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Blast furnace stockline prediction by segmented linear-regression and
dynamic weighting neural network

JIANG Zhao-hui, LI Xi-yue†, GUI Wei-hua, XIE Yong-fang, YANG Chun-hua
(School of Information Science and Engineering, Central South University, Changsha Hunan 410083, China)

Abstract: Because of difficulties in continuously measuring the blast furnace stockline precisely, we propose a new
prediction method based on segmented linear-regression (SLR) and dynamic weighting neural network (DWNN). Accord-
ing to blast furnace burden distribution schemes and data characteristics of blast furnace stockline, we design a combined
division method based on the time series of radar and the mechanical stock rod data to extract periodical variation features
of the blast furnace stockline. Then, a segmented linear-regression model is built based on the periodical variation features
which help to obtain regression curves that precisely reflect the change of stockline. Finally, we take regression statistical
indexes as coefficients of the regulation weights, and construct a dynamic weighting radial basis function (RBF) neural
network model to predict the information of the blast furnace stockline. Case study indicates that the proposed method
combines the high-precision of mechanical stock rod data with the continuity of radar data, and provides with real-time
prediction for blast furnace stockline information effectively.
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1 ÚÚÚóóó(Introduction)
p¬� ´p¬Ù�ö�¥���­�N�ëê,

Ùÿþêâ�O(5ÚëY5Ø=´Jp)��Ç

Ú�yp¬¬¹^17�^�,
�´Uõ�¡©Ù
/GÚÙ�°Ý�­��â. Ïd,¢�O(/¼�
p¬� &EéUõp¬Ù�!̀ z¬Suí6©

Ù!Jpp¬�þ!ü$UÑ!�yp¬^1äk­

�¿Â.

8c2�¦^�p¬� uÿÃãÌ�kÅ�&
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±ëY¼�p°Ý�� uÿ&E,�U��m¬Á
��9ÏÃã½^u�¡©Ù�½5©Û[4–6]. ï�
�¡,dup¬�õL§E,,XÚ�ëêm�3Ø
��(½�E,ÍÜ'X,AO´¬��ÑeüL§,
�3�õ���K�Ï�,¦�� �Czäk�½
��Å5ÚØ(½5,Ïd8cÏL©Û¬�$Ä5
Æïá�Ù��.J±¢y� �°(O�[7–8]. p
¬� uÿÚï�°ÝØp,O\
p¬� ýÿ�
JÝ.
nþ¤ã,yk�uÿ�{Úï��{J±Ó�

¢yép¬� ëY�p°Ý�uÿ,¦�Ù�ö�
äk�½�_85,K�
Ù�ö��Ün5ÚS�
5. �d�©(ÜÅ�&ºuÿ°ÝpÚX�ëYÿ
þ�A:,JÑ
�«ÄuÅ�&ºÚX�uÿêâ
KÜ�p¬� &E¢�ýÿ�{. ÙõUµãX
ã1¤«.

ã 1 � &EýÿõUµã

Fig. 1 Flowchart of stockline information prediction

Äk,ÏLéÅ�&ºÚX��uÿêâ?1©
Û,(Üp¬Ù��ÝJÑ
�«�éX�uÿêâ
��5�mS�ÚÅ�&ºuÿêâlÑ�mS�

�éÜy©�{,J�Ñp¬� �±Ï5CzA�;
Ùg,ò�5£8nØ�� �±Ï5CzA��(
Ü,�ï©ã�5£8�.,¼�� £8­�;,�,
±� £8­�Ú�c�ó¹ëê�Ñ\,±£8Ú
O�I��­N!ëê,�ïÔöÑ\��,|^Ä
�\�RBFNýÿ�{é� &E?1¢�ýÿ.

2 ©©©ããã���555£££888���... (Segmented linear-
regression model)
p¬U1Ù�,z1�©�\�Ú��ü��ã.

z1��\��mÏ~�1.5 min�m,\���?\
ê©¨����m,��(å�q?\\��ã,�
gÌ�.Ïd,p¬� ¥±Ï5Cz. ±,gcè�
p¬�~,ÏL©ÛÙ� uÿêâ��,� �p
ÝCq�äk±Ï5�©ã�5A�,Xã2¤«,Ù
p�I´�¡�¬º�ål,¤±� ê�eü�L
�¡þ,=\��ã,���¢S�¡eü=���
ã. ã2¤«�ù�5Æ5Ù��Ý��©�ïÄJ
ø
­��â.

