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सार — आईएमडी-ग्लोबल फोरकास्ट सिस्टम (GFS) मॉडल के परू्ाानमुानों के प्रदर्ान का मूल्ाांकन अरुणाचल 
प्रदेर् (ARP) के सलए 2022 के दक्षिण-पश्चचम मॉनिून के दौरान हुई र्र्ाा के आांकडों के आधार पर कक्ा जाता है। 24 
घांटों में ≥64.5 सममी िे अधधक र्र्ाा के कुल 14 मामलों की जाांच की गई। पे्रक्षित और मॉडल ददन-1 की अनमुाननत 
र्र्ाा के बीच 0.71 के िहिांबांध गुणाांक (R) के िाथ िहमती प्रदसर्ात होती है, हालाांकक, परू्ाानमुाननत अग्रकाल बढ़ने के 
िाथ R-मान 2-4% तक कम हो गए। इिके अनतररक्त, पहले ददन के सलए मॉडल का पे्रक्षित र्र्ाा अनमुान 10-20% 
अधधक लगा्ा तथा अग्रकाल के बढ़ने के िाथ इिमें 4-6% की और र्दृ्धध हुई। ददलचस्प बात ्ह है कक मॉडल 
परू्ाानमुानों ने 2022 के मॉनिून के दौरान अरुणाचल प्रदेर् में 7-िमाांग HRF िेत्रों को ददखा्ा, जबकक पे्रिण ने केर्ल 
5 िेत्रों को ददखा्ा। परू्ाानमुान प्रदर्ान का मूल्ाांकन करने के सलए, प्रोबेबसलटी ऑफ डडटेक्र्न (POD), फालि अलामा 
रेट (FAR), एश्क्र्टेबल थ्रेट स्कोर(ETS), और हेडके-कुइपर श्स्कल स्कोर (HK) जिेै कौर्ल मेदिक्ि की गणना की गई। 
पररणाम दर्ााते हैं कक ददन-1 के परू्ाानमुानों के सलए POD 0.82 है और FAR 0.32 है जो HRF घटनाओां के िही 
परू्ाानमुान करने की उच्च दर को दर्ााता है। इिके अलार्ा, 0.43 का ETS और 0.38 का HK स्कोर मध््म मॉडल 
प्रदर्ान दर्ााता है। अग्रकाल बढ़ने पर ्े श्स्कल स्कोर 2-4% तक कम हो जाते हैं। इिके अलार्ा, मॉडल परू्ाानमुानों का 
मूल्ाांकन चेतार्नी रांग शे्रणी (पीले, नारांगी और लाल) के आधार पर कक्ा जाता है। पररणाम उन ददनों के दौरान एक 
ददन के अग्रकाल पर क्रमर्ः िुझार् देते हैं, जब पीले रांग की चेतार्नी दी जाती है, POD दर लगभग 0.80, जबकक 
नारांगी (लाल) चेतार्नी के ददनों में POD दर 0.52 (0.25) होती है। ्ह दर्ााता है कक मॉडल पीले अलटा र्ाले ददनों में 
HRF घटनाओां का परू्ाानमुान करने में िबिे अच्छा प्रदर्ान करता है, लेककन िभी अग्रकाल के सलए नारांगी और लाल 
अलटा र्ाले ददनों के सलए कम िटीक होता है।  

 

ABSTRACT. The performance of IMD-Global Forecast System (GFS) model forecasts is evaluated against 

observed rainfall data during the southwest monsoon of 2022 for Arunachal Pradesh (ARP). A total of 14 heavy rainfall 
(HRF) cases were examined when the rainfall exceeds ≥64.5 mm in 24-hours. With a correlation coefficient (R) of 0.71 

between the observed and model day-1 predicted rainfall exhibits a very good agreement, however, R -values were 
decreased by 2-4% as the forecast lead time increased. In addition, for day-1 model overestimated the observed rainfall 

by 10-20% and has increased further by 4-6% as the lead time progresses. Interestingly, the model forecasts noticed the 

7-homogeneous HRF zones in ARP during the monsoon 2022, whereas the observations noticed only 5 zones. To assess 
forecast performance further, skill metrics such as Probability of Detection (POD), False Alarm Rate (FAR), Equitable 

Threat Score (ETS) and Heidke-Kuiper skill score (HK) were computed. Results show that the POD for day-1 forecasts is 

0.82, and the FAR is 0.32 indicating a high rate of correctly predicting HRF events. In addition, ETS of 0.43 and HK 
score of 0.38 suggest moderate model performance. These skill scores decrease by 2-4% as lead time increases. 

Furthermore, the model forecasts are evaluated based on the warning color category (yellow, orange, and red). The results 

suggest during the days when the yellow alert is given the POD rate is about 0.80, whilst the orange (red) alert days the 
POD rate is 0.52 (0.25), respectively at one-day lead time. It indicates that the model performs is best in predicting HRF 

events during the yellow alert days but less accurate for orange, and red alert days for all lead times. 
 

