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摘要: 回顾国内外洪水预报实时校正的产生背景, 评述其理论与方法的发展历程。在此基础上, 将实时校正方法归

纳为终端误差校正和过程误差校正两类,并梳理出各自的典型校正方法以及联合校正方法,概述不同方法的研究成

果及进展。重点介绍其中的反馈模拟技术、误差自回归算法( A R )、递推最小二乘算法( RL S)、卡尔曼滤波技术

( K F)和动态系统响应曲线算法( DSRC)等 5种代表性的实时校正技术, 阐述其计算过程,并分析其特点与适用性。

对洪水预报实时校正的未来发展方向及研究热点进行了展望。
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  洪水预报作为最重要的防洪非工程措施, 担任

着防汛工作的/耳目0/参谋0与/尖兵0 [ 1]。提前获得

准确及时的预报,可减轻甚至避免洪灾损失, 有效管

理和保护水资源,为防汛决策和水库调度提供科学

依据, 具有显著的经济价值和社会效益 [ 2] 。但由

于自然的复杂及人类认识的局限, 预报过程中不

可避免地存在着误差。洪水预报过程包括模型输

入、模型结构及参数、状态变量初值和测量等诸多环

节[ 325] ,产生于这些环节的误差将导致最终的预报结

果与客观实际值有偏差, 从而影响洪水预报模型的

预报精度。因此,为了使结果更切合实际,必须对洪

水预报误差进行修正, 以保证预报模型的实用性和

有效性。

实时洪水预报误差修正, 也称为实时校正,

是指依据洪水预报过程中不断采集的实时信息

(实测信息、预报信息等) , 对预报的输入、模型参

数、状态变量或预报值等合理校正, 进而实时地

降低洪水预报误差 [ 628 ]。实时校正流程见图 1,

In( t- D)表示( t- D)时刻的实测模型输入,经模型

计算,得到预见期 D 时段后 t 时刻的模型预报值或

输出值 Out( t| t- D) , 这些输出值可以是流域出口

断面的流量(水位) ,也可以是模型参数、流域土壤含

水量等。当获得 t 时刻的相应实际观测值 Obs( t )

后, 根据模型预报值和实际观测值之间的联系, 建

立校正模型,将校正后的结果重新进行模型计算,

得到校正后的模型输出 Out( t)。对下一时刻( t+ 1),

根据该时刻的模型输入 In( t+ 1- D)及上一时刻

t校正后的输出 Out ( t- 1) , 进行相同的模型计

算和误差校正步骤, 得到( t+ 1) 时刻的校正后模

型输出 Out ( t+ 1)。重复上述过程, 则可实现预

见期为 L 时段长, 即从 t~ ( t+ L )的洪水过程实

时校正预报。
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图 1  洪水预报实时校正计算流程

  本文对国内外的洪水预报实时校正方法进行归

纳分类和简要评述, 着重介绍其中的 5种代表性实

时校正技术,并对未来实时校正方法的发展趋势进

行展望。

1  洪水预报实时校正发展历程回顾

1. 1  国内外前期研究成果
20世纪 60年代, 系统科学领域中的/ SCI0 ) ) )

系统论( systems theo ry, S)、控制论( cyber net ics, C)

和信息论( inform at ion theo ry, I) , 逐渐进入成熟期,

其理论与技术也迅速在自然科学、工程技术、社会经

济等各个领域得到应用, 取得大量成果。1970年,

日本学者 H ino[ 1, 9]首次将卡尔曼滤波( Kalman filter,

KF)技术应用于水文预报问题,开创了这一方向研究

的先河。1978年, Wood等
[ 10]
完整描述了使用 KF 递

推算法进行降雨径流预报的流程。至此, 以 KF 理

论
[ 11]
为代表的一批信息处理和校正技术被逐步引入

到洪水预报领域中, 带动了第一次引入热潮。

基于 20世纪 70 年代的研究热潮和大量成果,

1978年美国地球物理学会( AGU )召开了一次国际

专题学术讨论会,研讨成果汇编成5KF 理论和技术

在水文学、水力学和水资源上的应用6论文集[ 1, 1 2]。

1980年 4月,国际水文科学协会联合世界气象组织

( WM O)又召开了一次国际水文预报学术讨论会,

该会议论文集的 46篇学术论文中, 有关 KF 理论

的就有 16篇 [ 1, 13] 。这两本论文集中汇编的研究成

果代表了当时该方向的国际最高研究水平, 例如

Ambrus [ 13]引入自校正预报器算法,在多瑙河 Buda2
pest2Baja河段运用 ARMA 模型(差分模型)进行实

时预报,取得精度较高的校正效果。

我国洪水预报实时校正的研究与应用主要兴起

于 20世纪 80年代, 相较于国外起步较晚。早期的

校正技术大多是人工经验修正方法 [ 6, 14216] , 即对于

一些洪水预报值误差较大的情况,根据专家经验对

洪水预报结果直接进行修正或采用回归分析手段修

正,以改善预报估计值。也有以时间序列分析为基

础的统计类方法, 建立预报误差与误差之间的自回

归模型, 从而根据已有的误差序列对未来的误差序

列进行预测。这些校正方法基本与预报模型本身分

离, 可以独立建模,操作简便。

20世纪 80年代前后, 我国水文预报模型研究

日新月异,从经验模型到概念性模型再到分布式模

型, 一批与水文模型集成的实时校正方法也开始涌

现并发挥作用。数据同化技术便是这类实时校正方

法中的代表, 能有效地提升水文模型的预报精度。

数据同化主要有滤波法和变分法两种
[ 17]

, 由于变分

法通常假定模型误差不随时间传播, 而在水文预报

中, 误差具有随时间传播的特性, 这与变分法的前提

假设不相符, 因此,在洪水预报误差修正中多采用滤

波法。1984年, 葛守西[ 18]将滤波法中的 KF 技术与

概念性水文模型进行耦合, 实现单独对产流预报动

态实时校正, 这是实时校正在技术上的一次重要突

破。此后,各种滤波算法(包括改进的 KF 技术) ,被

广泛地应用于各类水文模型的实时预报误差修正,

效果显著。

1. 2  国内外近期研究成果

20世纪 80年代后, 随着新理论的涌现和实际

应用需求的提升, 洪水预报实时校正的研究亦由浅

入深地向前发展, 其中一大特征是从校正数学算法

的直接引用发展到适应复杂洪水预报模型和校正模

型开拓性的应用研究。随之,各种后处理技术、校正

新方法应运而生。纵观这些校正技术与方法, 大体

上可以归纳为两类:一是终端误差校正方法( term i2
nal bias co rrect ion, T BC) ; 二是过程误差校正方法

( process bias co rrect ion, PBC)。

T BC的实质是不直接考虑预报逐环节 (子过

程)的误差以及误差在各子过程中传播,而是直接分

析处理最终流量或水位的预报误差(终端误差) , 对

终端误差进行校正, 以满足实时更新原预报值的目

标。T BC方法主要包括: ( 1)实测流量代入法
[ 19]

,将

预报流量(误差)写成前一个或多个时刻流量(误差)

的函数形式, 在每个新的预报时间点将其前的流量
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(误差)代入函数,就可达流量校正的目的。( 2)水文

模型流量预报实时校正法[ 4, 8, 20, 21] , 基于相关分析的

基本思想, 创建水文模型预报流量与实际流量之间

的相关校正模型,通过实时代入实际流量,实现对模

型预报流量的校正。( 3)误差自回归 ( auto2r eg res2
sive, AR)校正算法

[ 5, 22225]
, 计算预报流量与实测流

量之间的残差系列, 基于回归分析,构建多阶自回归

残差校正模型, 直接对流量预报结果进行误差修正。

( 4) 反馈模拟实时校正法 ( FACT 因子校正系数

法) [ 7, 26232] , 利用基于实际流量和预报流量共同构建

的 FACT 因子, 通过反馈模拟计算, 完成对终端流

量的校正。 ( 5) 基于水文相似预报误差修正方

法
[ 33, 34]

, 认为满足相似性的两个流域其预报误差也

满足相似性,则可根据相似流域不同的预见期,赋予

不同的最优误差修正因子, 进而构建预报误差校正

模型以修正最终预报结果。 ( 6) KNN 最邻近 ( K2
nearest neig hbor, KNN)校正法[ 35240] ,是一种统计自

动学习的方法, 基于回归分析,建立实测期预报误差

与预报时刻预报误差之间的校正模型, 寻找出与当

前预报情况最相似的 K 个历史流量过程, 利用反距

离加权,估计现时刻的预报误差,从而对现时刻终端

流量进行校正。( 7) BP( back pro pagat ion)神经网

络实时校正法
[ 41243]

, 是以 BP 算法的前馈神经网络

来模拟预报模型的非线性, 动态跟踪洪水预报误差

的变化,基于回归分析,构建预报误差的非线性自回

归模型,利用已有的预报误差分析出新的误差,进而

修正预报流量, 完成终端误差校正的目的。

PBC的本质是先对水文预报各个子过程(如降

雨、产流、汇流等)或预报模型的状态变量、参数变量

等进行误差校正,校正后再重新进行模型运算得到

新的预报值,通过降低预报各环节的误差,以达到降

低终端误差的目的。PBC 方法主要包括: ( 1)递推

最小二乘 ( recursive least squares, RLS ) 校 正

法[ 44246]。以预报误差平方和最小为目标, 递推估计

模型参数, 直至估计值达到满意的精度为止。该校

正法还包括其改进算法, 如基于固定遗忘因子的递

推最小二乘法、基于可变遗忘因子的递推最小二乘

法以及抗差递推最小二乘法等
[ 47250]

。 ( 2) KF 方

法
[ 18, 19, 46, 48, 51256]

。基于复杂系统的现代随机估计理

论和误差协方差最小的原则, 估计系统状态, 赋予现

时预报一定的权重比例, 从而校正系统的状态变量

(如预报模型参数、预报对象、预报误差等) , 以实现

误差实时校正。KF 可应用于任何的线性系统, 如

马斯京根矩阵方程描述的分段河道汇流系统[ 29, 5 7]。

对于非线性系统, 则可基于自适应滤波 ( adaptive

Kalman f ilter, AKF)、半自适应滤波( semi2adapt ive

Kalman f ilter, SAKF)、扩展卡尔曼滤波 ( ex tended

Kalman f ilter, EKF)、无迹卡尔曼滤波 ( unscented

Kalman f ilter, UKF)、集合卡尔曼滤波( ensemble

Kalman f ilter, EnKF)以及粒子滤波( par ticle f ilter,

PF)等滤波技术进行实时校正
[ 58262]