ã 2 � uÿêâã

Fig. 2 Industrial data of stockline

\��ãÚ���ã�� CzÌ�É\��Ý

Ú�Ñ�Ý�K�.3n�ó¹e,\��ÝÚ�Ñ
�ÝCq!�[9],ù�� uÿêâ¥¥yÑ�Cq
©ã�5A��¬Ü.Ïd,�©ÏLJ�� uÿ
êâ¥�±Ï5CzA�5ïáp¬� Cz�..

2.1 ���   ±±±ÏÏÏ555CCCzzzAAA���JJJ��� (Extraction of
periodical variation features of stockline)
3p¬¢S)�L§¥,X��¢y� �Cq

ëYÿþ(æ�±Ï�10 s),Å�&º�3z1Ù��
���mÿþ�g. Ïd,X�uÿêâ���±Ï
5Cz��mS�,
Å�&ºuÿêâK´��m
����lÑ�mS�,X�ÚÅ�&ºuÿêâ�
mS��z�êâü��±Ä������|(t, l),
Ù¥: t��mCþ; l�� uÿ�.�ÑXe½Â:

½½½ÂÂÂ 1 X�uÿêâ�mS�Q�k�8

{(t1, l1), (t2, l2), · · · , (tp, lp)},�÷vtj < tj+1(j =
1, 2, · · · , p− 1);Å�&ºuÿêâ�mS�R�k
�8 {(tR0 , lR0), (tR1 , lR1),· · ·, (tRn

, lRn
)},÷v tRi

< tRi+1(i = 0, 1, · · · , n− 1). Ù¥: p�X�êâæ

��ê; n�Å�&ºêâæ��ê.

X�ÚÅ�&ºuÿêâ/¤�ü��mS�3

�mþäk�½�'éÝ,ÏdÏLéÜy©,�±
¼�� �±Ï5©ã�5A�. éÜy©�äNÚ
½Xe:

ÚÚÚ½½½ 1 ±Å�&ºuÿêâ�m:tRi
(i = 0,

1, · · · , n)�ÄO,3X�uÿêâ�mS�¥y©
Ñn�&ºuÿ±Ï;

ÚÚÚ½½½ 2 3z�&ºuÿ±Ï¥,(½X�uÿ
êâ�mS��4�;

ÚÚÚ½½½ 3 �â�cÙ�ö��ÝÚÅ�&ºÿ

þ��(½� �����Ú�����m��,¿
éÚ½2¤��X�uÿêâ4�?1çÀ,¼�z
�&ºuÿ±Ï¥X�uÿêâ����:Ú��

�:,P�(tmaxi
, lmaxi

)Ú(tmini
, lmini

), i = 1, 2, · · · ,

n;
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ÚÚÚ½½½ 4 éu��±Ï¥Ñyõ������

�4�:��¹,��3�cÚ��ü����4�
:;²Ú½3ÚÚ½4çÀÑ����:Ú���:=
�z�±Ï\��å©:Úª�:;

ÚÚÚ½½½ 5 ±\�å©:y©Ñn�Ù�±Ï,�
�� �±Ï5©ã�5A�.

� �©ã�5A�L«Xe:

8ÜUi = {(tj, lj) ∈ Q, (tRi
, lRi

) ∈ R | tmini
6

tj 6 tmaxi
},P�1i�±Ï�þ,ã� S�;

8 ÜDi ={(tj, lj)∈Q | tmaxi
6 tj 6 tmini+1},P

�1i�±Ï�eüã� S�;

8ÜL={Li | Li ={Ui, Di}, i=1, 2,· · ·, n},P
�X�ÚÅ�&ºuÿêâ�mS��éÜy©8.
éÜy©Xã3¤«.

ã 3 X�ÚÅ�&ºuÿêâéÜy©«¿ã
Fig. 3 Combined division for the data of radar and mechanical

stock rod

Xã3¤«,z�&ºuÿ±Ï¥k��\�å©
:Ú��\�ª�:;±\�å©:y©Ù�±Ï,
z±ÏSeüã�\��ã,þ,ã����ã,&
ºuÿ��3���ã¥.

