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19 Abstract 

20 Quantitative Precipitation Estimation (QPE) is one of the important applications of weather radars. 

21 However, in complex terrain such as Tibetan Plateau, it is a challenging task to obtain an optimal 

22 Z-R relation due to the complex spatial and temporal variability in precipitation microphysics. This 

23 paper develops two radar QPE schemes respectively based on Reflectivity Threshold (RT) and 

24 Storm Cell Identification and Tracking (SCIT) algorithms using observations from 11 Doppler 

25 weather radars and 3264 rain gauges over the Eastern Tibetan Plateau (ETP). These two QPE 

26 methodologies are evaluated extensively using four precipitation events that are characterized by 

27 different meteorological features. Precipitation characteristics of independent storm cells associated 

28 with these four events, as well as the storm-scale differences, are investigated using short-term 

29 vertical profile of reflectivity (VPR) clusters. Evaluation results show that the SCIT-based rainfall 

30 approach performs better than the simple RT-based method for all precipitation events in terms of 

31 score comparison using validation gauge measurements as references. It is also found that the 

32 SCIT-based approach can effectively mitigate the local error of radar QPE and represent the 

33 precipitation spatiotemporal variability better than the RT-based scheme. 

34 Keywords: Weather Radar, Quantitative Precipitation Estimation (QPE), Reflectivity Threshold, 

35 Storm Tracking/Identification, Complex Terrain, Tibetan Plateau 
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1. Introduction 

Radar quantitative precipitation estimation (QPE) is an active and vibrant field with numerous 

accomplishments resulting in practical applications such as worldwide deployment of weather 

radars and urban scale flood application of dense radar networks (e.g., Yoshikawa et al., 2012; Chen 

and Chandrasekar, 2015; Shimamura et al., 2016; Chandrasekar et al., 2018). However, 

fundamental challenges in radar QPE still exist from both physical science and radar engineering 

points of view (Cifelli and Chandrasekar, 2010). On the one hand, the performance of radar QPE 

greatly relies on the physical model of raindrop size distribution (DSD) and the relation of the 

physical model to radar parameters. The precipitation microphysics in different storms or different 

regimes within a single storm cell may vary due to the complex internal cloud microphysical 

processes and/or external environmental factors (Chapon et al., 2008; Lee et al., 2005; Smith et al., 

2009; Yoshikawa et al., 2014). As a result, the inherent errors associated with the radar reflectivity 

and rainfall rate relationships (i.e., Z–R relations) derived for such nouniformly distributed 

precipitation are difficult to remove (Bringi and Chandrasekar, 2001; Steiner and Smith, 2000; 

Cifelli and Chandrasekar, 2010). On the other hand, the system engineering issues including radar 

measurement height, beam broadening, and coverage limitations also pose challenges to radar QPE 

(Fulton et al., 1998; Chen and Chandrasekar 2015). Such engineering challenges are especially 

obvious in operational or urban environments (Chandrasekar et al., 2018; Cifelli et al., 2018). Both 

the physical and engineering considerations make it difficult to find an ideal Z-R relation that is able 

to capture the spatial and temporal variability of precipitation in different storm seasons for a 

certain region. 

A large number of previous studies have been devoted to improving radar QPE using 

precipitation measurements from rain gauges. The regional precipitation climatology derived using 
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long-term radar and gauge observations is a useful tool to guide the development of radar rainfall 

products (Crochet, 2009; Nesbitt et al., 2006). Rain gauge data are also commonly used to conduct 

radar QPE mean-field-bias correction (e.g., Seo et al., 1999) and local bias correction (e.g., Zhang 

et al., 2016; Willie et al., 2017). However, most of the previous research focused on single Z-R 

relation-based analysis, which is not enough since different rain types may coexist especially in 

large-scale precipitation systems such as typhoon and Meiyu Front in China (Gou et al, 2014). In 

recent years, different empirical Z-R relations are used for different surface precipitation types such 

as stratiform or convective rain. Typical examples include the multi-radar multi-sensor (MRMS) 

system developed by Zhang et al. (2016), which adopts different Z-R relations for warm/cool 

stratiform rain and convective rain and hail. In addition, dense radar-gauge pairs may supply very 

useful feedback information for the quantitative reconstruction of Z-R relationships (Alfieri et al, 

2010). 