Key words  –  Heavy rainfall, Observational-data, IMD-GFS model forecasts, Impact-based forecast and Objective 

verification. 
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1. Introduction 

 
The Indian Summer Monsoon (ISM) is a complex 

feedback system involving land-sea-atmosphere 

interactions with global connections, despite its regional 

meteorological dominance. In recent years, India has 

experienced an increase in heavy rainfall (HRF) events 

(rainfall > 64.5 mm in 24-hours) during the monsoon 

season exerts profound influence on agricultural 

production, water resources, and human lives. Thus, the 

accurate prediction of these events is very important and 

has major socioeconomic implications (Mahanta et al., 

2013; Wang et al., 2015; Mohapatra et al., 2021; 

Upadhyay et al., 2023). North-East India (NEI) is hotspot 

for HRF occurrence (Pattanaik and Rajeevan, 2010) and 

associated flooding can cause severe damage. Many 

studies show an increasing trend in HRF occurrences 

across NEI during the monsoon season (Parthasarathy and 

Dhar, 1974; Sinha Ray and Srivastava, 2000; Goswami et 

al., 2006; Subash et al., 2010; Guhathakurta et al., 2011; 

Mohapatra et al., 2021). These HRF events are typically 

linked to large-scale synoptic systems such as low-

pressure areas, active monsoon trough, mid-tropospheric 

circulation, and meso-scale circulations. (Rao, 1976; 

Webster, 1998; Goswami et al., 2006; Mohapatra et al., 

2021). Additionally, orography also plays a vital role in 

the occurrence of HRF events over the study region 

(Mahanta et al., 2013; Prokop and Walanus, 2015; Sharma 

et al., 2019; Goswami et al., 2010; Mohapatra et al., 2008, 

2021). Furthermore, Das et al. (2009) and (2015) showed 

that the distribution of heavy rainfall throughout the NEI 

during the SWM season is influenced by the location of 

the monsoon trough and synoptic systems like monsoon 

lows in and near NEI. Moreover, the spatial pattern of 

rainfall over NEI and the associated synoptic settings were 

studied in detail by Das Gupta (1967); Srinivasan, et al. 

(1972); Mohapatra et al. (2008) and (2011). Ramamurty 

(1969); Rao (1976); and Rahecha and Pisharoty (1996) 

concluded that the break monsoon conditions, when the 

monsoon trough is located near the foothills of the 

Himalayas, are very favorable for rainfall activity in NEI. 

 
Numerical Weather Prediction (NWP) models have 

become an essential tool for routine weather forecasting, 

as well as for predicting the HRF events well in advance. 

Accurate prediction of HRF events is necessary as these 

events can lead to flash floods, landslides, soil erosion, & 

other disasters (IPCC, 2022). Several studies have 

examined the occurrence, trends, variability & verification 

of HRF events across India (Goswmai et al., 2006; 

Rajeevan et al., 2008; Mahanta et al., 2013; Mohapatra et 

al., 2009; Ashrit et al., 2015; Satyanarayna & Kar, 2016; 

Sharma et al., 2019; Mohapatra et al., 2021). Goswami et 

al., (2006) found an increasing trend in HRF events using 

IMD gridded rainfall data. Utilizing the same dataset, 

Rajeevan et al. (2008) highlighted the rising frequency of 

HRF events in central India. Satyanarayana and Kar 

(2016) also found similar results by using model forecasts. 

Mahanta et al. (2013) noticed that the most favorable 

period for HRF events in NEI is between 10 June & 5 

Aug., whereas they have found a decreasing trend in HRF 

events. Sharma et al. (2019) noted an improvement in the 

model’s ability to predict HRF events over NEI with skill 

scores increasing from 0.16 to 0.41 between 2007 & 2018. 

Further advancements were observed by Mohapatra et al. 

(2021) reported even more improvement in HRF forecast 

accuracy with skill scores rising by 48% during 2017-18, 

compared to 2002-16. 
 

There hasn’t been much research done on the 

verification of HRF occurrences over Arunachal Pradesh 

(ARP) (Khaladkar et al., 2009; Nandargi and Dhar, 2011; 

Bhagawati et al., 2018; Singh et al., 2021). Khaladkar et 

al. (2009) noticed that 23% of HRF events occurred at 

Passighat station in ARP during 1961-1980, with the 

frequency increased by 5% during 1981-2000. Bhagawati 

et al. (2018) found an increase in HRF events at Basar 

station in ARP from 1979 to 2015. Also, they found that 

the percentage contribution of HRF events to the annual 

total rainfall is higher compared to the light-to-moderate 

rainfall contribution. Singh et al. (2021) investigated the 

historical (1981 to 2019) and future (2021 to 2050) 

climate change situation using 15 extreme precipitation 

indices in Pare watershed of ARP. They found 12 indices 

showing decreasing trends during the historical period 

with statistically insignificant at the 95% confidence level, 

whilst 3 indices were found to be statically significant. In 

addition, they observed a decreasing trend at a rate of 3.13 

mm per year during the historical period. In this paper, an 

effort has been made to assess the model forecast skill in 

respect to HRF events in ARP during the monsoon season 

of 2022.  
  