2.2 ÄÄÄuuuÙÙÙ������ÝÝÝ���©©©ããã���555£££888ïïï���(Segment-
ed linear-regression modeling based on burden
distribution schemes)
Å�&º����>ªÿþ��,°ÝÚ­½5

p,Ùuÿ��� &E´p¬¢S)�¥^u½þ
N�Ù��Ì�ë��â. Ïd,�©òÅ�&º�
uÿêâÀ�ÃØ��� ý�,òÙ��ÄO:?
1ï�. ���Ù�±ÏSÅ�&ºuÿêâ�
k1�,Ã{�NÙ�±ÏS� �Czª³,Ïd,
I�(ÜX�uÿêâ�±Ï5©ã�5A�,J�
X�uÿêâ�mS�¥�±Ï�ª,ïá� Cz
�..

©Û��±ÏS�X�uÿêâ�mS���,
X��� uÿ���mCþ¥Cq�5'X,�d

uX�uÿêâ°(ÝØp,�´Ú\D(Z6��
ÅØ�,ù«'XJ±^��(½�¼ê5L�.Ï
d,�©æ^£8©Û[10]éü�±Ï�X�uÿêâ

�mS�?1©Û,±�ØX�êâ¥�ÅØ��5
�K�,¿ò�5£8nØ�� �±Ï5CzA:
�(Ü,�ï©ã�5£8�.,ÙL§Xe:

1) ïá£8*ÿ�§.

�ü�±ÏS�X�uÿêâ�mS��Qi =
{(t1, l1), (t2, l2), · · · , (tm, lm)},Kü�±ÏS©ã�
5£8�§�

l =

{
ad + bdt, t1 6 t 6 tmin,

au + but, tmin 6 t 6 tm,
(1)

Ù¥: ad, bd�\�ã£8Xê, au, bu���ã£8

Xê, tmin���±ÏS� �����:,=\�ª
���.

�X�� uÿ�l�ÿþ�ÅØ��ε,X�u
ÿ�mt�ÿþØ�ØO,Kü�±ÏSX�uÿê
â���©ã�5£8�*ÿ�§�

lj =

{
ad + bdtj + εj, t1 6 tj 6 tmin,

au + butj + εj, tmin 6 tj 6 tm,
(2)

Ù¥j = 1, 2, · · · ,m. �â� �mS�éÜy©8,
òü�±ÏS£8�§(1)*Ð�õ±Ï,=éX�u
ÿêâ�mS�Q,�ïn�±Ï�©ã�5£8�

§:

l=
n∑

i=1
li =

n∑
i=1

{
adi

+bdi
t, tmaxi

6 t 6 tmini
,

aui
+bui

t, tmini
6 t6 tmaxi+1 ,

(3)

Ù¥: tmaxi
, tmini

©O�1i�±ÏS� ���Ú�

����:,=\��å©��Úª���; adi
, bdi

©O�1i�±ÏS\�ã£8Xê, aui
, bui
©O�

1i�±ÏS��ã£8Xê.

d£8�§(3),��õ±ÏX�uÿêâ�mS
��©ã�5£8*ÿ�§�

lij =

{
adi

+ bdi
tij + εij, tmaxi

6 tij 6 tmini
,

aui
+ bui

tij + εij, tmini
6 tij 6 tmaxi+1 ,

(4)

Ù¥: i = 1, 2, · · · , n; j = 1, 2, · · · ,mi;mi�1i�

±Ï�X�uÿêâS�:ê; (tij, lij)K�1i�±

Ï�1j�X�uÿêâS�:, εij�T:�ÿþØ

�"

�O(£ã� �¢SCz,InÜ©ÛX�Ú
Å�&ºuÿêâ. òÅ�&ºuÿêâS�(tRi

,

lRi
), i = 1, 2, · · · , n,��ÄOë�:\\�ª (4)

¥,�ïXª(5)¤«�ÄuX�ÚÅ�&ºuÿêâ
�©ã�5£8�.:
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lij =





bui
tij − bui

tRi
+ lRi

+ εij,

t′mini
6 tij 6 tmaxi+1 ;

adi
− aui

+ bdi
tij − bui

tRi
+ lRi

+ εij,

tmaxi+1 6 tij 6 t′mini+1
,

(5)

Ù¥: i = 1, 2, · · · , n; j = 1, 2, · · · ,mi; t′mini
�±Ï

y©:,½Â1i�±Ï�þ,ã¼ê�l = lupi
(t),

eüã¼ê� l= ldni
(t),Kt′mini

÷vldni−1(t′mini
) =

lupi
(t′mini

).
ª(5)´²LKÜ?���� ©ã�5£8�

.,�k�KÜÅ�&ºÚX�uÿêâ,3ØUC
©ã�5A��cJe,ò���ã½Â�±Ï�m
©,¿�3é\�ª���tmini

�N�Ä:þ(½±

Ïy©:t′mini
,¦�±Ï�±ëY.