。( 3)基于 K 均

值聚类分析的实时分类修正方法
[ 63, 64]

。首先对大

量的历史降雨和洪水信息聚类, 分类后根据各类别

的特征, 分析实时的降雨和洪水所属类别(水平) ,根

据所属类别的模型参数,降低模型参数误差,进而对

原始预报流量值进行校正。( 4)动态系统响应曲线

( dynam ic system r esponse cur ve, DSRC)方法[ 65269]。

基于最小二乘估计原理,建立洪水预报模型的输入

与输出之间的动态响应系统,根据该响应系统, 由输

出变化量响应求得输入变化量, 通过输入变化量校

正输入误差, 再用校正后的输入重新进行洪水预报

计算得到校正后的输出。这个输入变量可以是模型

中的流域面雨量、产流量、土壤含水量或自由水蓄量

等任意过程变量和状态变量。对于 DSRC 方法在

实际应用中会出现的/振荡0现象, 可采用平稳约束

项来解决这些缺陷
[ 70271]

。最近也有相关研究应用基

于 DSRC理论的全过程联合校正方法,同时对输入

误差和模型误差进行联合校正
[ 72]
。

当然, TBC 和 PBC 这两类洪水预报实时校正

方法也不是截然分割的,有些实时校正技术既可以

用来校正终端误差, 也可以用来校正过程误差, 如:

( 1) RLS法可为两类实时校正方法的校正模型估计

参数 [ 44, 70, 73]。( 2)交互式修正方法可根据各种参考

信息,如降雨分布、气象云图、工程运用等, 进行修正

预报 值时间序列、模型参数、交 互修正信息

等
[ 3, 74, 75]

。( 3)贝叶斯方法可以通过综合考虑影响

洪水预报精度的内外因素以实现校正,其中,外部因

素是预报模型的输入及输出, 内部因素是预报模型

的结构、参数及状态[ 76278]。还可以联合采用多种校

正技术进行误差修正, 如: ( 1)将 3 种在线识别算法

(无限记忆、衰减记忆、有限记忆)与 3种滤波器(正

规、衰减记忆、自适应)组合, 形成多种联合运用的校

正方法
[ 79]
。( 2)联合 AKF 技术和 A R模型的实时

校正方法
[ 80]
。( 3)联合 RLS 算法与 AR模型的实

时校正方法 [ 81]。( 4)基于异联想技术及知识求精,

模仿生物大脑神经网络的信息联想行为,将所有实

时信息和历史信息与误差修正内容和修正算法联合

贮存起来,构成多信息源、多修正内容和多修正技术

的综合性修正方法[ 33, 82] 。( 5)结合人工神经网络技

术( art if icial neural netw ork, ANN )与 AR 模型的
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综合实时修正方法 [ 82284]。( 6)属于/ 后处理器0性质

的实时校正模型的优选误差修正方法[ 29] 。( 7)实时

校正和组合预报一体化的校正方法 [ 85]。

上述这些实时校正的理论与方法, 均被广泛地

应用于实际洪水预报工作, 在减灾防灾和促进水文

行业科技进步中发挥了重大作用。其实, 无论是属

于哪类洪水预报实时校正方法,其本质都是通过各

种数学算法(实时校正技术)对预报变量或过程变量

进行优化, 增强其实时更新能力,以提高最终的预报

精度。

2  代表性实时校正技术及其特点

在以上众多的实时洪水预报校正技术与方法

中, 目前应用较多的有反馈模拟技术、AR 算法、

RLS算法、KF 技术和 DSRC 算法。反馈模拟技术

和 AR算法属于 T BC 方法,前者是实用型的人工经

验校正技术,后者是基础型的处理时间序列校正技

术; RLS算法属于典型的综合校正方法, 既可为

TBC和 PBC方法的校正模型估计参数, 又可与其

他校正技术联合进行误差修正,可塑性强、应用范围

广; KF 技术和 DSRC 算法属于 PBC 方法, 两者均

代表着目前的最新进展。

2. 1  反馈模拟技术

反馈模拟实时校正技术[ 7] 基于洪水预报误差的

相似性,利用系统所能得到的各种有效信息进行洪

水预报误差实时校正。其基本思路是将预报流量序

列和实测流量序列在相邻时段间的特性反馈给预报

系统,重新生成校正流量序列,使预报值更好地趋近

实测值。

实测值与预报值的相关性系数 Rc 以及它们的

确定性系数 D y 计算公式为

D y = R
2
c ( 1)

Rc=
E
N

i = 1
(Qf ( i)- �Qf ) (Qob( i)- �Q ob )

E
N

i = 1
(Qf ( i) - �Qf )

2 E
m

i = 1
(Qob( i)- �Qob)

2

( 2)

�Q ob=
2
m

i= 1
Qob( i )

m
, �Q f =

2
m

i = 1
Qf ( i)

m
( 3)

式中: Qob ( i ) 为实测流量系列, ( i = 1, 2, ,, N ) ;

Qf ( i )为预报流量系列, ( i= 1, 2, ,, M ) ; N 和M 分

别为实测和预报流量系列的长度, 且 M > N ; �Q ob为

实测流量系列的平均流量值; �Q f为与实测流量系列

对应的预报流量系列的平均流量值。

求相邻时刻实测流量间的差值 $Qob( i )和预报

流量间的差值 $Qf ( i ) ,计算公式为

$Qob( i)=
0        i= 1

Qob( i)- Qob( i- 1) i= 2, 3, ,, N
(4)

$Qf ( i)=
0        i= 1

Qf (i)- Qf (i- 1)  i= 2, 3, ,, N
(5)

计算因子

A FA CT ( i) =
$Qob( i+ 1) + $Q ob ( i)
$Qf ( i+ 1)+ $Qf ( i)

或 A FA CT ( i) =
$Qob( i+ 1)- $Q ob( i )
$Qf ( i+ 1)- $Q f ( i )

(6)

计算

F( i , j )= A FACT ( i )
0. 75j   j= 1, 2, ,, 6 (7)

依据经验, A FACT因子的取值范围一般为 A FACT I

(0. 45, 2. 21) ;且当 j = 6时, F( i, j )趋近于 1. 0。

基于 $Qf ( i ) \0 和 $Qf ( i ) < 0, 将洪水整个过

程划分为涨水段过程和退水段过程两部分, 再分别

对这两段过程进行流量校正。

(1)涨水段过程($Qf ( i) \0) ,误差校正方程式为

Qob( i)=

Qob( i- 1)+ $Qf ( i )

    i- (N + 6) \0, i> 7

Qob( i- 1)+ $Qf ( i ) c

    i- (N + 6)< 0

(8)

式中: c为实时校正系数, 计算公式为

c=
F ( i- 6, 6) + F ( i- 5, 5) + ,+ F ( N, i- N )

7+ N - i
(9)

若 N = 1,则该过程反馈模拟实时校正的流量值为

Qob( i)= Qob( i- 1)+ ( Qf ( i )- Qf ( i- 1) ) ( 10)

式中: i= 2, 3, ,, K , K 为洪峰对应的序数。

(2)退水段过程($Qf ( i)< 0) ,误差校正方程式为

Qob( i)= Qf ( i)
Qob( i- 1)
Qf ( i- 1)

( 11)

反馈模拟实时校正技术可以充分利用各种实测

信息和预报信息, 建立经验公式,通过反馈模拟, 重

新生成预报流量, 以提升洪水作业预报的能力。反

馈模拟技术与具体使用的洪水预报模型无关, 具有

良好的通用性,方法原理易懂,且不需率定参数。因

此, 该技术常被用于水文自动遥测系统, 实用性强、

应用范围广[ 7, 26]。但其校正效果依赖于预报序列的

趋势是否准确,当预报序列不能准确把握未来流量

涨跌趋势时, 校正序列也难以达到对未来流量的准

确预测。此外,反馈模拟实时校正技术在进行洪水

预报和误差校正交替滚动的过程中, 预报误差会不

断累积: 当预见期短时, 该方法的校正效果好; 当预

见期较长时, 该方法的校正效果较差, 洪水预报精度

也随之降低。
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2. 2  AR算法

AR模型校正算法[ 8] 假设预报误差具有前后相

依联系,根据历史预报误差系列发现规律, 用以对未

来误差进行预测,从而实现原预报结果的修正。作业

预报中,通常依据预报前几个时段的实测值与预报值

之间的误差, 构建基于误差的自回归模型(校正模

型) ;然后根据该校正模型, 计算出预报时刻的误差,

将其加到预报值上,即为该时刻校正后的预报值。

误差自回归估计式为

ect+ L = c1e t+ c2 et- 1+ ,+ cp e t- p+ 1+ Nt+ L (12)

预报结果的校正式为

QC ( t+ L | t )= QC ( t+ L )+ ect+ L (13)

式中: ect+ L为( t+ L )时刻的模型误差估计值; e t 为 t

时刻的模型误差计算值, 且 et = Q( t) - QC ( t ) ; Nt+ L

为校正后( t+ L )时刻的系统残差,是同时满足正态

分布和时间序列独立性的白噪声; QC ( t+ L )代表校

正前的模型计算值; QC ( t+ L | t )代表校正后的模型

计算值; c1 , c2 , ,, c p 是自回归系数系列, 可以是常

系数,也可以是与最新反馈信息相关联的变系数; p

为模型回归阶数,一般为二阶或三阶。

AR模型算法简单、资料需求少, 因而在实际生

产中得到广泛应用。其关键在于回归系数的确定,

一般是根据实际资料, 采用最小二乘法或递推最小

二乘法、抗差递推最小二乘法等估计
[ 47]
。但 AR 模

型依赖于预报误差的相依特性,当预报量变化较大

时,如洪水起涨、洪峰附近(曲线拐点处)流量急变,

可能引起误差规律发生变化, 这时校正效果不佳。

另外, AR校正模型借助的是预报误差时序相依关

系,所以在外推过程中误差会快速积累, 对于较大的

流域或要求预见期较长的情况不宜采用。

2. 3  RLS 算法

RLS校正算法[ 50] 的思想是不断地通过新的系

统输入和系统输出, 对模型参数的估计量加上修正

量进行校正,以得到更能准确表达系统当前状态的

一套新模型参数估计量。概括为

Hsc= Hs+ $H (14)