The structure of the paper is organized as follows. 

Section 2 provides a detailed description of the study area, 

the data used, the synoptic situation, and the methodology 

adopted. Section-3 presents the results, focusing on the 

comparison between observed and model forecasted HRF 

events over ARP and summary statistics thereof. Special 

emphasis is given to the performance of model forecasts 

for different warning color categories at different lead 

times. Finally, the key results are summarized in             

Section 4.  
 

2. Data and methodology 
 

2.1. Study area  
 

Arunachal Pradesh receives significant rainfall 

during the monsoon season (June to September) due to its 

location and topography, making it one of the wettest 
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regions in NEI. The average rainfall of ARP is 

approximately 2800 mm (Bhagwati et al., 2017; IMD 

2022b) during the monsoon season. The eastern districts 

receive the highest rainfall often exceeding 4000 mm, 

whereas in western and central parts of ARP rainfall is 

approximately 25% lower than the eastern part.ARP is 

geographically located between 26.5 °N to 29.5 °N and 

91.5 °E to 97.5 °E [Fig. 1(a)]. The terrain of ARP is 

predominantly mountains featuring the eastern Himalayas 

where elevations range from 60 m to 7000 m. The state’s 

ecology features adiverse mix of dense forests, wetlands, 

and agricultural areas (mostly millets and fruits are 

grown). The state’s climate is varied with subtropical 

conditions in the valley and alpine climate in higher 

altitudes. About 60% of annual total rainfall occurs 

between June and September, interestingly the 

contribution of heavy rainfall is approximately 45% 

(Sandeep et al. 2024). For the present study, the ARP 

region is divided into three zones, namely the western 

region (8 districts), the central region (8 districts) and the 

eastern region (9 districts). 

 

2.2. Description of observation data and model  

data  

 

The present study utilized two types of rainfall 

observations (i) IMD’s high resolution 0.25° × 0.25° daily 

gridded rainfall data (Pai et al., 2014) and (ii) station 

rainfall data. The first dataset is prepared by utilizing the 

daily rainfall data archived at the National Data Center in 

Pune. For the period 1979-2022, IMD has rainfall records 

from 6955 stations, among them IMD observatory stations 

(547), agromet stations (74), and the remaining stations 

are from state government offices. On average, rainfall 

data from 2600 stations per year were available for 

preparing the daily gridded dataset (Pai et al., 2014). The 

second data was prepared by Meteorological Centre (MC) 

Itanagar using rainfall information from 56 stations 

collected from state government offices, and IMD 

observatory stations. All these stations are marked with 

the open red circles in Fig. 1(a). These rainfall datasets are 

augmented with the European Reanalysis version 5 (ERA-

5) wind dataset that has a spatial resolution of 0.25 

degrees latitude/longitude with a temporal resolution of  

1-hour (Hersbach et al., 2020).  

 
 

This study also utilized the data from a high-

resolution spectral model, i.e., the Global Forecast System 

(GFS) run by IMD. This model provides medium-range 

forecasts with a horizontal resolution of T1534 (about 

∼12 km at mid-latitudes). This deterministic model has 64 

sigma-pressure hybrid levels in the vertical. The 

dynamical core of the model is based on a semi-

Lagrangian  that  has  a  spectral  triangular   truncation  of  

 
 

Figs. 1(a&b).   (a) Topography of Arunachal Pradesh (study area) 
with rainfall recording stations marked with open red 

circles and (b) Climatological mean rainfall [mm/day] 

during the 1979 to 2022 period derived from IMD 
high-resolution daily gridded data 

 

 

1534 waves. The model uses a four-dimensional 

variational data assimilation (4D-Var) scheme for 

generating initial conditions. The input data for this 

scheme is sourced from the global data assimilation 

system which is operational at NCMRWF (Prasad et al., 

2021). Global analysis was carried out four times per day 

(0000, 0006, 0012 and 0018 UTC) to produce the first 

guess, then the model produces global operational 

forecasts for 10 days twice a day, at 0000 UTC (0530 IST) 

and 0012 UTC (1730 IST). For this study, only day-1 to 

day-3 lead time forecasts were assessed. Further details 

about the operational configuration of the IMD-GFS 

model and parametrization schemes used can be found in 

IMD (2021).  