©ã�5£8�.«¿ãXã4¤«.

ã 4 ©ã�5£8�.«¿ã
Fig. 4 Schematic diagram of the segmented linear

regression model

2) �O�.ëê.
æ^���¦{�Oª(5)¥�ëêaui

, bui
, adi

,

bdi
, i = 1, 2, · · · , n. ±þ,ã�~,-




Q(aui
, bui

) =
mupi∑
j=1

(lij − aui
− bui

tij)2,

Q(âui
, b̂ui

) = min
aui

, bui

Q(aui
, bui

),
(6)

Ù¥mupi
�1i�±Ï�þ,ãX�uÿêâS�:

ê.
éª(6)?1�5�§|¦),�¦�aui

, bui
��

��¦Ã �O��



b̂ui
=

mupi∑
j=1

[
(tij − t̄i)(lij − l̄i)

]

mupi∑
j=1

(tij − t̄i)2
,

âui
= l̄i − b̂ui

t̄i,

(7)

Ù¥: t̄i =
1

mupi

mupi∑
j=1

tij, l̄i =
1

mupi

mupi∑
j=1

lij .

Ón�¦� adi
, bdi
����¦Ã �O� âdi

,
b̂di

.
3) ©ã�5£8�.�wÍ5u�.
±£8�.�1i±Ï�~,3ª(5)¥, tij?�£

8�P�l̂ij ,Ktij?�í��lij − l̂ij ,Ù£8²�Ú
SRi
9í�²�ÚSei

©OXe:

SRi
=

mi∑
j=1

(l̂ij − l̄i)2, Sei
=

mi∑
j=1

(lij − l̂ij)2,

K�5£8©Û�F u�ÚOþ!R2u�ÚOþ

(R´�'Xê)ÚIO��Ã �O��



Fi =
SRi

Sei
/(mi − 2)

,

R2
i =

Fi

Fi + (mi − 2)
,

σ̂i =

√
Sei

(mi − 2)
.

(8)

éu�½�wÍ5Y²α,£8�.äkwÍ5�
�ä^��Fi > F1−α(1,mi − 2). R2

i�N
X�u

ÿêâá\£8�.�&«m�·¥Ç.£8�.3
�O�l̂io?�1− α��&«m�[l̂io − δo, l̂io + δo],
Ù¥:

δo = t1−α/2 (mi−2) σ̂i

√√√√√
1
n

+
(tio− t̄i)

2

mi∑
j=1

(tij − t̄i)
2

, (9)

FÚR2´©ã�5£8�.�ü�Ì��u�ÚO

þ,Ù��p,K� uÿêâ�©ã�5A��w
Í,=¤ï�.�� uÿêâ�mS��¬ÜÝ�
p.

2.3 ©©©ããã���555£££888ïïï���(((JJJ©©©ÛÛÛ(Analysis of
segmented linear-regression modeling result)
ª(5)£ã�´KÜ
X�ÚÅ�&ºuÿêâ�

©ã�5£8�.,Q�y
Å�&º�� °Ý,
qk�KÜ
X�uÿêâ¥ëY�� &E.
éï�(J?�Ú©Û,ª(5)¢�þ´��£8

©Û�*ÿ�§,£ã
z�uÿ���ÙéA� 
��'X,Ù¥�¹
z���:�£8þ�Ú�Å
Ø�üÜ©. ���Ä£8þ�
Ø�Ä�ÅØ��,
��éA�£8�§Xe:

li =





bui
ti − bui

tRi
+ lRi

,

t′mini
6 ti 6 tmaxi+1 ;

adi
− aui

+ bdi
ti − bui

tRi
+ lRi

,

tmaxi+1 6 ti 6 t′mini+1
.

(10)

2-a′ui
= lRi

−bui
tRi

, a′di
= adi

−aui
+lRi

−bui
tRi

,
Kª(10)�±U��

li =

{
a′ui

+ bui
ti, t′mini

6 ti 6 tmaxi+1 ,

a′di
+ bdi

ti, tmaxi+1 6 ti 6 t′mini+1
.

