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Fig.1 Schematic representation of the neighborhood verification method: (a) observation field( black square represents observa-

tion site) ; (b)comparison of traditional “point-to-point” and neighborhood “one-to-many” verification approaches( black

square represents forecast grid point for “point-to-point” matching, and gray shadings indicate neighborhood of forecasts

with a radius of three grid points for* one-to-many” matching; (c¢) “many-to-many” neighborhood verification approach

applied to the observation field, with a neighborhood radius of three grid points; (d) “many-to-many” neighborhood veri-

fication approach applied to the forecast field, with a neighborhood radius of three grid points
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Fig.2 Schematic diagram illustrating the neighborhood probability method; (a) grid based precipitation distribution; ( b) event

making single grid point; (¢ ) probability calculated across the neighborhood
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966



i B A, 4« A SRR AR R IR H Y B F 5T i

A L SEVTA T L AT LKA [R] 23 5 0 25 ) 4R
HEAT HeAE, MTHT A0 8 43 M 3 A X AT T R
{517 8] A8 ( Mittermaier and Roberts, 2010 ; Mitter-
maier,2014) i BB P43 & M 0 A [, 48 3 12 4
50 AT L3 S A AR A B AR S A A 0, 4 R
R TR A Y A A 30 AT A 43 Ay A K AR A 5 A A
BRI, Fie R E S I 0 R R s A VT L A
L R IR o R R A S . 2 AR R
B LGN &P B A 9 DY 43 0T T4 D 22 BURK ( Duc
et al., 2013 ; Mittermaier, 2021 ; Rempel et al., 2022;
Pan et al.,2024) , B 5% DX 30 08 ORIt 4P S8l 05 4G 50 1)
SR, IR ST DI/ , )R] BTV D R AL A%
BREMARERRBE . HLAb, A1 0 AN [6) T8 AR 48 5l i %) A6
B VEAl 22 57, A7 — 28 43 47 Al EE ¢ ( Nachamkin and
Schmidt,2015) ; B 5% & W, B A1 J5 T8 <08 S8k 1 X 46
0 25 S 1 5 e AS U

58 VF 43 1 FSS 1 BE & K 5 (B U BR 5F,
2022) |y 4 PR AR AR K 0 A3 ] RUBE SR 2 B (R
SCAEAE 2018 ;X # 45, 2019 5 JH SCHE AR KOG, 2019;
2 RAF, 20215 A 58 B ORR BB, 2022) R AR
JE R A RCR 3 M (R 35, 2019 5 AR % 72 55
2021) & ARk A 50 76 [ g T Ty, K 4
i T T ECMWF B2 1 4l (19 — 4> 4B 38 ik FSS
F1 ETS (equitable threat score) # & ¥F 43 1t H. 7Y [
Fo A B vb it 08I 95K O OB i B — )
CMORPH ( NOAA Climate
morphing method) L& 5 H 3l i & /N B K il 5 9%
o & 4 [T L TR AR B R R K I BE RS 1
K, FSS H1ETS P-4 [ i 4 O, 100 7 =7 1 (B 7K 1
B R 23 ] RUBE S48 A AT R 42 w10 AR T4l o ff %2, (H

Prediction  Center

110 0.223 0.33
0.30
90 0.27
0.24
§ 70 0.21
glz( 0.18
E 50 0.15
H 0.12
30 0.09
0.06

.0
10 0.03

0

01 02 05 10 20
KK 4/ (mm = (6 h))

P4 ARk Aer 3 B R 1) - (a) AN [ 2 i) RUBE 0 B /K o g B Y 4B 4R7% FSS; (b) ETS T2 56 (51 B il B A8 %5 (2016a) )
Fig.4 Example application of the neighborhood method for verification: (a) FSS across varying spatial scales and precipitation

thresholds ; ( b) verification of the ETS score( cited from Pan et al.(2016a) )
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Fig.5 A case study demonstrating wind field verification using the neighborhood method: ( a) idealized observed wind field; (b)

hypothetical forecasted wind field; ( ¢ ) relationship between verification scores and forecast gust displacement( cited from

Skok and Hladnik(2018) )
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Fig.6 Example application of neighborhood error compensation in verification scores, showing results for varying neighborhood

radii; (a) probability of detection; (b) false alarm ratio; ( ¢) FSS score( cited from Stein and Stoop(2019) )
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Abstract The traditional dichotomous contingency table test, which evaluates the objective performance of nu-
merical weather prediction ( NWP) based on the point-to-point matching between forecasted and observed
events, has notable limitation when applied to high-resolution NWP or convection-allowing models ( CAM). The
neighborhood method addresses these limitations by relaxing the grid scale matching constraints between
forecasted and observed events, making it particularly valuable for evaluating high-resolution numerical weather
forecasts and the post-processing of objective probability forecasts. This paper systematically reviews the key ap-
plications of the neighborhood method in weather forecasting, focusing on two key aspects: one is the
verification of high-resolution numerical models using neighborhood method; and other is the neighborhood prob-
ability or neighborhood probability of ensemble forecasts. First, the study outlines the verification frameworks of
two neighborhood methods, “one-to-many” and “many-to-many” , and discusses the data processing techniques
associated with the neighborhood method, alongside the physical interpretation of common scoring matrices such
as FBS (fractions brier score) and FSS (fractions skill score). It is concluded that, in addition to traditional di-
chotomous contingency table-based verification metrics, the neighborhood method facilitates comparisons of fore-
cast performance across multiple spatial and temporal scales. This enables the derivation of diagnostic metrics for
NWP forecast performance based on scale changes, providing unique advantages. Second, it summarizes the fun-
damental concepts and statistical meaning of the grid scale neighborhood probability and the neighborhood proba-
bility at scales larger than the grid. Discussion focuses on expounding the algorithm workflow and internal mean-
ing of neighborhood ensemble probability ( NEP) forecast and neighborhood maximum ensemble probability
(NMEP) forecast derived from ensemble forecasts. Third, by examining typical application cases, it analyzes the
advantages, disadvantages and applicability of the neighborhood method and neighborhood ensemble probability.
Results show that both NEP and NMEP enhance precipitation forecast scores. NEP performs better for large-scale
and systematic precipitation forecasts, whereas NMEP is more effective for convective and extreme precipitation
events. However, the selection of an appropriate neighborhood radius remains a critical technical challenge, as it
is influenced by variations in underlying surface conditions and the optimal neighborhood scales of different NWP
products. Finally, the paper discusses future directions for the application of the neighborhood method in weather
forecasting. Promising areas of research and application include integrating neighborhood ensemble probability
with the temporal dimension, developing metrics for the rare-event ensemble neighborhood probability, and ex-
ploring synergies between the neighborhood method and artificial intelligence. These directions hold significant

potential for advancing the utility and impact of the neighborhood method in weather forecasting.

Keywords neighborhood verification; fractions skill score; neighborhood probability; neighborhood

ensemble probability
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