 

2.3.  Synoptic situation of southwest monsoon 2022 

over ARP 

 

During the ISM of 2022, the NEI region received an 

average of 713 mm rainfall, which is 82% of the long-

period average of 870 mm, suggesting the below-normal 

monsoon. On the other side, APR experienced normal 

rainfall at 98% of its long-period average. The cumulative 

rainfall over ARP was 1430.3 mm against the normal 

rainfall of 1676.1 mm (departure is -15%) in the year 2022 

(IMD, 2022b). The monsoon arrived in ARP on 3rd June, 

2022, which was 2-day delay from the normal date, whilst 

the withdrawal of the monsoon was 15th October, 2022. 
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Considering the week-by-week rainfall analysis, out of 

17-weeks (from 01 June, 2022 to 30 September, 2022) it 

has been found that 6-weeks were found to be have 

deficient rainfall (departure -59% to -19%), 4-weeks 

recorded normal rainfall (departure -19% to 19%),            

3-weeks received excess rainfall (departure 20% to 59%), 

2-weeks had large-excess rainfall (departure 60% or 

more), and 2-weeks had large deficient in rainfall 

(departure -99% to -60%) over ARP (IMD, 2022a). The 

long-term average of rainfall (1979 to 2022) during the 

monsoon season (June to September) over the study area 

is shown in Fig. 1(b). From this figure, climatologically 

the study area receives an average rainfall of                     

≥ 7.6 mm/day, indicates that moderate rain spells are very 

common in this region during the monsoon season.  

 
The Impact Based Forecast (IBF) provides more 

actionable weather information by focusing on the 

consequences of severe weather (here it is for HRF event). 

IBF employs a risk matrix that calculates the warning 

level based on the severity and likelihood of an event’s 

impact. The warnings are color-coded as follows: Green 

(no warning), Yellow (Watch), Orange (Be updated), and 

Red (Take action). Full details about the evaluation of the 

HRF warning system and IBF can be found in Mohapatra 

et al. (2021) and IMD (2021). MC Itanagar issued 14 IBF 

bulletins during the monsoon season 2022in association of 

HRF events in various districts of ARP. In totality, 164 

districts were under yellow alerts, , orange and red alerts 

were issued for 46 and 2 districts, respectively(see the 

consolidated statement in Fig. 5). The number of yellow 

(orange) alerts is 153 (21) before 48-hours, and 106 (5) 

before 72-hours, respectively. All these IBF cases and 

their associated impacts are tabulated in Table 1. From 

this table, a total of 63 districts were impacted in ARP 

with almost 18,000 people affected by HRF events. A 

total of 26 people lost their lives and 36 land-slides were 

reported across the study area. In addition, 106 houses 

were damaged due to HRF and 108 cases of infrastructural 

damage (power lines, bridges, walls, road blockage, etc) 

were recorded. These impacts are collected from State 

Disaster Management Authority (SDMA) daily situation 

reports. During this study period, 121 districts were issued 

HRF warnings (7-11 cm in 24 hours), 55 districts issued 

very HRF warnings (12-20 cm in 24 hours), and 2 districts 

were alerted for extremely HRF warnings (>20 cm in 24 

hours) in the study area. The total number of districts 

actually affected over the study area was 63, while the 

IMD-GFS model day-1 forecast issued warnings for 51 

districts. 

 
2.4. Methodology  

 
To estimate the rainfall distribution (RFD) for those 

days when the HRF event is recorded for the study area, 

we have calculated the rainfall greater than 0.1 mm, and 

no rain days (i.e., rainfall is equivalent to zero). The 

distribution of rainfall (percentage occurrence) is 

computed using Eqn. (1). 

 

 0.1mm ststions ofNumber 0.0mm

  toequivalent stations ofNumber 

0.1mmstationsofNumber
100RFD

+


= x  

(1) 

 

The computed RFD values were classified into five 

categories, namely dry (<1%), isolated (1%-25 %), 

scattered (26%-50%), fairly-widespread (51%-75%), and 

widespread (76%-100%). Hereafter they mentioned as 

DRY, ISOL, SCT, FWS and WS, respectively. The 

present study follows three rainfall intensity categories: 

HRF (64.5–115.5 mm in 24-hours), very HRF (115.6–

204.4 mm in 24-hours), and extremely HRF (≥204.5 mm 

in 24-hours).  

  

To evaluate the model’s forecast performance, skill 

metrics were computed using a 2 × 2 contingency table, 

following Wilks (1995). The contingency table captures 

the correspondence between forecasted and observed 

rainfall events and categorizes outcomes into four groups, 

namely A (yes, yes): event forecasted and observed, B 

(yes, no): event forecasted but not observed, C (no, yes): 

event not forecasted but observed, and D (no, no): event 

neither forecasted nor observed. Based on this 

contingency table, the following statistical metrics were 

calculated to evaluate the model forecast performance. 