(11)
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ª(11)¥, a′ui
�a′di

©OL����ãÚ\��ã

� �p$Y², bui
�bdi

©OL����ãÚ\�

�ã� �Cz�Ý, t′mini
�tmaxi+1©OL�\��

ª���Úå©��.

dd©Û��,ª(5)¤«�©ã�5£8�.é
A�£8�§Ny
� Cz���'�&E,Ó�
k�/KÜ
X�ÚÅ�&º�uÿêâ. T©ã�
5£8�.�Ñ
z�±ÏS���ãÚ\��ã

�� Cz£ã,¿±L�� p$Y²!� Cz
�ÝÚ\�å����6�A�ëê(a′ui

, a′di
, bui

, bdi
,

t′mini
, tmaxi+1)���.��ªÑÑ(J.d	,�â

ª(9)��Ñ� ÅÄ��&«m.

3 ÄÄÄuuuÄÄÄ���\\\���   ²²²���äää���ppp¬¬¬���   &&&

EEEýýýÿÿÿ(Blast furnace stockline information
prediction based on DWNN)
du¢Só¹¥K�� Cz�Ï��©E,,

��3�½��Å5ÚØ(½5,Ïd�©3ïáp
¬� ©ã�5£8�.�Ä:þ,ÏL�­N!�
ïÑ\��,¿(Ü ²�äé� ?1ýÿ.

 ²�ä,AO´»�Ä ²�ä(radial basis
function networks, RBFN)�2�^u�mS�ý
ÿ[11–13]. Cc5,kÆör ²�äÚ�
DÚ�.
�KÜ,JÑ
C�­� ²�ä,X©[14]¥JÑ

�«�£8�­�»�Ä ²�ä�.,T�.¥
RBFN�ÑÑ�­Ø´ü��~þ,
´Ñ\Cþ�
�5£8¼ê. �ép¬� �CzA:,�©ÏL
é� ©ã�5£8�.�ëê?1�¢5©Û,(
Üp¬)���'ó¹ëê,|^£8©Û�wÍ5
u�ÚOþ�����­N!Xê,±RBFN�Ä:,
JÑÄ�£8\�RBFN� ýÿ�{,ép¬� 
&E?1¢�ýÿ.

3.1 ÔÔÔööö������(((���(Structure of training sample)

3.1.1 ���   ���...ëëëêêê������¢¢¢555©©©ÛÛÛ(Time-lag cor-
relation analysis of the stockline model pa-
rameters)

éuª(11)¥�6�A�ëê,½ÂÝ
Pi =(a′ui
,

a′di
, bui

, bdi
, t′mini

, tmaxi+1)T6×1�1i1g�� �.

A�ëê. Pi¥L�� p$Ú� Cz�Ý�

c4�A�ëê�3�½��¢5,�Ï3u: 1)3p
¬)�L§¥,Ù�U1g?1,{¤1g�� u
ÿ&E��û½
�c1g�\�þÚ\��Ý;
2)p¬�õ´�.5L§,�c�Ï�ó¹Éc��
Ïó¹�K�,Ïd�c1g��ã�� p$Ú�
 Cz�Ý(=�Ñ�Ý)�Ù{¤�ké�'é. Ï
d,�©é¤ï� �.�a′ui

, bui
, a′di

, bdi
4�ëê

?1�¢�'5©Û,©OO�§��c1gêâ�

Ù{¤1gêâ�Pearson�'5,|^{¤� A�
ëêé�c� ?1ýÿ. �¢5©Û(JXL1¤
«.

L 1 � �.A�ëê�¢5©Û(J
Table 1 Time-lag analysis of the stockline model

parameters

Pearson
�'5

i− 1 i− 2 i− 3 i− 4 i− 5

a′ui
0.701 0.712 –0.632 –0.554 0.439

a′di
–0.718 0.721 –0.673 0.583 –0.564

bui 0.789 0.737 –0.643 –0.579 0.516
bdi

–0.910 0.839 –0.806 0.786 –0.676

�'5©Û(JL²,c3�þ30.05Y²(Vý)
þwÍ�',��'Xêýé��u0.6. Ïd,À�
c 3�1gA�ëê��ýÿÑ\Cþ,P� {Pi−3,

Pi−2, Pi−1}. d	,Å�&ºuÿêâJi = (tRi
,

lRi
)T2×1��ÄO:,é� �ýÿäkû½5�^,

Ïd�À�c3�1g�Å�&ºêâ��ýÿÑ\
Cþ,P�{Ji−3, Ji−2, Ji−1}. ÑÑ��d�c1g
U
L�� Cz�ÝÚp$Y²� 4�� �.A
� ë ê � ¤,½ Â � Ý 
Pouti

= (a′ui
, a′di

, bui
,

bdi
)T4×1.