In complex terrains such as Northern California (Willie et al., 2017; Cifelli et al., 2018) or 

Tibetan Plateau (TP), the selection of appropriate Z-R relation is more challenging due to additional 

environment factors such as partial beam blockage (PBB) and bright-band (BB) contamination 

(Kitchen et al., 1994; Fulton et al., 1998; Willie et al., 2016). The orographic enhancement in 

complex terrain also has significant impacts on regional rainfall climatology (White et al. 2003). In 

this paper, a network of 11 Doppler weather radars and a dense rain gauge network over the Eastern 

Tibetan Plateau (ETP) are used to demonstrate radar rainfall performance in this complex terrain 

typically influenced by its unique topography and climate. Two adaptive QPE schemes are 

developed to dynamically reconstruct radar rainfall relations by fitting real-time radar-gauge rainfall 

observations using probability matching method (PMM: Rosenfeld et al., 1994). One is based on 

reflectivity threshold (RT), which assumes that similar radar echoes are homogeneous and fitting of 
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82 Z–R relationship is  done  at  every 5  dBZ  intervals.  The  other one  is  based on the  SCIT  algorithm  

(Johnson et  al.  1998)  that  refines  three-dimensional  multi-radar mosaic  grids  into independent  storm  

regions  to capture  storm-scale  or regional  precipitation features  (Gou et  al., 2015).  The  

microphysical principles  of these  two QPE  schemes, their representative  capability in convective  

conditions  induced by orographic  enhancement, as  well  as  their rainfall  performance  over  such a  

complex terrain  are  detailed  in  this  paper. In addition, the  ground radar based storm-scale  VPR is  

investigated to reveal the microphysical differences between storm cells.  

The  main goal  of this  study  is  to address  the  aforementioned issues  regarding the  SCIT-based 

approach  based on four precipitation events over the  ETP.  Section  2  introduces  the  datasets  and 

QPE methods.  Section 3  details  the  precipitation  events  used for evaluation and their microphysical  

differences  during the  storm  evolutions  through investigating the  storm-scale VPRs. The  evaluation  

results  of the  RT  and SCIT  based QPE  algorithms  are  presented in section 4.  Section 5 summarizes  

the main points of this paper and suggests directions for future research.      

 

2. Data and methodology    

2.1. Study a  rea  

The  ETP  is  located near  the  Hengduan Mountains, Southwest  of China. Fig. 1 illustrates  the  

digital  elevation map (DEM) of China  and particularly for this  study domain (102°E–111°E,  

28°N–33°N).  Fig. 1b shows  that  the  region of interest  in this  study  extends  from  Hengduan 

Mountains  to Wushan Mountains to the  east, Ta-pa  Mountains to  the  north,  Dalou Mountains to  the  

southeast,  and the  Yunnan-Guizhou Plateau to the  southwest.  It  covers  over 260,000  km2  in total  

with an average  elevation surpassing 4000  m  above  mean sea  level  (MSL) in the  west, 3000  m  

above  MSL  in the  north,  and  2000  m above  MSL  in the  south.  The  ETP  exerts  a direct  influence  on 
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the social and economic development in this region, due to its multiple climatic systems, complex 

geomorphology, and various internal and external geological and ecological impacts. The ETP is 

characterized by the unique interactions among the atmosphere, hydrosphere, and biosphere. In 

particular, special atmospheric and active hydrological processes occur frequently on multiple 

scales on the ETP. These processes form the fundamental basis of its unique geography and enable 

it to generate considerable impacts on regional precipitation microphysics. 