 

Percentage Value = 100* [(model forecasted 

value – observed 

value)/(model forecasted 

value)] 

 

Probability Of 

Detection (POD) 

= A/(A+B) 

False Alarm Rate 

(FAR) 

= C/(C+A) 

Equitable Threat 

Score (ETS) 

= A/(A+B+C) 

 

 

Heidke-Kuiper 

Skill Score (HK)   

= 2(AD-BC)/[(A+C)*(C+D) 

+ (A+B)*(B+D)] 

 

Percentage values are used for accounting the 

overestimation or underestimation of the model forecasts 

with respect to observations. POD measures the 

proportion of observed events that were correctly 

forecasted. FAR represents  the  proportion  of  forecasted  

(2) 
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TABLE 1 

 

Summary of IBF days when HRF event was realized in the study area and their corresponding impact 

 

Date Affected Districts/Village 
Population 

Affected 

Humans 

Lost 

Land    

slides 

Houses 

Damaged 

Infrastructural 

damage 

17.06.2022 
Dibang Valley; Changlang; Lower Siang; West Kameng; 

Pakke Kessang; Upper Subansiri; Tawang 
1039 1 3 5 9 

18.06.2022 

East Kameng; Leparada; West Kameng; Upper 
Subansiri; Tawang; Anjaw; Lohit; Pakke-Kessang; East 

Siang 
63 1 2 5 7 

19.06.2022 
Kurung Kumey; Papum-Pare; Siang; Tawang; Lohit; 

West Kameng 
74 1 4 7 9 

28.06.2022 
West Siang; Papum-Pare; East Siang; Siang; Namsai; 

Lower Dibang Valley; Lohit 
7150 5 14 20 18 

29.06.2022 

Lower Subansiri; Upper Siang; Lower Siang; East Siang; 

Papum-Pare; Tirap; Lohit; Siang; West Kameng; 

Longding 

1459 NIL 3 15 17 

18.07.2022 
Lohit; East Siang; Lower Dibang Valley; Upper 

Subansiri 
2500 4 2 10 6 

19.07.2022 
Lohit; East Siang; Lower Dibang Valley; Lower Siang, 

Namsai 
1500 2 1 8 4 

31.07.2022 Papum-Pare; Siang; East Siang 850 NIL 1 4 2 

01.08.2022 Siang; Lower Dibang Valley 600 3 1 7 9 

27.08.2022 Siang; Lower Dibang Valley; Dibang Valley 1200 2 2 8 10 

01.09.2022 Changlang 12 NIL 1 1 2 

02.09.2022 Leparada 14 NIL 0 1 1 

03.09.2022 Siang; Dibang Valley; Lower Dibang Valley; East Siang 1200 7 2 14 10 

04.09.2022 Leparada; Lower Dibang Valley 8 NIL 0 1 4 
 

 

 

events that did notoccur.ETS and HK metrics measure the 

overall accuracy and improvement of the forecast. For a 

perfect and accurate forecast; the ideal values of POD=1, 

FAR=0, and ETS=1. The HK score is a fractional 

improvement of the forecast over the standard 

observations, which is superior to other skill scores. HK 

ranges between -1 to +1 with 0 indicating no skill. These 

metrics provide valuable insights into the effectiveness 

and reliability of rainfall forecasts. 

 

3. Results and discussion 

 

In this section, the rainfall characteristics (spatial 

distribution and intensity) between observations and 

model forecasts at different lead times have been 

investigated first over the study area, and later over 

different cluster zones. Major concern is given to the 

performance of model forecasts for different color-coded 

warnings issued by IMD in the IBF system. The results 

from this analysis are expected to provide insights into the 

model's reliability for early warning systems, particularly 

in issuing timely and accurate alerts for HRF events. 

3.1. Characteristics of rainfall between 

observations and model forecasts 

 

Spatial variation of observed rainfall (combined 

gridded and station rainfall data) and model-predicted 

rainfall averaged for 14 days when HRF events occurred 

(as listed in Table 1) for different lead times is presented 

in Figs. 2(a-d). Observed rainfall in Fig. 2(a) is overlaid 

with mean wind vectors at the 700 hPa level from ERA-5 

reanalysis outputs, while in Figs. 2(b-d) presented the 

model-predicted rainfalls with overlaid wind vectors at 

850 hPa level from the IMD-GFS model forecasts for   

day-1, day-2, and day-3 lead times respectively. The 

winds show a southwesterly flow (a typical ISM 

circulation) and these winds carry moisture from the Bay 

of Bengal, contributing significantly to the occurrence of 

rainfall over the study area. Overall, the model forecasted 

winds also suggest similar circulation patterns. The 

interaction of these winds with the topography of ARP 

enhances the orographic lifting process, resulting in heavy 

rainfall. The mid-altitude regions (between 2-3 km) 

recorded the highest concentrations of HRF zones. Most  
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Figs. 2(a-e).  Spatial distributions of (a) observed mean rainfall with overlaid mean wind vectors at 700 hPa level derived 
from ERA-5 reanalysis wind data. (b-d) Same as (a) but for IMD-GFS model forecasts at day-1, day-2, and 

day-3 lead times, respectively. The model rainfall data is overlaid with model forecasted winds at 850 hPa 

level. The blue color dashed boxes on (b) are the coherent zones [HRF zones]. (e) Case-to-case variation of 
rainfall distribution identified from station-level rainfall observations [black], daily gridded rainfall 

observations [brown], and model-predicted rainfall data for day-1, day-2, and day-3 lead times with blue, 

green, and red color bars, respectively 

 