3.1.2 óóó¹¹¹ëëëêêê������'''555©©©ÛÛÛ(Correlation analy-
sis of working condition parameters)

\��Ý�Ù�ö�k��'X,
p¬�)�
ó¹�K�X�Ñ�Ý.Ïd,?1� ýÿ�©Û
p¬¢�ó¹ëêé� �K�kÏuJpýÿ°

Ý.�Ù��m�'�ëêÌ�k: Ù��êÚÙ�
å©��;�\��Ý�'�ëêÌ�k: �6zm
ÝÚ.ø=�;��Ñ�Ý�'�ëêÌ�k: ¬º
§Ý!¬ºØå!ºþ!º§�. òù
ó¹ëê©
O�Ó1gÑÑ��¥�A�ëêbu, bd?1�'5

©Û,(JXL2¤«.

L 2 ó¹ëê�'5©Û(J
Table 2 Correlation analysis of working condition

parameters

Pearson
�'5

Ù�

�ê

Ù�

��

�6z

mÝ

.ø

=�

bu 0.405 0.128 0.627 0.431
bd 0.234 0.376 0.818 0.647

Pearson
�'5

º§ ºØ ºþ º§

bu –0.741 –0.640 0.717 0.602
bd –0.615 –0.574 0.589 0.392

�â©Û(J,À��'5����6zmÝ
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vi!¬º§Ýti!ºþfi 3��có¹ëê�ýÿÑ\
Cþ,¿½ÂÝ
Oi = [vi ti fi]T3×1�1i±Ï�ó

¹ëê.

nþ��,� ýÿ�ÔöÑ\���d3Ü©|
¤: 1){¤� uÿêâ�A�ëê{Pi−3, Pi−2,

Pi−1}; 2){¤�Å�&ºÄO:{Ji−3, Ji−2, Ji−1};
3)p¬�có¹ëêOi. ÑÑ����¹�c1g4
�� �.A�ëê�Ý
Pouti

. Ôö���(�X
ã5¤«.

ã 5 Ôö��(�«¿ã

Fig. 5 The structure of training sample

3.2 ÔÔÔööö������������­­­NNN!!! (Weights regulation of
training sample)
�Ñyó¹ÅÄ½�3âu5Z6�,X�uÿ

êâÚ\��ÅØ�O�,Ly�êâ��5£8�
§wÍ5ü$,d�ÄuX�uÿêâS��£8�
.A�ëê�&Ý�$,� �ýÿ��6ó¹ëê;
�ó¹�­½�,X�uÿêâ��ÅØ���,L
y�êâ��5A�wÍ,d�£8�.A�ëê�
&Ý�p,ó¹ëê��^�·�ü$. duL�£
8�§wÍ5�u�ÚOþFÚR2�N
X�uÿ

êâÚ\��ÅØ���,Ïd�òÙ��ïþ£8
�.A�ëê�&Ý��I.dª(8)��,�'X
êR��C1,K�5£8�§wÍ5�p,��R�

ªC0,K�5£8�§wÍ5�$,Ïd�©±�'
XêR��5¼ê���­N!Xê,éÔöÑ\�
���|¤Ü©?1�­N!.

éuª(5)¤«�£8�.,1i±Ï�A�ëê�

Pi,PéA��'Xê�ri. ¿�Xe½Â:A�ëê
Ý
P = (Pi−3, Pi−2, Pi−1)T18×1,ÄO:Ý
J =
(Ji−3, Ji−2, Ji−1)T6×1,N���A�ëêÝ
�P ′ =
(P ′

i−3, P
′
i−2, P

′
i−1)

T
18×1,N���ó¹ëê�O′

i. k
�­N!úªXe:




P ′
i−j = ri−jPi−j, j = 1, 2, 3,

O′
i = woOi,

wo = 1− 1
n

n∑
j=1

ri−j, n = 3,

(12)

Ù¥: ri−j�A�ëêPi−j��­N!Xê, wo�ó

¹ëêOi��­N!Xê. N���� �.A�ë
êP ′!ó¹ëêO′

iÚÄO:J�¤� ýÿ�ÔöÑ

\��. Ôö���­N!Xã6¤«.

|^¢�¦)��'XêRéÑ\Cþ?1Ä�

\�,�ü$ÏZ6Úó¹ÅÄé� ýÿ�5�K
�.