式中: H
sc为新模型参数估计量; Hs为旧模型参数估计

量; $H为修正量。

根据最小二乘法,可以推导出参数在线估计

HsN + 1= HsN + GN + 1( y N + 1- HT
N + 1H

s
N ) (15)

GN + 1 = PNHN + 1(1+ HT
N + 1PNHN + 1)

- 1
(16)

PN + 1= (1- GN + 1HT
N + 1)PN (17)

式中: H
s
N + 1为第(N + 1)步参数估计值; H

s
N 为第 N 步

参数估计值; HT
N + 1为模型新的输入量; yN + 1为模型新

的输出量; GN + 1为第(N + 1)步增益阵; PN 为第 N 步

误差协方差阵; PN + 1为第(N+ 1)步误差协方差阵。

式( 15)至 ( 17)又被称为基本型的 RLS 算法。

其意义就在于利用了/新息0( yN + 1 - HT
N + 1H

s
N )这一预

测误差, 对初始的模型参数估计量 HsN 修正, 得出新

的参数估计量 H
s
N + 1。

RLS 算法的特点是所有数据(历史数据和最新

数据)在计算时的地位是平等的。因而,此算法适用

于线性的、定常的系统,但对于水文这样一种非线性

的、时变的系统,这种新旧数据一律平等的做法未必

合理。对于时变系统,越新的数据越能反映当前系

统的状态,越能代表当前参数的信息, 也就越应该得

到重视。所以,后续又提出了衰减记忆、有限记忆以

及自适应衰减记忆等方法,对 RSL 的基本算法加以

改进,使得改进后的 RSL 算法能更好地跟踪系统的

动态特征,取得更优的校正效果[ 47250] 。

2. 4  KF 技术

KF 校正技术
[ 2]
通常借助 2个方程(状态方程

和量测方程)来描绘洪水的整个线性动态过程。状

态方程用来描绘系统状态向量随时间的动态变化规

律, 而量测方程用来描绘系统状态向量与量测向量

间的相互依赖关系。

状态方程

X k = 5k | k - 1X k - 1+ Gk- 1 Uk - 1+ #k - 1Xk - 1 ( 18)

量测方程

Zk = Hk X k + Mk ( 19)

式中: Xk 为k 时刻的系统状态向量; 5k | k - 1为从

( k - 1)时刻到 k 时刻的系统状态转移矩阵; X k- 1表

示( k - 1)时刻的系统状态向量; Gk - 1表示( k - 1)时

刻的输入矩阵; Uk - 1表示( k - 1)时刻的输入向量;

#k - 1表示( k - 1)时刻的模型噪声分配矩阵; Xk- 1表

示( k - 1)时刻的模型噪声向量; Zk 为k 时刻的观

测向量; Hk 为k 时刻的观测矩阵; Mk 为k 时刻的观

测噪声向量。

设初始状态的统计特征为

E{X 0}= U0 ( 20)

VarX0 = E{ ( X0- U0) ( X0- U0 )
T
} = P0 ( 21)

Cov( X0 , Xk ) = 0 ( 22)

Cov( X0 , Mk )= 0 ( 23)

代入实际观测值 Z1 , Z2 , ,, Zk , 根据线性无偏

最小方差理论,计算出 X k+ i (当 i< 0时, 属于内插;

当 i= 0时, 属于滤波;当 i> 0时, 属于预报)。

估计误差即可通过状态向量预报误差的期望

Pk | k - 1和状态向量滤波误差的期望 Pk| k来计算,即

Pk | k - 1 = E[ x̂k | k - 1 x̂
T
k| k- 1 ] ( 24)
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x̂k | k - 1= xk - x̂k | k - 1 (25)

Pk | k = E[ x̂k | k x̂
T
k | k ] (26)

x̂k | k = xk - x̂k | k (27)

式中: xk 为真值; x̂k | k - 1为根据( k - 1)时刻的状态量

计算得到的 k 时刻的预报量; x̂k | k 为 k 时刻的滤

波值。

KF 突破了经典控制理论的局限, 适用于平稳

或非平稳、线性或非线性、集中或分布、多输入或多

输出系统, 因而, KF 校正技术包容性强, 应变灵活,

应用广泛。国内外学者[ 18, 57] 将标准 KF 校正技术与

水文模型、水动力模型相结合,均获得较好的误差校

正效果。但在应用时, KF 需要准确估计系统模型

和噪声,由于洪水过程的复杂性,描述水文系统的模

型及噪声的分布函数都是近似的, 致使标准 KF 校

正技术在实时洪水作业预报中受到一定的限制。因

此,众多改进的 KF 校正算法被不断提出, 如 EKF、

EnKF 和 U KF 等[ 58262]。且它们均对均值和方差的

传播进行了非线性处理, 使得模拟精度更高, 但处理

的方式和方法各有不同, 例如: EKF 是将非线性函

数直接线性化处理而避免非线性过程; 而 EnKF 和

UKF, 均是根据大量采样点(集合)近似相关的统计

量[ 61]。因此,这些新的滤波校正技术, 对洪水预报

模型这类非线性系统适用性更强、应用范围更广。

2. 5  DSRC 算法

DSRC校正算法[ 67] 将预报模型作为响应系统,

通过计算时段的输入变量所对应的系统响应曲线来

校正输入变量, 校正后的输入变量重新进行洪水预

报计算,即可得到校正后的流域出口断面预报流量

过程。

可将洪水预报模型概化为如下非线性系统

Q( t)= f [ X ( t) , H] (28)

式中: Q( t )代表模型计算流量; X ( t )代表预报模型

输入变量或状态变量, 如新安江( XAJ)模型的降雨

量 P、产流量 R、自由水蓄量 S 等; H为模型参数变

量; t代表时间。

假定模型参数不随时间变化,模型计算流量仅

受模型输入变量和状态变量即 X ( t)变化的影响。

所以,式(28)可简化为

Q( t)= f [ X ( t) ] (29)

对式( 29)右端使用泰勒展开, 忽略所有高阶项,

只保留一阶项, 得

Q( X , t )= f (XC , t)+ U$t+ E (30)

式中:XC= [ x C
1
, x C

2
, ,, x C

n
]

T 为预报模型计算的

初始被校正变量系列; $X= [$x 1 , $x 2 , ,, $x n , ] T 为

估计的被校正量误差; f ( X C , t )为初始的模型计算

流量值; Q( X , t )为实测流量值; E= [ e1 , e2 , ,, en ] T

为流量的观测误差项; U为动态系统响应矩阵,可采

用向后差分方法求解。

根据经典最小二乘( least squares, LS)原理,得到

$X= (U
T
U)

- 1
U

T ( Q( X , t )- f (XC , t) ) ( 31)

将估计的误差 $X 加到被校正量的初始值 XC

上后,重新输入模型计算,即可求出校正后的流量值。

DSRC基于系统和微分理论, 逐时段对输入变

量进行校正, 该方法物理基础性强, 且不损失预见

期, 校正效果明显。近十年, 不少研究者
[ 65269]

在长

江、淮河、闽江等流域, 借助 DSRC 方法对产流量、

自由水蓄量、流域面雨量、以及土壤含水量等过程变

量和状态变量进行校正, 均取得比 AR等校正模型

更好的校正效果。对于实际应用中 DSRC 可能出

现的校正效果不稳定现象(反演的不适定) , 可通过

在计算式中增加一个罚函数, 借罚函数项分担校正

项的一部分变化, 从而降低校正量对流量变化的敏

感度,以保障 DSRC 修正的稳定性
[ 70271]

。此外, 应

用 DSRC校正时有一个前提假设, 即认为终端误差

只是由洪水预报各个过程(变量)中的某个(或几个)

引起的, 而剩余的其他过程或变量没有误差, 这样

将全部的终端误差归咎于一个过程或变量的误差

来进行校正, 与洪水预报中误差存在于各个过程

的实际情况不甚相符,存在一定的局限性。因此,

近期的研究
[ 72]
提出了一种 DSRC的扩展方法, 可

对各个过程误差进行校正, 可进一步提升校正效

果、提高洪水预报精度。以同时校正面雨量计算

误差和模型误差为例。

先在雨量站数目较多的流域, 构建雨量站网密

度 Qm、面雨量误差占总误差的比例 GP, Q
m
( EP, Q

m
/ ET , Q

m
)

和模型误差占总误差的比例 GM, Q
m
( EM, Q

m
/ ET , Q

m
)之间

的定量关系,且 GP, Q
m

+ GM, Q
m

= 1。关系见表 1。

表 1  Qm 与GP, Q
m
、G M, Q

m
之间的定量关系

雨量站密度 面雨量误差比例 模型误差比例

Q1
GP, Q1

= 1- GM , Q1
GM , Q1

= ET , Qn
/ ET , Q1

s s s

Qm GP,Q
m

= 1- GM , Q
m

GM ,Q
m

= ET , Qn
/ ET , Qm

s s s

Qn G
P, Qn

= 1- G
M , Qn

= 0 G
M , Qn

= ET , Q
n
/ ET , Q

n
= 1

  根据表 1中得到的定量关系,将研究流域(雨量

站密度为 Q)的洪水预报总误差 ET , Q按照误差的分

配比例, 划分成面雨量误差 EP , Q和模型误差 E M, Q:

EP , Q= GP, Q@ ET , Q ( 32)

EM, Q= GM , Q@ ET , Q ( 33)
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则可基于 DSRC方法的系统响应理论, 对应用流域

的面雨量误差 EP, Q和模型误差E M, Q同时校正。得到

面雨量校正量系列 $P Q和模型参数校正量系列 $HQ

$PQ= ( AT
A)

- 1
A

T
EP , Q= GP, Q#( AT

A)
- 1
A

T
ET , Q

(34)

$HQ= ( B
T
B)

- 1
B

T
E M, Q= GM, Q# ( B

T
B)

- 1
B

T
ET , Q

(35)

式中: 洪水预报总误差系列 ET, Q是实测流量系列

Q(P , H, t)与模型预报流量系列 f ( P c, Q, Hc, Q, t )的差

值; P c, Q是校正前的面雨量系列, Hc, Q是校正前的模型

参数系列; $PQ是面雨量校正量; A是面雨量相应的

动态系统响应矩阵; $HQ是模型参数校正量; B是模

型参数相应的动态系统响应矩阵。

校正后的面雨量系列 Pcc, Q和校正后的模型参数
系列Hcc, Q为

Pcc, Q= P c, Q+ $P Q (36)