 

of this rainfall is primarily associated with the all India 

break monsoon conditions, and when the monsoon trough 

passes through or near the study area. The IMD-GFS  

model day-1 forecasts consistently over estimates the 

observed rainfall, and the error values (model minus 

observation) are slightly decreased for day-2 and day-3 

lead times. On average, the observed rainfall over the 

study area was 24.7 mm, while the model predicted            

29.2 mm rainfall for day-1, 26.08 mm rainfall for day-2, 

and 28.57 mm rainfall for day-3. Strikingly, the model 

forecasts identified 7- HRF zones (2 western, 3 central, 

and 2 eastern regions of ARP) which are marked in        

Fig. 1(b) with blue dotted boxes, whereas the observations 

registered only 3-HRF zones (one in each region). 

Overall, the IMD-GFS model exhibited approximately 10-

20% higher amount of observed rainfall at one day lead 

time, and the model errors increased 4-6% per day for 

subsequent days.  

 

The RFD occurrence percentage values were 

computed between observations (both gridded data and 

station level data) and model forecasts at 3-day lead times 

and the results are presented in Fig. 2(e). The black 

(brown) colour bars are realized RFD (percentage 

occurrences) computed from the station (gridded)    

rainfall data, whereas the blue, green, red  colour  bars  are  
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Figs. 3(a-c).  (a) Area-averaged rainfall distributions in terms of boxplots forseven coherent zones identified in the study 

area between observations and model forecasts at different lead times. (b) Occurrence percentage of HRF 

events (>=64.4 mm to <115.5 mm in 24 hours) calculated between observations and model forecasts in 
different lead times. (c)Number of samples considered in each coherent zone for two different rainfall 

limits, with blue (red) indicatingthe rainfall less (greater) than 64.5 mm 

 
 

 

computed from IMD-GFS model rainfall forecasts at day-

1, day-2, day-3 lead-times, respectively. In most cases, the 

two types of rainfall observations show some variation in 

percentage occurrences, however despite their RFD class 

the average difference between the two is less than 5%. 

This indicates that local station-level rainfall data might 

capture small-scale variability more precisely. Out of 14 

days, when HRF alerts were issued and realized, the 

station (gridded) rainfall data reported 10 (0) WS, 3 (13) 

FWS, and 1 (1) SCT, respectively, whereas the model 

day-1 forecast predicted all days with WS only. This 

suggests that the RFD category is relatively well predicted 

in the station rainfall observations. In totality, station level 

rainfall data corresponds well with the model forecasted 

rainfall (R=0.78), whilst the gridded rainfall observations 

have a slightly lower correspondence value (R=0.65) at 

one day lead time.  

Furthermore, the rainfall verification was conducted 

over 7 cluster-zones identified by the model (2 in the 

western, 3 in the central, and 2 in the eastern regions of 

ARP) based on the spatial distribution and the comparison 

results are presented in Fig. 3. Fig. 3(a) presents the 

rainfall distributions in terms of boxplots between the 

observations (combined both the gridded and station level 

rainfall data) and the model forecasted rainfall at different 

lead times, where the box comprises 50% of data, and the 

top and bottom whiskers comprise 5% and 95%, 

respectively. From the figure, it is clear that the model 

forecasts identified 7-HRF zones at all lead times, but 

only 5 regions realized HRF events in the observations. In 

addition, two regions (regions 2 and 5) forecasted the 

extremely HRF events (>204 mm in 24 hours), but only 

one region (region 2) is seen in the observations. The 

model showed a tendency to over estimate  rainfall  in  the   
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Fig. 4.  Distributions (in terms of boxplot) of rainfall in each district of the study area between observations and model 

day-1 forecasts. All 14 HRF cases are considered for this distribution, where the box comprises 50% of values 

(25th and 75th percentiles) and whiskers represent 5thand 95th percentile values 

 

 

 

 
 

Fig. 5.  Impact Based Forecasts issued for each district in the study area during the southwest monsoon 2022. The district 

name (date) is provided on the left (upper) side. Each colour coded category indicates the warning level. A total of 
164 yellow alerts, 46 orange alerts, and 2 red alerts were issued at the district level before 24 hours. Here HRF: 

Heavy Rainfall, VHRF: Very Heavy Rainfall, EHRF: Extremely Heavy Rainfall 
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Figs. 6(a-e).  (a) Rainfall Distributions for observations and model day-1 forecasts as function of warning category. 
Distributions of statistical metrics computed between observations and model day-1 forecasts such as (b) 

Probability of Detection, (c) False Alarm Rate, (d) Equitable Threat Score, and (e) Heidke-Kuiper Skill 

Score as a function of the warning category. These distributions are shown as box plots, where the box 
comprises 50% of values (25th and 75th percentiles) and whiskers represent 5th and 95th percentile values 

 

 

western and central regions of ARP and while to 

underestimate it in the eastern region. In Fig. 3(b), the 

occurrence percentage of HRF against available 

observations is presented bar plot at different lead times. 