ã 6 Ôö���­N!«¿ã
Fig. 6 Schematic diagram of regulating training

sample weight

3.3 ÄÄÄ���£££888\\\���RBFN���   ýýýÿÿÿ (Stockline
prediction by dynamic regression weighting
RBFN)
3E,ó¹¥,du�3éõ���K�Ï�,�

 �Cz�3�Å5ÚØ(½5;�dup¬U1Ù
��ó²A:,� �uÿ&E�3¢�. Ïd,|^
{¤� uÿêâÚ�có¹ëê,æ^Ä�\��
 ýÿ�{é�c� &E?1ýÿ,U�p¬)�
Ù�ö�Jø���^,~�Ù�_85. Ä�£8
\�RBFN� ýÿ�{«¿ãXã7¤«.

ã 7 Ä�£8\�RBFN� ýÿ�{«¿ã
Fig. 7 The stockline prediction method based on dynamic

regression weighting RBFN

T�{Äké{¤� uÿêâ?1éÜy©J

�� �±Ï�ª,2ÏL©ã�5£8ïá� C
z�.,¢yéX�ÚÅ�&ºuÿêâ�KÜ,¼
�{¤1g�� �.A�ëêP±9�A�wÍ5

u�ÚOþ(FÚR2),?
��ÚO¿Âþ°(�ë
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Y�{¤� £8­�Ú�&«m. 3��{¤1g
�£8�.A�ëêP�,±{¤Å�&ºuÿê
âJ�ÄO:,\þ�c�ó¹ö�ëêQi,¿±£
8ï�����'XêR�ï�­N!¼ê,�ïÔ
öÑ\��,±RBFN�Ä:,é�c� &E?1¢
�ýÿ.

Týÿ�{�ÑÑ��c±Ï�� �.A�ë

ê,±dA�ëê�±���c±Ï�� £8­�,
T£8­�=�� �ýÿ£8­�.
ÏLéX�
ÚÅ�&ºuÿêâ©ã�5£8ï�¼��� 

£8­�K´� �Ï"£8­�.òýÿ£8­�
�Ï"£8­�?1é',O�z�uÿ��:�ý
éØ�Ú�éØ�,¿ÚO�éØ��VÇ©Ù,=
��Ñýÿ�{�°Ýµd�I,°Ý�pKýÿ�
J�Ð.

4 ¢¢¢~~~���yyy(Example verification)
±,õc�2650 m3p¬�~5�y¤J�{�

Ün5Úk�5.

4.1 ���   ���©©©ããã���555£££888ïïï���(Segmented
linear-regression modeling)
À�2013c12�1Ò�2013c12�31Ò�êâ?

1©Û.Äk,Äu�©JÑ�éÜy©�{éÅ�
&ºÚX�uÿêâ?1y©,Ü©� �mS�é
Üy©(JXã8¤«,�±wÑ� äk±Ï5©
ã�5A�.

ã 8 � �mS�éÜy©(J

Fig. 8 Combined division result of stockline time-series

Ùg,éX�uÿêâ�mS�?1©ã�5£
8©Û,��X�uÿêâ�mS��£8�§Ú�
&«m(wÍ5Y²α = 0.05). ÏLí�©ÛéÑÉ
~:¿üØ,±�y£8(J�°(Ý.±����
�ã�~,Xã9¤«�í�©Ûã,í���&«m
3":±	��É~:,^n�/ÎÒIP;£8©
Û(JXã10¤«,�&«mºX
95%�X�uÿ
êâ.

ã 9 X�uÿêâS�í�©Ûã

Fig. 9 Residual analysis of radar data

ã 10 X�uÿêâS�£8©Û(J

Fig. 10 Regression analysis of radar data

,�,(ÜÅ�&ºuÿêâS�,éX�uÿê
âS��£8�.?1?�,¿N�±Ïy©:¦�
±Ï�±ëY.Ó�/,� ��&«m��Ün�
N�. N���� ©ã�5£8(JXã11−13¤
«.