Hcc, Q= Hc, Q+ $HQ (37)

将校正后的 Pcc, Q和Hcc, Q重新输入预报模型,便可

得到最终校正后的流量过程为

Qcc, Q( t) = f [ Pcc, Q, Hcc, Q, t ] ( 38)

以上 5种代表性的实时校正方法各有特点: 反

馈模拟校正技术是人工经验校正方法中的典范, 计

算方便、简单实用; AR模型校正算法和 RLS 校正

算法均属于回归类模型, 技术成熟,在实际应用中易

于实现、应用广泛; KF 校正技术具有理论优势, 其

应变灵活、适用性强, 所以衍生出诸多改进算法, 但

该类滤波方法对所需的资料条件要求较高; DSRC

方法是目前最新研究进展中的代表,性能稳定、校正

效果显著。未来水文随着计算机技术高速进步及发

展,特别是优化算法、大数据处理、人工智能等新一

代科学技术的引入, 将丰富和促进这些洪水预报实

时校正技术的深入发展与应用。

3  总结与展望

实时校正是洪水预报的重要组成部分。经多年

发展, 从简单的 AR模型到复杂的 KF 技术,从专家

经验修正到人工智能校正, 形成了一批研究成果。

洪水预报实时校正方法大体上可以归纳为终端误差

校正( TBC)和过程误差校正( PBC )两类, 这些方法

在实时洪水预报中均发挥了各自的优势、起到了重

要的校正作用。总体上看, 大数据时代的到来使得

洪水预报实时校正技术的发展与数学和信息技术的

进步紧密相连, 飞速发展着的人工智能和机器学习

为洪水实时校正技术进步带来新的机遇, 未来可望

在如下方面取得新进展。

( 1)基于 EnKF、粒子群滤波等同化技术发展的

实时校正方法已展现出其优势, 是未来的一个重要

研究方向。随着/天2空2地0一体化观测技术的日新

月异,对水循环过程的监测不管是在内容上还是频

次、精度上,都将取得巨大的扩展和提升。洪水的监

测信息将在时间和空间尺度上更为精细,与洪水相

关的其他水文循环要素的监测信息也更为丰富, 如

何将这些多元/源数据充分利用, 发展洪水预报实时

校正数据同化技术,是值得深入研究的内容。

( 2)水文物理背景分析与预报误差数学描述有

机结合,是提高 T BC类校正方法精度的有效手段。

T BC方法直接处理终端预报误差, 简单实用、易操

作性强。但现行的 TBC方法大多仅依靠数学途径,

建立误差描述方程,进行误差校正,很少去探求误差

背后的物理产生机制。实际应用表明,即使对同一

水文预报方案,相同降雨量但降雨中心位置不同、涨

落水不同阶段、不同洪水量级、不同季节,其洪水预

报误差的规律也会有所不同。

( 3)考虑洪水过程的 PBC方法将是未来洪水预

报实时校正的主要研究方向。本质上,洪水预报的

终端误差是由洪水预报中间过程的误差累积而成

的, PBC 方法可以对中间过程进行误差修正, 从而

降低最终误差,这是其理论优势, 但目前在实际应用

中因难以获得完整的中间监测数据, 限制了该方法

的使用。在大数据背景下,洪水中间过程如降雨、产

流和汇流等过程的详细监测数据易获性的提升可进

一步推动 PBC方法的发展。例如:基于系统响应理

论, 根据详实的降雨径流逐过程监测信息, 可以改进

或扩展 DSRC技术方法; 若可以实时获得流域上众

多水利工程的泄流数据,则可以在卡尔曼滤波解法

的马斯京根矩阵方程组中进行节点设置,将人类活

动的影响融入校正方程。

( 4)大数据预报误差修正模型可望形成新的突

破方向。虽然大数据分析技术在洪水预报实时校

正中尚未有实质性的进展, 但这代表了未来最有

前景并产生突破的一个研究方向。基于海量的实

际观测及其派生数据(包括: 前期的降水量、土湿、

水库蓄水状态、河道底水; 本场降雨的暴雨中心位

置、时空分布、雨量(强) ,更前期的气候背景、大气环

流因子; 历史上观测的场次降雨、洪水系列; 不同模

型方案的预报结果数据;等等) , 采用各类机器学习

算法, 如随机森林、支持向量机、卷积神经网络

( CNN)、循环神经网络( RNN )、长短记忆神经网络

( LSTM )、深度神经网络( DNN) 等, 寻找终端误差

或过程误差与数据之间的关联规则, 进而建立预报

误差的大数据修正模型。
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Abstract:T he backg ro und o f real2time co rr ect ion fo r flood fo recasting is rev iewed, and the r esear ch advances in r eal2time cor rec2

tion are summarized. On this basis, real2time cor rectio n w as div ided into tw o categ or ies such as the terminal bias cor rectio n and

pr ocess bias cor rectio n. T he corr ection methods in t hese tw o appr oaches w ere sor ted o ut, and the research results and pr og ress

wer e pr esented. F ive represent at ive real2time co rr ect ion algo rithms, i. e. , feedback simulat ion, auto2r eg ressiv e ( A R) , recursiv e

least squares ( RL S) , Ka lman filter ing ( K F) , and dynamic system respo nse cur ve ( DSRC) , w ere introduced, and their char acter2

ist ics and applicability wer e analy zed. T he futur e development directio n and r esear ch ho tspo ts of r eal2time cor rection fo r flo od

forecasting were pr edicted.

Key words: real2t ime co rr ect ion; floo d for ecasting ; feedback simulatio n; auto2reg ressive; recursiv e least squares; Kalman filter ing ;

dy namic sy stem r espo nse

  As the most im portant non2engineering meas2
ure for f lood manag em ent , flo od forecast ing serves

as the / eyes and ears0, / adv isers0 and / pioneers0
of f lood control[ 1] . Acquiring accurate and tim ely

fo recasts in adv ance can r educe or even av oid los2
ses by flo od disasters and ef fectively m anag e and

pr otect w ater r esources, prov iding a scient if ic ba2
sis fo r f loo d contro l decisions and reserv oir sched2
uling, w hich can bring sig nificant econom ic and

so cial benef its
[ 2 ]

. F lood forecast ing includes m any

links such as m odel input , m odel st ructures and

param eters, init ial values of state variables and

measur em ents
[ 325]

. Erro rs in these aspects w ill

lead to deviat ions o f f inal for ecasts fr om the actual

values, thus af fecting the accuracy o f f lood fo recas2

t ing m odels. T herefo re, w e must corr ect those er2
rors to ensur e the pract icability and effect iveness of

forecast ing models, making the r esults mo re relia2
ble.

Real2t ime error correct ion o f f lood forecas2
t ing, also referred to as real2t ime correction, indi2
cates that forecast inputs, mo del parameters, state

variables and forecast results ar e corrected based

on real2t im e inform at ion ( measurement , forecast,

etc. ) collected during f lood forecast ing, so that

f lood fo recast ing err ors can be reduced in real

t ime[ 628] . A diagram of real2t ime correct ion is

show n in Fig. 1, w here In( t- D ) represents the in2
put o f the m easured model at m oment ( t- D ) . Af2
ter m odel calculation, the fo recast value or output
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value Out ( t| t- D ) of the m odel at mo ment t af ter

the forecast period D can be obtained. These o ut2
put values can be the f low ( w ater level) at sect ions

of basin out lets, m odel parameters, or so il mo isture

content o f basins, etc. Af ter the corresponding

measurem ent Obs ( t ) at moment t is o btained, a

cor rect io n m odel is established based on the r ela2
t ionship betw een the forecast values of the m odel

and the measurements. The corrected results are

re2calculated in the m odel, and the corr ected m odel

output Out ( t ) can be obtained. For the next mo2
ment ( t+ 1) , the same mo del calculat io n and error

correct ion are perform ed acco rding to the m odel in2
put In( t+ 1- D ) at this mo ment and the corr ected

output Out( t) at the last mom ent t, so the correc2
ted m odel o utput Out ( t+ 1) at the mom ent ( t+ 1)

can be acquired. Repeating the above process, w e

can r ealize the real2t ime corrected forecast ing for

the f loo d process w ith a forecast per io d of L , nam e2
ly fro m moment t to moment ( t+ L ) .

Fig. 1  Flow chart of real2t ime correct ion for f lood forecas ting

  T his paper classif ied and brief ly review ed the

real2t im e co rrect ion for flo od forecast ing. Five rep2

r esentative real2t ime co rrect ion metho ds w er e in2
t ro duced in detail, and the tr end of real2t im e cor2

r ect io n methods in the future w as predicted.

1  Review of development of real2time correc2
tion for flood forecasting

1. 1  Research results in an early stage

In the 1960s, the " SCI", sy stems theory ( S ) ,

cybernet ics ( C) and informat ion theory ( I) , in the

system s science, g radually entered a m ature stage.

It s theo ry and techniques have been rapidly applied

in fields such as natural science, engineering and

social econom y, achieving m any fruits. In 1970, H i2

no[ 1, 9] , a Japanese scholar, f irst applied the Kalm an

filtering ( KF) technique to the hydrolog ic fo recas2
t ing, w hich pio neered the research in this direct ion.

In 1978, Wood et al. [ 10] described the pro cess of u2

sing the KF recursive alg orithm to fo recast rainfall

runof f. Since then, a number o f informat ion pro2

cessing and corr ectio n techniques, represented by

KF theory[ 11] , have been gr adually int roduced to

flo od forecast ing, leading to the f irst boom of int ro2

duct io n.