2.2. Radar and gauge network 

11 Doppler weather radars are currently deployed for severe weather warning and forecast 

operations in this region. The specific locations and basic system specifications of these 11 radars 

are listed in Table 1. The radar type is specified according to its operating frequency and different 

manufacturers. SA/SC in Table 1 both mean S-band, whereas CD means C-band. The radial 

resolutions of SC and CD radars are configured as 250 m with an azimuthal resolution of 1°. The 

SA radars are set with resolution of 1000 m by 0.98°. The radar volume scan modes are all 

configured as the standard volume coverage pattern with sweep elevations set at 0.5°, 1.5°, 2.4°, 

3.5°, 4.9°, 5.6°, 6.5°, 7.9°, 9.5°, 14.5°, and 19.5°. Such precipitation mode is used for 

meteorological operations. It takes about six minutes to complete a volume scan, and the base-level 

(level II) data are archived as volume scan files. The maximum radar reflectivity radial ranges in 

Table 1 are determined by the configurations of pulse repetition frequency (PRF), where SC and CD 

radars use the same PRF while SA adopts different PRF at different scan elevations. The coverage 

map of each of these 11 radars and heights of the lowest radar reflectivity that can be used to derive 

QPE are depicted in Fig. 2a. The radar network topology in Fig. 2a also shows its potential 

capability to observe various weather phenomena passing through the ETP. 

There are 3264 rain gauges over the ETP (see Fig. 2b), most of which are tipping-bucket 
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gauges with one-minute temporal resolution for real-time measurement, enabling them to capture 

the evolution of fine-scale precipitation events. The gauge observations are uploaded and 

transferred to the meteorological bureau at the municipal, provincial and national levels in order and 

in near real-time. Such dense rain gauge network also ensures the capability of SCIT to capture and 

represent storm-scale or regional precipitation processes. 

The RT and SCIT based radar QPE algorithms are described in section 2.3. Before they are 

evaluated on an hourly basis, the hourly rainfall observations from rain gauges are 

quality-controlled via the procedure shown in Fig. 3: (1) the data series with interrupted transfer 

reports are removed to ensure the subsequent processing; (2) with the reflectivity aloft two 

empirical Z–R relationships (i.e., Z = 640R1.6 and Z = 200R1.6) are applied to estimate the possible 

maximum (Rmax) and minimum (Rmin) rain gauge hourly measurements, respectively. Those lying 

outside of [Rmin−5, Rmax+5] are removed from the raw dataset; (3) if the gauge observation is less 

than 0.1 mm but corresponding radar estimation is greater than 5 mm, the gauge is assumed jammed 

likely due to tree leaves, insects, and/or evaporation. If the gauge observation is greater than 5 mm 

but corresponding radar estimation is less than 0.1 mm, the bucket is suspected to have provided a 

false reading, and these observations are not used; (4) The remaining data are further checked using 

the ratio of rainfall estimation (for a given gauge location) using the nearest five surrounding 

gauges based on inverse distance weighting method (Lloyd, 2005), and the measured rainfall by the 

gauge at the same location. The gauge data point is abandoned in the subsequent cross-validation if 

the ratio is higher than four. 

2.3. RT and SCIT-based Z–R relationship fitting 

Before the implementation of Z–R relationships, radar base-level volume data is first 

quality-controlled to eliminate ground clutter using the fuzzy logic approach described in 
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150 Berenguer et al.  (2006).  Then,  the  radar data  at  polar coordinates  are  mapped onto Cartesian grids  

with  a horizontal  resolution of 0.01°× 0.01°  and  vertical  resolution of 100  m,  using the  nearest  

neighbor and vertical  interpolation approaches  (Zhang et  al., 2016). Multi-radar three-dimensional  

mosaic  reflectivity  is  then  created  based on the  temporally  matched single  radar dataset  on 

Cartesian  grids. At  the  grid location where  observations  from  multiple  radars  are  available, the  

following equation is used compute reflectivity value at this grid point.  

å
N

w ki ,
(

 (  l ) Zi ( k , l )  
Z k , l )  = i=1 ，N                                (1) 

åw ki ( , l )
i=1 

w ki ( , l ) =  e -r                                       (2)  

where  Z(k,l) and Zi(k,l) respectively represent  the  composite  and single  radar reflectivity at  grid 

pixel ( k,l);  wi(k,l) is the weight determined by the radar radial range distance    r.  