ã 11 ó¹­½�� ©ã�5£8ï�(J
Fig. 11 Segmented linear-regression modeling result under

stable working condition
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ã 12 ó¹ÅÄ�� ©ã�5£8ï�(J
Fig. 12 Segmented linear-regression modeling result under

fluctuant working condition

ã 13 ó¹É~�� ©ã�5£8ï�(J
Fig. 13 Segmented linear-regression modeling result under

abnormal working condition

dã11��,ó¹­½�(Å�&º31.5∼ 1.6 m
NC),X�uÿêâ��O(, 97%�êâÑá\

�.�Ñ��&«mS,��¤ï�©ã�5£8�
.U
O(/£ã� �Cz;dã12Úã13��,
ó¹ÅÄ½öÉ~�(Å�&ºuÿêâ�u1.8 m),
X�uÿêâ ���,d�¤ï�.U±Å�&º
uÿêâ�ÄO:,éX�uÿêâ?1?�,¢y

é� &E�O(£ã.

4.2 ���   &&&EEEýýýÿÿÿ(Prediction of stockline informa-
tion)
À�{¤A�ëê!Å�&ºuÿêâÚ�có

¹ëê�ïÔö��1500|,ÿÁ��500|,Äu¤
JÑ�Ä�\� ²�äýÿ�{é� &E?1

ýÿ,ýÿ(JXã14¤«.

dã14¤«�ýÿ(J��,ýÿ£8­��Ï
"£8­�Czª³�±��,\��ã(eüã)ü
^­�Ä�¬Ü,���ã(þ,ã)ýÿ­��k 
�. Ù�Ï´du\��ã�� CzÌ�É\��
ÝK�,
Ôö��¥À���6zmÝù�ó¹ë
ê���N
\��Ý,Ïd�y
\��ã�ýÿ
°Ý;���ã�� CzÌ�É�Ñ�ÝK�,

K��Ñ�Ý�Ï�Ø
Ôö��¥�¹�º§!

ºþ�ó¹ëê	,��3Ù¦E,�ÍÜÏ�,�
���ã�ýÿ°Ý'\��ãÑ$.

ã 14 � &Eýÿ(J

Fig. 14 Prediction results of stockline information

ýÿ�ýéØ�!�éØ�ÚØ�VÇ©Ùã©

OXã15−17¤«.

dã15�ã17��,ýéØ��ýé�þ�u
0.16 m,�éØ��u11%,VÇ�Ý©Ùã¥, 95%
�ýÿ���éØ�$u9%,L²�©�Ä�£8\
�RBFN� ýÿ�{3ó¹E,��¹eU
¢y
ép¬� &E�k�ýÿ,~�
p¬Ù�ö��
_85,�p¬)�\�ö�Jø
¢S���^.

ã 15 ýÿ�ýéØ�

Fig. 15 The absolute errors of prediction results

ã 16 ýÿ��éØ�

Fig. 16 The relative errors of prediction results



1 6Ï ö���: ©ã�5£8ÚÄ�\� ²�äKÜ�p¬� ýÿ 809

ã 17 �éØ�VÇ©Ù

Fig. 17 Probability distribution of relative error

²¢~�y,3p¬� &Eýÿ¥,Äuêâ�
 ²�äýÿ�{´�1�. du8c�ép¬� 
&Eýÿ�ïÄ��,�©JÑ
©ã�5£8ÚÄ
�\� ²�äKÜ�p¬� ýÿ�{,Ù¦Äu
êâ�ýÿ�{�k|±�þÅ!4�ÆSÅ�,Ù
´Ä��^up¬� &Eýÿ,�k�?�ÚïÄ.

5 (((ØØØ(Conclusions)
�©�ép¬� J±ëY�p°Ýuÿ�¯K,

JÑ
�«Äu©ã�5£8ÚÄ�\� ²�ä

�p¬� &E¢�ýÿ�{. Äk,ÏL©Ûp¬
Ù��ÝÚ� uÿêâA:,3éX�ÚÅ�&º
uÿêâ�mS��éÜy©Ä:þ,�ï©ã�5
£8�.,¼�UO(£ã� Cz�£8­�;,
�,Äu©ã�5£8�.,±£8ÚO�I��­
N!Xê,\\ó¹ëê,|^Ä�£8\�RBF 
²�ä,¢y
� &E�¢�ýÿ. nØ©ÛÚ¢
~�yþL²,¤J�{¿©KÜ
Å�&ºuÿê
â°ÝpÚX�uÿêâëY5Ð�`:,�±��
O(�N� Cz�£8­�,¿¢y
� &E�
¢�ýÿ.
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