Based o n the resear ch bo om and a large num2
ber of achievements in the 1970s, the Am erican Ge2
ophy sical U nion ( AGU) held an inter nat io nal sym2
po sium in 1978. T he results w ere com piled into

P roceedings of A GU Chapman Conf erence on A p2
p l icat ion of K alman F il tering Theory and Tech2
niques to H ydr ology , H ydr aul ics, and Water R e2
sour ces

[ 1, 12] . Later, in A pril, 1980, the Internat ional

Associat ion of H y dro logical Sciences ( IAH S) to2
gether with the World M eteorolo gical Org anizat ion

( WM O) held another internat ional symposium on

hydrolog ic for ecast ing. Among the 46 papers in the

proceedings of this conference, 16 w ere related to

the KF theo ry[ 1, 13] . The papers of these tw o pro2
ceeding s r epresented the most advanced r esearch

on this topic at that t ime. For ex ample, Ambrus[ 13]

intro duced the self2tuning predictor and applied the

autor eg ressiv e2mov ing averag e ( ARM A) m odel ( a

dif ference mo del ) to forecast the Budapest2Baja

sectio n of the Danube in real t ime, achieving cor2
rect ion w ith hig h accuracy.

T he research and applicat ions of real2t im e cor2
rect ion for f lood forecast ing in China mainly

emerged in the 1980s, w hich w er e later than those

in other co untries. Most of the early co rrect ion

techniques w er e based o n manual empirical correc2
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t ion [ 6, 14216] . For some cases w ith lar ge error s in

flo od fo recast ing , the forecast results w ere co rrec2
ted directly based o n ex pertsc experience o r by

means of r eg ression analy sis, so the estim ates could

be im pro ved. There w er e also stat ist ical m ethods

based on t ime series analysis, in w hich auto2r eg res2
sive ( AR) models betw een forecast erro rs and er2
r ors w er e established, thus forecasting the future

err or sequence based o n the exist ing erro r se2
quence. T hese correct ion m ethods basically sepa2
r ate f rom forecast mo dels, w hich could be m odeled

independent ly for co nv enience.

Around the 1980s, the resear ch on hydrolog ic

for ecast models developed r apidly in China, fr om

em pirical models to conceptual models and then to

dist ributed m odels. A number of r eal2tim e co rrec2
t ion m ethods integ rated w ith hydrolo gic models al2
so beg an to em erg e and show ed effects. The data

assim ilat ion technique w as a repr esentative of such

real2t im e correct ion m ethods, w hich co uld effec2
t ively improv e the forecast accur acy of hydrolog ic

models. T he data assimilat io n technique mainly in2
cluded filtering methods and calculus o f v aria2
t ions[ 17] . H ow ever, the calculus of variat io ns usual2
ly assum ed that model erro rs did no t propag ate

w ith t ime, but the error s in hydr olog ic mo dels did

pro pagate w ith t ime. Thus, the f iltering m ethods

w ere m ost ly used in er ror correction for f loo d fore2
cast ing . In 1984, Ge[ 18] co upled the KF technique in

the f iltering metho ds w ith conceptual hydrolog ic

models to achieve independent real2t ime dynam ic

cor rect io n fo r runof f for ecasts. This w as an impor2
tant technical breakthrough in the real2t ime co rrec2

t ion. Since then, many f iltering algo rithms ( inclu2
ding the impr oved KF technique) have been w idely

used for real2t ime corr ectio n of fo recast errors in

hy dro logic m odels and achiev ed remarkable

ef fects.

1. 2  Recent research results

After the 1980s, the research on real2t ime cor2
r ect io n fo r f lood fo recast ing has fur ther developed

w ith the emerg ence of new theor ies and the in2

creasing requirem ents o n applicat ions. One of the

major features w as the dev elo pment f rom the direct

usage of mathemat ical co rrect ion alg orithms to pio2

neering studies suitable for complex f loo d forecas2
t ing models and correct ion models. A s a r esult,

many post2pro cessing techniques and new correc2
t io n metho ds hav e emerged. T hese methods can be

classif ied into tw o catego ries: terminal bias correc2
t io n ( T BC) and process bias cor rect io n ( PBC) .

T BC, in essence, direct ly analyzes and deals

w ith fo recast erro rs of term inal f low or w ater level

( terminal errors) , instead of considering the err ors

in each link ( sub2pr ocess ) of for ecast ing and the

propag at ion of errors in each sub2process. It cor2
rects ter minal err ors to update or ig inal forecast

values in r eal tim e. There are mainly the fol low ing

T BC metho ds: ( 1 ) Subst itut ion of m easured

f low
[ 19]

: It denotes the fo recast f low ( err ors) as a

funct ion of f low ( errors) at the last o ne mo ment or

many moments and subst itutes the pr ev io us flo w

( err ors) into the funct ion at each new for ecast mo2
ment , thus corr ect ing the f low . ( 2) Real2tim e cor2
rect ion of f low forecast ing in hydrolog ic m od2
els[ 4, 8, 20221] : Based o n correlat ion analysis, it creates

correlation correct ion models betw een the forecast

f low o f hydr olog ic models and the actual f low and

corrects the fo recast f low of m odels by subst itut ing

the actual f low in real t ime. ( 3) AR err or correc2
t io n[ 5, 22225] : It calculates the series of residuals be2
tw een the fo recast f low and the measured flow .

Based on reg ressio n analysis, it co nst ructs m ult i2
order AR residual cor rect io n models to direct ly

correct the error s in forecast results o f f low . ( 4)

Real2t ime correct ion of feedback sim ulat ion

( FACT facto r corr ectio n co ef ficient ) [ 7, 26232] : It uses

the FACT factor, w hich is established based on

both actual f low and forecast f low , to correct ter2
minal f low through feedback simulation. ( 5) Fo re2
cast erro r co rrect ion based o n hydrolo gical sim ilar i2

ty
[ 33234]

: It believes that the tw o basins satisfy ing

sim ilar ity also have similar fo recast err ors. Thus,

dif ferent opt imal erro r correct ion factors can be as2
signed acco rding to differ ent fo recast per io ds of

sim ilar basins, and then forecast error co rrect ion

mo dels can be const ructed to cor rect the final fo re2
cast results. ( 6) K2nearest neighbor ( KNN) cor2
rect ion[ 35240] : It is a stat ist ical autom at ic learning

method. Based on r eg ression analysis, this m ethod
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establishes correct ion models betw een the forecast

err or in the m easured period and that at the fore2
cast mo ment , so as to f ind K historical flow proces2
ses that are the most sim ilar to the current fore2

cast . T hen, it est imates the for ecast error at the

current mom ent by inverse distance w eig hting and

thus cor rects the ter minal f low at the current m o2
m ent . ( 7) Real2t im e correct ion w ith back pro paga2
t ion ( BP) neural netw orks[ 41243] : It uses the feedfor2
w ard neural netw ork o f the BP alg orithm to simu2
late the no nlinearity of forecast mo dels, so as to dy2
namically t rack the chang es in f lood forecast ing er2

r ors. Based o n regression analy sis, it co nst ructs

no n2linear AR models of forecast err ors. Then it u2
ses existing forecast error s to analyze new error s

and cor rects forecast f low , so the ter minal error s

can be cor rected.

PBC, in essence, f irst corrects erro rs in state

variables and parameters in each sub2process ( such

as rainfall, r unof f and co nf luence) or forecast mo d2

els of hy dro logic forecasting and then re2calculates

models af ter co rrect ion to obtain new fo recast val2
ues. It reduces terminal er rors by reducing er rors in

each fo recast ing link. PBC mainly includes the fol2
lo w ing metho ds: ( 1) Correct ion based on recursive

least squares ( RLS ) [ 44246] . It recursiv ely estimates

model parameters w ith minimizing the quadrat ic

sum of forecast erro rs as the object ive unt il the es2
t imates reach the sat isf ied accuracy . T his corr ection

method also has the improv ed algo rithms, such as

the RLS based on f ixed forget t ing facto rs, the RLS

based o n variable forg et t ing factors, and ro bust

RLS[ 47250] . ( 2) KF [ 18, 19, 46, 48, 51256] . It estim ates system

states and assigns a certain w eig ht to the current

for ecast by referring to the modern stochast ic est i2
m ation theo ry of co mplex sy stems and the principle

of minimum erro r covariance, so as to co rrect state

variables of the system ( such as parameter s o f

for ecast models, objects, erro rs, etc. ) , thus r eali2
zing real2t ime err or cor rect io n. KF can be applied

to any linear system, such as the co nf luence system

of seg mented river channels described by the

Muskingum method[ 29, 57] . Nonlinear system s can be

cor rected in real t im e based on f iltering techniques

such as adapt ive Kalman f iltering ( AKF) , semi2a2

daptive Kalman f iltering ( SA KF ) , ex tended Kal2
man filtering ( EKF ) , unscented Kalm an filter ing

( U KF) , ensemble Kalman f iltering ( EnKF ) and

par ticle f ilter ing ( PF) [ 58262] . ( 3) Real2t ime classif ied

correct ion based o n the K2m eans clustering algo2
rithm

[ 63, 64]
. It f ir st clusters a large amo unt of infor2

matio n o n historical rainfall and f lood, and af ter

classif icat io n, it analyzes the catego ries ( levels) to

w hich the real2t im e rainfall and f lood belong ac2
cor ding to the characteristics of each categ ory.

T hen according to the model parameter s of the cat2
eg ory , it reduces err ors of mo del par am eters and

thus corrects orig inal for ecast f low . ( 4) Co rrect ion

based on the dynamic system response cur ve

( DSRC)
[ 65269]

. It establishes dynamic response sys2
tem s betw een input and output of f loo d forecast

mo dels based on the principle o f least2squares est i2
matio n. Acco rding to the response system, input

variat io ns are obtained from the responses of out2
put v ariat ions, and input error s are corr ected by the

input v ar iat ions. Then the corr ected input is used

to re2run the flo od forecast ing to obtain the correc2
ted o utput . T he input variable can be any process

or state variable such as sur face r ainfall, r unof f,

soil mo isture content o r storag e o f f ree w ater. A

smoothing const raint term can be used to address

the / oscillat ions0 in the applicat ions of the DSRC

method[ 70271] . Som e recent studies used the w hole2

process jo int correction based on the DSRC theory

to joint ly co rrect bo th the input err ors and the

mo del erro rs
[ 72]

.

T he classif ication of the tw o metho ds of r eal2
t ime correction for flo od forecast ing, T BC and

PBC, is not absolute. Some real2tim e co rrect ion

techniques can be used to co rrect both ter minal er2
rors and pro cess errors. T he follow ings are exam2

ple: ( 1) the RLS method can estim ate param eters

for correction m odels of both two types of r eal2
t ime corr ect io n methods

[ 44, 70, 73]
. ( 2) The interact ive

correct ion method can co rrect the t ime series of

forecast values, m odel parameters and interact ive

correct ion infor mat io n based on r efer ence inform a2
t io n such as rainfall distr ibution, meteoro logical

cloud charts and eng ineering applicat ions[ 3, 74, 75] .