If the  PBB ratio  exceeds  60%  for one  radar, data  from  this  radar is removed to enhance  the  

quality of the  multi-radar  mosaic  dataset  in the  overlapping  region,  or it  is  directly used if only one  

valid radar grid is available  in the  target  coordinate  (k,  l). The  multi-radar hybrid mosaic  reflectivity 

(MHMR)  is then  constructed by selecting the  reflectivity closest  to  the  surface  (i.e., lowest  altitude) 

from  the  multi-radar mosaic  gird data  from  1000 m  above  MSL  (see  also Fig.2a). Four examples  of  

MHMR  with their moving trends  are  illustrated  in Figs.  4  and 5, which will  be  further investigated 

in Sections 3.1 and 3.3.    

Fig. 6 shows  a  diagram  of the  RT  and SCIT-based QPE  approaches. The  Z-R  relationship 

fittings  in  both  approaches  use grouped  radar-gauge observation  pairs  {MHMRi ,Gi } .  The radar  

based hourly QPE  field are  then calculated  using  the  derived RT  and SCIT-based Z-R  relations. 

Since  parameter b  in Z = ARb  is  not  sensitive  to the  precipitation type  or state  (Steiner and Smith, 

2000), b  is set to  a  constant  (i.e., 1.6)  when fitting  the  optimal  parameter A  by minimizing Eq.  (3) 
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172 every six  minutes:  

d = å
n

min  {(G Ri - i ) 
2 + | G Ri - i |} ,                            (

i=1 

where  Gi  is rainfall  observation from  gauge  every six minutes;  Ri  is  radar-based  six-minutes  rainf

derived using two time-adjacent radar rainfall rates   estimated from  MHMRi.  

Eq. (3) is  a  quadratic  function and each RT  or SCIT  partitioned  reflectivity group has  its  o

fitted Z-R  relation  with independent  coefficient  A  based on the  radar-gauge  pairs.  The  first  term  

Eq. (3) includes  G2, R2, and G*R, which  are quadratic terms  and it will increase quickly if Gi and 

are  larger  than 1  mm.  The  first-order term  factors  are  added as  the  second term  and it  dominates  E

(3)  when  Gi and Ri  are  less  than 1  mm. Otherwise, the  quadratic  terms  will dominate  Eq. (3). T

absolute bracket is necessary to avoid possible cancellation of positive and negative values.    

Although similar steps  are  used to fit  Z–R  relationships, RT  and SCIT  methods  differ  in  the

grouping  steps  of  {MHMRi ,Gi }  pairs.  As  in  Fig.  6, RT  method  directly  separates  t

{MHMRi ,Gi }  pairs into different groups according to MHMRi  values from [20, 50] in  5  dB

intervals.  While  SCIT  method first  separates  the  geographically distributed storm  cells  with  

initial  threshold of 20 dBZ  and then further partitions  them  into regional  groups  by gradual

increasing the  step in 5  dBZ  intervals. If the  fitting process  fails  in the  RT  or  SCIT  partition

reflectivity  groups, the  default  Z=200R1.6  is  used,  which is also used for the  weak radar echoes  le

than 20 dBZ. Two independent  radar hourly  rainfall  accumulations are  derived  using the  Z-

relationships based on the  RT  and SCIT  methods  every  six  minutes, then they are  evaluated usi

the precipitation events  and evaluation metrics presented in Sections 3 and 4.   

 

3. Pr ecipitation events and micr  ophysical characters   

3.1. Precipitation Events  
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Based on the features of radar echoes and their moving directions retrieved by the Tracking 

Radar Echoes by Correlation method (TREC: Tuttle and Foote, 1990), four precipitation events 

(listed in Table 2) are selected to evaluate the hourly QPE products derived from radar using the RT-

and SCIT-based approaches and examine the representative capabilities of RT and SCIT regarding 

the local precipitation features. Although these four events are all characterized by regional 

convective precipitation over complex terrain, they are selected independently to ensure the 

confidence in their performance assessment results. In the following, different features of these four 

precipitation events are briefly described. 