The number of samples utilized for obtaining the 

percentage values is given in Fig. 3(c), where blue (red) 

colors represent the samples considered for below (above) 

64.5 mm. On average, the three regions of study are such 

as western, central, and eastern ARP realized 12%, 13%, 

and 25% of HRF occurrence, whilst the model slightly 

under(over) estimates the occurrence in the western and 

central (eastern) regions with approximately 1-2% 

difference at one day lead time. Additionally, the 

difference between the model minus realized HRF 

occurrence increased to ~40% at day-2 and day-3 lead 

times. Overall, the model’s day-1 forecast had a ~90% 

match with the actual HRF occurrence across all regions. 

The region 7 exhibited higher frequency of HRF and the 

region1 recorded lower frequency in both observations 

and forecasts. The eastern side of ARP appears more 

prone to HRF events in 2022, while the western side of 

ARP is less prone.This detailed verification suggests that 

rainfall patterns were well captured by the model on day-1 

forecasts but became less accurate as lead time increased, 

particularly in HRF-prone zones in eastern ARP. 

 

The district-level analysis of ARP highlights some 

important observations regarding the model’s performance 

in predicting rainfall, particularly for HRF events in the 

year 2022. Fig. 4 presents the distributions of rainfall in 

terms of box plots between observations and model day-1 

forecasts for 25 districts in ARP. Two interesting points 

are inferred from here. (i) Most of the districts have 

noticed wider rainfall distributions (approximately 60%) 

in the observations, whereas the model day-1 forecasts are 

relatively less wider. (ii) The observed average rainfall 

amountsat East Siang and Lohit districts are 60.5 mm and 

55.2 mm indicating the most prominent districts for HRF 

occurrence, whereas the model predicted the rainfall is 

30.2 mm and 44.5 mm. Observations recorded 37 stations 

with HRF events, while the model forecasted 105 HRF 

stations. For very HRF eventsthe observations reported 17 

stations but the model predicted54 stations, whereas for 

extremely HRF events only 4 stations were observed, but 

the model forecasted just 2 at one day lead time. The 

model‘serror in forecasting HRF events was 36% for 

HRF, 31% for very HRF, and 50% for extremely HRF. 

These errors grow 4-6% per day. On 28th June  2022,the 

model successfully predicted the realized HRF event at 

two stations in the East Siang districtfor all lead times. 

Moreover, on two dates (17 June and 4 Septemeber) the 

model failed to predict extreme HRF event before 48 and 

72 hours though it is realized in the observations and 

mode day-1 forecast. 

 

3.2. Performance of model forecasts as a function of 

weather warning 

 

In 2022, MC Itanagar issued 14 IBF bulletins at the 

district level to alert the HRF events well in advance. The 
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TABLE 2 

 

The average values of statistical metrics computed between 

observations and model forecasts for yellow, and orange alert 

categories when the HRF event was issued in the study area. The 

total number of samples for the yellow alert at day-1, day-2, and 

day-3 lead times are 2348, 2190 and 1517, respectively, while for 

orange alerts the sample sizes are 439, 200 and 50 

 

Observations vs 

Forecasts 
Day-1 Day-2 Day-3 

Yellow alert [2348, 2190, 1517] 

POD 0.83 0.81 0.78 

FAR 0.17 0.22 0.22 

ETS 0.44 0.43 0.42 

HK 0.38 0.39 0.38 

Orange alert [439, 200, 50] 

POD 0.55 0.53 0.50 

FAR 0.45 0.37 0.50 

ETS 0.35 0.34 0.34 

HK 0.35 0.36 0.35 
 

 

 

consolidated IBF statement for these 14 HRF cases is 

shown in Fig. 5. A comparison of rainfall data between 

observations and model day-1 forecast is presented in    

Fig. 6(a) for different color codes. Interesting inferences 

are drawn from here. (i) During yellow and orange alert 

times, the model over-predicted the realized rainfall, 

whereas during the red alert time rainfall is under-

predicted. (ii) The occurrence percentages of HRF events 

during the yellow, orange, and red alerts issued are 32%, 

18%, and 52%, respectively. Nevertheless, the model 

forecasts slightly overestimated these values with errors 

increasing according to the severity of the color-coded 

warning.  