( 3) T he Bayesian m ethod can corr ect errors by
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com prehensiv ely considering internal and ex ter nal

factor s that inf luence the accuracy of f lood fo recas2
t ing. T he ex ternal facto rs are the input and output

of forecast models, w hile the internal facto rs are

st ructures, parameters and states of forecast mo d2
els

[ 76278]
. M any correct ion techniques can also be

joint ly used fo r er ror correct ion. T he follow ings are

ex ample: ( 1) three on2l ine r ecognit io n alg orithm s

( inf inite memo ry, fading memor y and f inite m em o2
r y) are co mbined w ith thr ee f ilters ( reg ular, fading

memory and self2adapt ive) to form many jo int cor2
r ect io n metho ds[ 79] . ( 2) T he AKF technique and

the AR m odel are com bined for real2t ime co rrec2
t ion

[ 80]
. ( 3) The RLS algorithm and the AR m odel

ar e integrated fo r real2t ime correction
[ 81]

. ( 4) On

the basis of the hetero2asso ciat iv e technique and

know ledg e ref inement , scholars pro po sed a com pre2
hensive co rrect ion method w ith multiple informa2
t ion sources, cor rect io n contents and corr ection

techniques by im itat ing the inform ation asso ciation

of neural netw or ks in biolog ical brains and storing

all real2t ime and historical info rmat io n as w ell as

err or corr ect io n contents and correction alg o2
r ithms [ 33, 82] . ( 5) A rt if icial neural netw o rk ( ANN )

and AR mo del are com bined for co mprehensive re2
al2t im e co rrect ion[ 82284] . ( 6) The optim al err or cor2
r ect io n method of real2t im e correct ion models is

post2processor s in natur e[ 29] . ( 7) Real2t ime co rrec2

t ion and co mbined fo recast ing ar e integr ated for

cor rect io n
[ 85]

.

The theories and m ethods of real2t ime co rrec2
t ion ment ioned above have been w idely applied to

practical flo od forecast ing, w hich have played a sig2
nificant role in disaster mitig at ion and prevent ion,

pro mot ing scient ific and techno log ical pro gress in

the hydrolo gical industr y. In fact , all real2tim e cor2
r ect io n m ethods of flo od forecasting, in essence, o p2
t imize forecast or prog ress variables through dif fer2
ent algor ithms ( real2tim e cor rect ion techniques) to

enhance their real2t im e updating capabilit ies, thus

im pr oving the f inal forecast accur acy.

2  Representative real2time correction tech2
niques and their features

  In the real2t ime corr ectio n methods for floo d

forecast ing mentio ned above, feedback simulat io n,

AR alg orithm , the RLS algor ithm, the KF tech2
nique and the DSRC alg orithm ar e f requent ly used.

Feedback sim ulat ion and AR alg orithm belo ng to

T BC. The for mer one is the pract ical co rrect ion

technique by m anual experience, w hile the lat ter

one is the fundamental correction metho d fo r deal2
ing w ith t im e ser ies. The RLS alg orithm is a typical

comprehensive correction m ethod. It can est imate

par am eters fo r corr ect io n m odels o f T BC and PBC

methods, w hich can also be combined w ith other

correct ion techniques for err or correct ion. T his

technique is flex ible w ith w ide applicat ion. The KF

technique and the DSRC algo rithm belong to the

PBC m ethod, and both of them represent the latest

progr ess.

2. 1  Feedback simulation

T he real2t ime correct ion of feedback simula2
t io n[ 7] uses v alid informat ion available to the sys2

tem to correct err ors of flo od fo recast ing in real

t ime based o n the sim ilar ity of forecast err ors. It s

basic principle is to feed back the characterist ics of

the forecast f low series and the measured flo w se2
ries in adjacent periods to the forecast system to

regenerate the cor rected flow series, so that the

forecast values can approx imate to the measure2
ments.

T he corr elat ion coeff icient Rc betw een meas2
ur em ent values and for ecast values and their deter2

minist ic coeff icient D y are calculated by

D y = R
2
c ( 1)

Rc =
E
N

i= 1
(Q f ( i )- �Q f ) (Q ob ( i) - �Q ob )

E
N

i= 1
(Q f ( i )- �Q f )

2 E
m

i= 1
(Q ob( i )- �Q ob )

2

(2)

�Qob=
2
m

i= 1
Qob( i)

m
, �Qf =

2
m

i= 1
Q f ( i)

m
( 3)

where: Qob ( i) is the measured f low series, i = 1, 2, ,,

N ; Qf ( i) is the for ecast flow ser ies, i= 1, 2, ,, M ;

N and M ar e the lengths of the measured flo w se2
ries and the for ecast flo w series, and M > N ; �Q ob is

the av er ag e f low o f the m easured f low series; �Q f is

the av er ag e f low o f the fo recast f low series cor re2
sponding to the measur ed f low series.

T he difference $Qob ( i) betw een the m easured
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flow s and the difference $Q f ( i ) betw een the fore2
cast flo ws at neig hboring m oments are calculated

by

$Qob( i )=
0       i= 1

Qob( i)- Qob(i- 1) i= 2,3, ,,N
( 4)

$Qf ( i )=
0       i= 1

Qf ( i)- Qf ( i- 1)  i= 2, 3, ,,N
( 5)

The factor is calculated by

A FACT ( i )=
$Qob( i+ 1)+ $Qob( i)
$Q f ( i+ 1)+ $Qf ( i )

or A FACT ( i )=
$Qob( i+ 1)- $Qob( i )
$Qf ( i+ 1)- $Qf ( i )

( 6)

The follow ing is calculated by

F( i , j ) = A FA CT ( i)
0. 75j   j = 1, 2, ,, 6 ( 7)

According to ex perience, the r ange of A FA CT is

generally A FA CT I ( 0. 45, 2. 21) . When j = 6, F( i, j )

appr ox im ates to 1. 0.

Since $Q f ( i ) \0 and $Q f ( i ) < 0, the w hole

flo oding pro cess is div ided into the w ater2rising

pro cess and the w ater2recessing pr ocess. T hen the

flow s in these tw o processes are corrected.

( 1) T he erro r in the w ater2rising process ( $Qf

( i) \0) is co rrected by

Qob( i )=

Qob( i- 1)+ $Q f ( i )

    i- (N + 6) \0, i> 7

Qob( i- 1)+ $Q f ( i ) c

    i- (N + 6) < 0

( 8)

w here: c is the real2t ime cor rect io n coeff icient ,

w hich is denoted by

c=
F ( i- 6, 6) + F ( i- 5, 5) + ,+ F ( N , i- N )

7+ N - i
( 9)

If N = 1, the real2t im e corr ected flo w in this

pro cess by feedback sim ulat ion is

Qob( i )= Q ob( i- 1) + (Q f ( i )- Q f ( i- 1) ) ( 10)

w here: i= 2, 3, ,, K , and K is the ordinal num ber

cor respo nding to floo d peaks.

( 2) T he error in the w ater2recessing process

[$Qf ( i) < 0] is cor rected by

Qob( i )= Q f ( i )
Q ob ( i- 1)
Q f ( i- 1)

( 11)

The real2t ime correct ion technique of feedback

simulat io n can fully take advantag e o f m easure2
m ent and fo recast inform at ion to establish em piri2
cal form ulas. It can re2generate fo recast f low

thro ug h feedback simulation, so as to improv e fore2
cast accuracy. Feedback simulat ion is not related to

f lood fo recast models, so it can be used univ er sally.

It has a simple principle and does no t need to cali2
br ate param eters. Thus, this technique is alw ays

used in autom at ic hydrolo gic telem etering sy stem s,

w ith str ong pract icability and w ide applica2
t io n[ 7, 26] . H ow ever , its co rrect ion ef fect depends on

w hether the t rend of forecast series is accurate.

When the for ecast series cannot accurately g rasp

the flo w trend in the future, it is also dif ficult for

the co rrected series to accurately forecast the fu2
ture flo w. M oreov er, the real2t ime co rrect ion tech2
nique of feedback sim ulat ion w ill accum ulate fo re2

cast er rors in the alternating pr ocess of f lood fo re2
cast ing and error corr ect io n: w hen the forecast pe2
riod is short , this metho d has g ood co rrect ion

effects; otherw ise, it perfo rms poor ly and the fo re2
cast accuracy is reduced accordingly .

2. 2  AR algorithm

Assuming the fo recast err ors have interde2
pendence, the correct ion algo rithm of AR model[ 8]

f inds pat ter ns f rom historical fo recast erro r se2
quence, w hich are used to for ecast future errors and

thus co rrect original forecast r esults. In the fo re2
cast ing, it usual ly co nstr ucts error2based AR m od2

els ( co rrect ion models) based o n err ors betw een

measurement values and forecast v alues in several

periods before the fo recast ing . T hen, based on this

correct ion m odel, it calculates the error at the fo re2
cast m oment and adds it to the fo recast value,

w hich is the co rrected fo recast value at that mo2
ment .

T he AR estimator of error s is

ect+ L = c1 et+ c2et- 1+ ,+ cp e t- p+ 1+ Nt+ L ( 12)

T he corr ecto r o f fo recast results is

QC ( t+ L | t)= QC ( t+ L )+ ect+ L ( 13)

w here: ect+ L is the est imate of the model erro r at

mo ment ( t + L ) ; et is the calculated value o f the

mo del erro r at m oment t, and et = Q ( t) - QC ( t ) ;

Nt+ L is the sy stem residual at m oment ( t+ L ) af ter

correct ion, w hich is the w hite noise simultaneously

sat isfying no rmal dist ribut io n and independence of

t ime series; QC ( t+ L ) is the calculated value of the

mo del befor e corr ection; QC ( t+ L | t ) is the calcu2
lated value of the model af ter co rrect ion; c1 , c2 , ,,

cp ar e AR coeff icient ser ies, w hich can be constants
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and also variable coef f icients related to the latest

feedback informat ion; p is the reg ressive order o f

the m odel, w hich is g enerally tw o or thr ee.

