶�`�X
Q�ó�U�ÿ�<�b�”�w�t�0�`�o�|

���Š	��O�x�¶	6�±�ï�Ó�ç�› 800∼2,416 �•�–�;�`�h�M�q�‰���S

�w�Ý��
Q�ó�›�˜�”�\�q�U�p�V�h�}�\�•�x�|���X�w�§�Â�°�æ�t�m

�M�o�G�”�t�±�ï�Ó�ç�›�˜�”�\�q�U���É�s���«�å�µü�¨�ð�J�t�S

�M�o���®�p�K�”�}�\�•�t�‘�“�|���Š	��O�x Random Forest �›

�Õ�”�µ�q�`�h���«�å�µ�ð�J�t�S�Z�”�¶	6�w�®�p�=�t�b�;�U�D�ó
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