  

Furthermore, skill metrics were computed using  

Eqn. (2) to evaluate the model performance for each 

color-coded warning category (yellow, orange, and red) in 

forecasting rainfall. The skill metrics such as POD, FAR, 

ETS and HK between observed rainfall and model 

forecasted rainfall at one day lead time are shown in terms 

of box plots in Figs. 6(b-e), where the box comprises 

50%of values. The mean values of these metrics are 

summarized in Table 2 for alllead times. As seen in        

Fig. 6(b), POD values are in the range of 0.6 to 0.9 (on 

average 0.80) for 2022 when the yellow warning is issued, 

indicating model performance is very good. However, for 

orange warnings the average POD is 0.51suggesting the 

model performance is moderate. POD values are less than 

0.25 when red warnings are issued signaling poor model 

performance for HRF events. FAR values also suggesting 

the similar results that during the yellow warning time 

model day-1 forecast missed the less HRF events, whilst 

during the red warning the missing HRF events were 

more. ETS values showed less variability, implying the 

model day-1 forecast performance remained relatively 

stable across different warnings. HK values suggested that 

the model performance is above 50% for all color-coded 

warnings.  Overall, the model performs well in predicting 

the HRF events at day-1 lead time, but its effectiveness in 

predicting the number of affected districts decreases with 

longer lead times.  

 

4. Conclusions 

 

In recent times, HRF events have become more 

frequent, leading to flash floods, triggering landslides and 

causing significant damage to property, infrastructure and 

loss of lives in ARP.  IBF alerts have been issued 24 to 72 

hours ahead to minimize the impacts of these HRF events. 

This paper analyzes the 14 IBF cases during the 2022 

monsoon season in Arunachal Pradesh, with a special 

focus on HRF alerts, examining how model forecasts 

predicted these events at different lead times and during 

different color-coded warning times. The following broad 

conclusions are drawn: 

 

(i) The IMD GFS model approximately 10-20% over 

predicted the observed rainfall at all lead times, with error 

values increasing by 5-6% per day. A very good 

correspondence is seen between observed and model day-

1 forecasted rainfall, registering the correlation coefficient 

(R) of 0.71, however, R -values were decreased by 2-4% 

as the forecast lead time increased. Additionally, the 

station rainfall data corresponds well with the model-

predicted day-1 rainfall achieving an R-value of 0.78.Out 

of 14 days, when HRF alerts were issued and realized, the 

station (gridded) rainfall data reported 10 (0) WS, 3 (13) 

FWS, and 1 (1) SCT, respectively, whereas the model 

day-1 forecast predicted all days with WS only. This 

suggests that the RFD category is relatively well predicted 

in the station rainfall observations. 

 

(ii) The model forecasts identified 7 significant HRF 

zones at all lead times, but observations only confirmed 

HRF events in 5 regions. In particular, two regions 

(regions 2 and 5) were forecasted to experience extremely 

HRF events (>204 mm in 24 hours), but only one region 

(region 2) is realized in the observations. On average, the 

western, central, and eastern ARP regions realized 12%, 

13%, and 25% of HRF occurrence, respectively. The 

model slightly underestimated HRF in the western and 

central regions and overestimated it in the  eastern region 

with approximately 1-2% difference at one day lead time. 

Overall, there is ~90% match between the model day-1 

forecast and realized HRF occurrence.  
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(iii) During the yellow and orange alert times, the model 
over predicted the realized rainfall, whereas during the red 
alert time, it is under predicted the rainfall. The 
occurrence percentage of HRF events during yellow, 
orange and red alert times was 32%, 18% and 52%, 
respectively. The model forecasts slightly over estimated 
these percentage values during the yellow alert time and 
during the orange and red alert times the error values 
increased approximately 6-8%. The POD value is found to 
be higher for the yellow warning (0.80), followed by the 
orange warning (0.51) and was statistically insignificant 
for the red warning. The FAR values are increased as a 
function of color-coded warnings. Both the POD and FAR 
values suggest that during the yellow alert time the model 
performance is very good, whereas during the orange alert 
time model performance is moderate & during the red 
alert time model performance is poor in predicting the 
HRF events. ETS values showed less variability, implying 
that model day-1 forecast accuracy remained relatively 
stable across different warnings. HK values suggested that 
model performance was above 50% across all color-coded 
categories. 

 

Despite the accurate and timely issuance of IBF 

alerts, weather-related hazards continue to cause 

significant loss of lives, damage to property and 

infrastructure. The IMD plays pivotal role in making 

critical decisions to minimize the damage from such 

events. In light of this, to enhance disaster preparedness, 

the risk matrix needs to be updated and improved further 

with the collaboration of other agencies. Enhancing the 

four-stage IBF process, from hazard likelihood assessment 

to evaluating potential impacts, will be crucial in future 

studies for better mitigation and preparedness against 

extreme weather events. 
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