The co rrect ion m ethod of the AR mo del is

simple and requires less infor mat io n, so it is w idely

applied in pract ice. T he key lies in the deter mina2
t ion of regression coef ficients. T hey ar e g enerally

est im ated by the least squares m ethod, the recur2
sive least squar es method or the robust recursive

least squar es method based on practical data[ 4 7] .

H ow ev er, the AR model relies on the inter depend2
ence of fo recast er rors: T he correct ion has po or

ef fects w hen forecast variables chang e signif icant2

ly , such as f lood rise and rapid chang es in f low near

peaks ( inflect ion points o f the cur ve) , w hich may

cause variat ions in error pat terns. In addit ion, the

AR correct ion m odel relies o n the t im e2series de2
pendence o f forecast err ors, so the err ors accumu2
late rapidly dur ing the ext rapolat io n process. This

method is not suitable for larg e w atersheds or long

for ecast per io ds.

2. 3  RLS algorithm

The RLS alg orithm
[ 50]

corrects est imates o f

model param eters by adding corr ections through

new system input and output, so as to obtain new

est im ates of m odel param eters that more accurately

represent the current state of the system . It is sum2
m ar ized as follow s:

H
sc= H

s
+ $H ( 14)

w here: H
sc is the parameter est imate of the new

model; Hs is the par am eter estim ate of the or ig inal

model; $His the co rrect ion quant ity.

According to the least squar es metho d, the on2
line est imate of the par am eter can be obtained

HsN + 1= HsN + GN + 1( y N + 1- HT
N+ 1H

s
N ) (15)

GN + 1 = PNHN + 1(1+ H
T
N + 1PNHN + 1)

- 1
(16)

PN + 1= (1- GN + 1H
T
N + 1)PN ( 17)

where: H
s
N + 1 is the parameter estim ate of step (N + 1) ;

HsN is the parameter estim ate of step N ; HT
N + 1 is the

new input o f the m odel; yN + 1 is the new output o f

the m odel; GN + 1 is the gain m atrix of step (N + 1) ;

PN is the er ror covariance matrix of step N ; PN + 1 is

the erro r covariance matrix of step (N + 1) .

Equat ions ( 15)2( 17) ar e also called as the bas2
ic RLS alg orithm. It uses the forecast erro r( yN + 1 -

HT
N + 1H

s
N ) , the " innovat io n", to cor rect the original

par am eter est imate HsN , o btaining a new parameter

est imate H
s
N + 1 .

T he RLS algor ithm treats all data ( historical

and up2to2date data) equally in the calculation, so it

is suitable for linear and constant system s. H o wev2
er , fo r hydrolo gic sy stems, w hich are nonlinear and

t ime2vary ing, the equal operation for new and old

data m ay be not reasonable. For t ime2varying sys2
tem s, new er data can bet ter ref lect the current state

of the sy stem and repr esent the infor matio n o f cur2
rent parameter s, so they deserve m ore at tent io n.

T herefo re, the methods of fading m em ory, f inite

memo ry and self2adapt iv e fading memo ry w ere pro2
po sed subsequently to im pro ve the basic RSL algo2
rithm . T he impr oved RLS algo rithms could bet ter

t rack dy namic characterist ics of systems and ob2
tained m ore satisfactor y corr ection ef fects [ 47250] .

2. 4  KF technique

T he KF co rrect ion technique[ 2] usually uses

tw o equat ions ( state equat io n and m easurement

equat ion ) to describe the ent ire linear dy namic

process o f f lood. T he state equat ion indicates the

dynam ic v ariat ion of the sy stem state v ecto r w ith

t ime, w hile the m easurement equat ion describes the

interdependence betw een the system state vector

and the measurement vector.

T he state equatio n is

X k = 5k | k - 1X k - 1+ Gk- 1 Uk - 1+ #k - 1Xk - 1 ( 18)

T he m easur em ent equat ion is

Zk = Hk X k + Mk ( 19)

w here: X k is the system state vector at mom ent k ;

5k | k - 1 is the state2t ransit io n m atrix of the sy stem

from m om ent ( k - 1) to k ; X k - 1 is the sy stem

state v ector at m om ent ( k - 1 ) ; Gk - 1 is the input

m atr ix at mo ment ( k - 1) ; Uk - 1 is the input vec2
tor at mo ment ( k - 1) ; #k - 1 is the distr ibut io n

m atr ix of m odel no ise at mo ment ( k - 1) ; Xk - 1 is

the m odel noise vecto r at mo ment ( k - 1) ; Zk is

the m easurem ent vector at mo ment k ; Hk is the

m easurement m atrix at m om ent k ; Mk is the meas2
urement noise vecto r at m o ment k .

T he stat ist ical character ist ic at the init ial state

is set as

E{X 0}= U0 ( 20)
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VarX0= E{ ( X 0- U0 ) (X 0- U0 ) T } = P0 ( 21)

Co v( X 0 , Xk ) = 0 ( 22)

Co v(X 0 ,Mk ) = 0 ( 23)

With the substitution of measurements Z1 , Z2 , ,,

Zk , Xk + i is calculated accor ding to the theory of l in2
ear unbiased m inimum variance ( w hen i < 0, it is

interpo lat ion; w hen i= 0, it is f iltering; when i> 0,

it is for ecast ing. )

The est im ate err ors can be calculated by the

ex pectat ion Pk| k - 1 o f the forecast error of the state

vector and the ex pectat ion Pk | k of the f iltering er2
r or of the state v ector, namely

Pk | k - 1= E[ x̂k | k - 1 x̂
T
k | k - 1 ] (24)

x̂k | k - 1= xk - x̂k | k - 1 (25)

Pk | k = E[ x̂k | k x̂
T
k | k ] (26)

x̂k | k = xk - x̂k | k ( 27)

w here: xk is the t rue v alue; x̂ k | k - 1 is the forecast

value at mom ent k, w hich is calculated by the state

variable at the mom ent ( k - 1) ; x̂k | k is the f iltering

value at mom ent k .

Breaking thro ug h the lim itat ions o f classical

cont rol theory, the KF technique is suitable for sta2
t ionary or non2stat ionary , linear or non2linear, con2
centrated o r dist ributed, mult i2input or m ult i2o ut2
put sy stems. T herefore, the KF corr ection tech2
nique is inclusive and f lexible w ith w ide applica2
t ion. Scho lar s[ 18, 57] com bined the standar d KF cor2
r ect io n technique w ith hy dro logic m odels and hy2
drodynam ic models and obtained sat isfactory er ror

cor rect io n effects. H ow ever, KF r equires accurate

est im at ion of system m odels and no ises in applica2
t ions. Due to the com plex f looding pr ocess, the

models describing hy dro logic system s and the dis2
t ribut ion funct io ns of noise are sim ilar, resulting in

limitat ions of the standard KF corr ect io n technique

in real2t ime floo d fo recast ing . H ence, many im2
prov ed KF co rrect ion algo rithm s have been pro2
posed such as EKF, EnKF and UKF [ 58262] . T hese

techniques all conduct no n2linearization for pro pa2

g ation of mean values and variances to im pr ove the

simulat io n accuracy. H o wever, they have dif ferent

methods of non2linear ization. For ex am ple, EKF di2
r ect ly linearizes nonlinear funct ions to av oid the

no nlinear pr ocess, w hile EnKF and UKF both ap2
prox imate relev ant stat ist ics based on a large num2

ber of sampling points ( set ) [ 61] . Therefor e, these

new f iltering cor rect ion techniques are m ore appli2
cable and have a w ider rang e of applicat ions for

nonlinear sy stems such as f lood forecast ing m od2
els.

2. 5  DSRC algorithm

T he DSRC alg orithm [ 67] reg ar ds the forecast

mo del as a response sy stem and cor rects input v ar i2
ables by calculat ing sy stem response curves cor re2
sponding to the input variables in the period. The

corrected input variables are used to re2co nduct

f lood forecasting, so the cor rected flo w for ecast ing

process at sect ions of basin o ut lets can be ob2
tained.

T he f lood fo recast ing model can be sim plif ied

to the follow ing no n2linear system:

Q( t)= f [ X ( t) , H] ( 28)

w here: Q( t) is the calculated f low of the model;

X ( t) denotes the input v ar iable or state v ariable of

the fo recast m odel, such as the rainfall P, runof f R

and the sto rage S of free w ater in the Xinanjiang

( XAJ) model; His the m odel parameter; t indicates

t ime.

Assuming that the model param eter does vary

w ith t im e, the calculated f low is only inf luenced by

the input variable and the state v ariable, namely

X ( t) . Thus, Equat io n ( 28) can be simplif ied as

Q( t)= f [ X ( t) ] ( 29)

T he right side of Equatio n ( 29) is ex panded

by the T ay lor series. Ignoring all the hig h2order

terms and remaining the first order, w e hav e

Q( X , t)= f (XC , t) + U$t+ E ( 30)

where: XC= [ xC
1
, x C

2
, ,, x C

n
]

T is the initial variable

series w aiting2to2be corrected; $X = [ $x 1 , $x 2 , ,,

$x n , ]
T is the estimated error of cor rected varia2

bles; f ( XC , t ) is the initial calculated f low of the

model; Q( X, t) is the measured flow; E= [ e1 , e2 , ,, en ] T

is the measured erro r of f low ; U is the response

matrix of the dy nam ic system, which can be solved

by the backw ar d difference method.

According to the classical least squar es meth2
od, w e have

$X= (U
T
U)

- 1
U

T ( Q( X , t )- f (XC , t) ) ( 31)

We can obtain the corrected flow by adding

the est imated er ror $X to the init ial value XC of
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the corrected variable and then input ting it to the

model for r e2calculat ion.

Based on system s and differ ent ial theor y,

DSRC co rrects input variables period by period.

With a st rong phy sical basis, this method does not

lose the fo recast period and thus has a g ood co rrec2
t ion effect . In the last decade, m any scho lar s[ 65269]

have cor rected pr ocess and state v ariables such as

runof f, storage of f ree w ater, sur face rainfall and

soil m oisture content in the Yang tze r iv er, the

H uaihe river and the Minjiang river by the DSRC

method, and all achieved bet ter correct ion results

than AR and o ther correction m odels. T he possible

instable corr ectio n of DSRC in pract ical applica2

t ions ( ill2po sedness of inv ersion) can be so lved by

the addit io n of a penalty funct ion to form ulas. T he

DSRC alg orithm bears part ial variat ions of co rrec2

t ion term s w ith the penalty funct ion, so as to re2
duce the sensit ivities of co rrect ion quant it ies to

flow variat ions, assuring the stability of DSRC cor2

r ect io n
[ 70271 ]

. In addition, DSRC correct io n is ap2
plied w ith an assum ption that terminal error s are

caused by o nly o ne ( o r sev eral) sub2pro cess ( var2
iable) in f lo od fo recast ing, w hile the other sub2
pr ocesses or variables do not hav e erro rs. Such

co rrect ion at t ribut ing all term inal errors to the

er ror of o ne sub2pro cess o r variable is no t co nsist2

ent w ith the actual situat ion that the erro rs o f

flo od for ecast ing ex ist in each sub2pro cess, so it

has lim itat io ns. T herefore, a recent study
[ 72 ]

pro2
po sed an ex tension o f DSRC to co rrect all the sub2

pr ocess erro rs, w hich could further enhance the

co rrect ion effect and the fo recast accuracy. T he

method is descr ibed w ith the simultaneo us cor rec2

t ion of calculation er rors and m odel er rors of ar eal

pr ecipitatio n as the ex am ple.

In a basin w ith many pr ecipitat ion stat io ns, the

quant itat ive relat io nships am ong the density o f the

precipitat ion stat ion netw or k Qm , the pro por tion

GP, Q
m
( EP, Q

m
/ ET , Q

m
) o f the areal rainfall error to the

to tal error and the propo rt io n GM, Q
m
( EM, Q

m
/ ET , Q

m
)

of the mo del error to the total error are const ruc2

ted, and GP, Q
m

+ GM, Q
m

= 1. T he relat ionships are

show n in T ab. 1.

Tab. 1  Quant itat ive relat ions hip am ong G P,Q
m
, GM , Q

m
and Qm

Density of precipitation

stat ions

Proport ion of areal

rainfal l error

Proport ion of

model error

Q1
G

P, Q1
= 1- G

M, Q1
G

M, Q1
= E T, Q

n
/ E T, Q

1

s s s

Qm GP, Qm
= 1- GM, Q

m
GM, Qm

= E T, Qn
/ E T, Qm

s s s

Qn GP, Q
n

= 1- GM, Qn
= 0 GM, Q

n
= E T, Qn

/ E T, Qn
= 1

  According to the quant itat ive relat ionships in

T ab. 1, the total floo d forecast ing error E T , Q of the

studied basin ( w ith a density of precipitation sta2
t io ns o f Q) is divided into the areal rainfall error

EP , Q and the m odel error EM , Q according to the dis2
t ribut ion pr opo rt io ns of the error s.

EP , Q= GP, Q@ ET , Q ( 32)

EM, Q= GM , Q@ ET , Q ( 33)

T hen, according to the system respo nse theory

of DSRC, the areal rainfall error EP , Q and the model

error EM, Q of the studied basin are co rrected at the

sam e t im e. T he corrected quant ity series of areal

rainfall $PQ and the corrected quant ity series of

mo del parameter $HQ can be o btained by

$P Q= ( AT
A)

- 1
A

T
E P, Q= GP, Q#( AT

A)
- 1
A

T
ET , Q

( 34)

$HQ= ( BT
B)

- 1
B

T
EM, Q= GM, Q# ( BT

B)
- 1
B

T
ET , Q

( 35)

w here: the total error sequence of f lood for ecast ing

ET, Q is the dif ference betw een the measur ed flo w

series Q( P, H, t ) and the fo recast flo w ser ies

f ( Pc, Q, Hc , Q, t ) ; P c, Q is the areal rainfall ser ies be2

fo re correct ion; Hc, Q is the mo del par am eter ser ies

before corr ectio n; $PQ is the correct ion quant ity of

areal rainfal l; A is the dy nam ic sy stem response

matrix corresponding to areal r ainfall; $HQ is the

correct ion quant ity of the model parameter; B is the

dynam ic sy stem respo nse matrix co rresponding to

the model param eter.

T he corr ected areal rainfall series Pcc, Q and the

corrected model parameter ser ies Hcc, Q are

Pcc , Q= Pc, Q+ $PQ ( 36)

Hcc, Q= Hc, Q+ $HQ ( 37)

T he corrected Pcc, Q and Hcc, Q ar e re2input ted to

the forecast m odel, so the final cor rected flo w

process can be obtained by
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Qcc, Q( t) = f [ Pcc, Q, Hcc, Q, t ] ( 38)

The f ive representat ive real2t im e corr ection

methods have dif ferent features. Feedback sim ula2
t ion is a mo del of manual em pirical corr ection

methods, w hich is co nv enient and pract ical. T he

AR alg orithm and the RLS alg orithm both belong

to regression m odels, w hich are matur e in tech2
niques and easy to im plement. T hey hav e a w ide

rang e of applicat ions in pract ice. With the theo ret i2
cal adv antage, the KF technique is f lex ible and ap2
plicable. Therefor e, KF has derived many im pr oved

algorithms, but this type o f f iltering metho ds has

hig h requir em ents on data. The DSRC m ethod is

the r epresentat iv e of the latest research, w ith sta2
ble perfo rmance and sig nif icant correct ion effect .

Future hydrolo gy w ill pr ogress rapidly w ith the

com puter technolo gy. Especial ly w ith the int ro duc2
t ion o f new g eneratio n o f science and technolog y

such as opt imizat ion algo rithm s, big data process2
ing and ar tif icial intelligence, it w ill enrich and pro2

m ote the developm ent and applicat ions of these re2
al2t im e co rrect ion techniques for f lood forecasting.

3  Conclusions and prospects

Real2co rrect ion is an important for flo od fore2
cast ing . Af ter y ears of development , a num ber o f

resear ch fr uits have been w itnessed f rom sim ple

AR models to complex KF techniques and from ex2

perts. empir ical co rrect ion to art ificial intellig ence

based correct ion. T he real2t ime co rrect ion m ethods

of f lood forecast ing can be catego rized as TBC and

PBC. T hese methods hav e various advantag es and

play an important role in r eal2tim e f lood fo recas2
t ing. In gener al, the emergence o f big data m akes

the dev elo pm ent of r eal2tim e correction techniques

of f loo d fo recast ing closely linked w ith the pro2

g ress o f m athemat ics and inform at ion technolog y.

The rapid dev elo pment of art ificial intelligence and

machine learning bring s new oppo rtunities for the

advancement o f real2t ime cor rect io n techniques o f

flo od forecasting. T he correct ion technique is ex2
pected to m ake new pr ogress in the follow ing as2
pects in the future.

( 1) Real2t ime correct ion based on assimilat io n

techniques, such as EnKF and particle sw arm f ilte2

ring , has show n differ ent advantages, w hich can be

an important research direct io n in the future. As

the rapid dev elo pm ent of space2sky2gr ound inte2
grated monito ring netw ork, the m onitoring for w a2

ter cy cles w ill be great ly enhanced in terms of con2
tent , f requency and accuracy. The monitoring infor2
matio n of f lood w ill be mor e detailed in tem po ral

and spat ial scales, and that of other hy dro logical

cycle elements related to f lood w ill be m ore abun2
dant. H ow to m ake ful l use of m ult ivariate/ m ult i2
sour ce data and develop the assim ilat ion technique

of r eal2tim e cor rect io n data of f loo d forecast ing are

w orthy to be studied in depth.

( 2 ) Scient if ic integrat ion of hydr o2physical

background analysis and mathem at ical descriptions

of for ecast error s is an ef fect ive metho d to im pro ve

the accuracy of TBC. TBC directly deals with terminal

forecast errors, w hich is convenient and pract ical.

H ow ever, most of the ex ist ing TBC methods rely only

on mathematical means to establish error description

equations for error correction, which hardly explore the

physical generation mechanism of errors. Applicat ions

show that even for the same hydrological forecast

scheme, the pattern o f f lood forecasting errors w il l

be dif ferent in case of the sam e rainfall but dif fer2
ent rainfall centers, stages of w ater rising and re2
cessing , f lood mag nitudes and seasons.

( 3) PBC, w hich consider s the f lood process,

w ill be the main r esearch direct ion of real2t im e cor2
rect ion for f lood fo recast ing in the future. In es2
sence, the terminal erro rs of flo od forecast ing are

accum ulated f rom the erro rs in sub2pro cesses of

f lood forecast ing. PBC corrects er rors of sub2
processes and thus reduces the final errors, w hich

is it s theoret ical advantage. H ow ever, it is limited

in pract ice as the com plete intermediate m onitor ing

data are dif ficult to o btain. W ith the help o f big da2
ta, the detailed m onitor ing data of intermediate

f lood processes such as r ainfall, runoff and conf lu2
ence ar e more available, and it w ill further pro mote

the development of PBC. For ex ample, based o n the

system response theor y, the DSRC m ethod can be

improved or ex tended based on the suf ficient m oni2
toring informat ion of rainfall and r unof f. When the

discharge data of num er ous w ater conservat ion
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pro jects in a basin are available in real t ime, no des

can be set in the M uskingum matrix equat io n of the

KF method to incorporate the inf luences o f hum an

act iv ities to correct ion equatio ns.

( 4) T he big2data2based correct ion mo del for

for ecast erro rs is ex pected to be a new direct ion o f

breakthro ug h. Although big data analysis has not

achieved substantial prog ress in real2t im e co rrec2

t ion for flo od fo recast ing , it repr esents the m ost

pro mising direct ion that w ill g enerate break2
throughs in the future. We can sear ch the associa2
t ion r ules betw een ter minal error s or process error s

and the data based on massive measurements and

their derived data ( including: rainfall, soil m ois2

ture, stor ag e of r eserv oirs, base f low of r iv er chan2
nels in the previous perio d; the center of rainstor m,

spat ial and temporal dist ribut ion, and rainfal l ( in2
tensity) of the current r ain, as w ell as the climate

backg round and g eneral circulat ion facto rs in the

more earlier stage; rainfall and f loo d ser ies ob2
ser ved in histor y; forecast results of dif ferent mo d2
els, etc. ) . This can be achieved by machine lear ning

algorithms such as random forest , suppor t vector

machine, convolut io nal neural netw o rk ( CNN) , re2

cur rent neur al netw or k ( RNN ) , long sho rt2term

memory ( LST M ) netw o rks and deep neural net2
w o rk ( DNN) . T hen big2data co rrect ion m odels can

be established for forecast err ors.
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