The southwest vortex is a typical weather system with a helical rotation structure and is always 

accompanied by sufficient vapor from the Bay of Bengal influencing southwest China. Event 1 is a 

typical southwest vortex event that was captured by the Yibin, Yongchuan, Chongqing, and 

Qianjiang radar sites. Sample radar reflectivity echoes and corresponding TREC vector field at 

0200UTC, 28 March 2014 are illustrated in Fig. 4a and Fig. 5a. Several storm cells were triggered 

in its frontal direction simultaneously. The maximum hourly rainfall amount observed by the gauge 

network reached about 29.3 mm at this time frame. 

Large-scale stratiform or convection-stratiform mixed precipitation is the most frequent 

precipitation type over the ETP. Event 2 is a typical example of such event. Sample radar 

reflectivity echoes and corresponding TREC vector field at 1900UTC, 18 May 2014 are provided in 

Fig. 4b and Fig. 5b, which show that the radar echo initiated at the Hengduan Mountains moved 

from northwest to southeast, while the radar echoes initiated in the southwest moved along the 

southeast mountains at the same time. Several storm cells originated near the southeast mountains, 

and the maximum hourly rainfall amount measured by the gauge network was about 24.8 mm at 

this time frame. 
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During the summer monsoon season, precipitation induced by orographic enhancement over the 

windward slopes of mountains is the most common phenomena over the ETP. Events 3 and 4 both 

belong to this precipitation type. Example radar reflectivity echoes and TREC fields for event 3 are 

shown in Figs. 4c and 5c, which were moving toward Dalou Mountains accompanied by strong 

convective storm cells. Similarly, Figs. 4d and 5d illustrate sample reflectivity observations and 

corresponding TREC vector field for a time frame during event 4. During this event, the radar 

echoes and TREC fields were moving along the Hengduan Mountains and a parallel strong 

convective rain-band occurred and produced several deep convective storm cells. The maximum 

hourly rainfall amount recorded by the gauge network reached 82.9 mm during event 3 and 78.1 

mm during event 4. 

The intrinsic precipitation microphysical features associated with these four events are very 

important for verification and comparison of the RT- and SCIT-based algorithms and their 

representative capabilities of the precipitation spatial differences. Therefore, the radar-based 

storm-scale VPR analysis is conducted to further understand the precipitation features during these 

four events. 

3.2. Storm-scale VPR 

VPR is an important indicator of the microphysical features of precipitation. Using the 

identified storm cells on the MHMR field by SCIT, storm-scale VPR can be easily constructed and 

tracked using the multi-radar three-dimensional mosaic dataset. The VPR can also serve as a good 

indicator of the spatial differences and temporal evolution of precipitation. In this paper, the VPR is 

constructed based on the SCIT algorithm: 

Z k = 
1 å ( , , ) (4) Z i j k  
( ) ( , )ÎN S  i j S  
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where ( , , ) is the reflectivity at (i, j) at the kth level of the multi-radar three-dimensional Z i j k  

mosaic grid; S is a restricted domain at the bottom of the storm identified by SCIT with a particular 

threshold (above 35 dBZ in this study) in the MHMR field; Z is the averaged reflectivity within 

the domain S at the kth level with all reflectivity higher than 35 dBZ and N(S) is the total number of 

grids within S. For a storm cell, reflectivity in the storm core is generally stronger than that outside 

the storm core. In addition, the storm-scale VPR is based on the storm cell bottom with a threshold 

of 35 dBZ as the identification parameter of SCIT. Therefore, all the radar echoes within the 

corresponding vertical column can be averaged and used on this column for further analysis. 

3.3. Storm-scale VPR spatial differences and evolution 

The instantaneous storm-scale VPR retrieved based on the method described in section 3.2 can 

be used to reveal the microphysical differences between storm cells. The VPRs were derived at 

different storm life time, depending on if its bottom can be successfully identified from the MHMR 

by SCIT. For an identified storm cell, its states at different time frames can be matched with each 

other. Based on the storm cell observations at different time frames, the VPR cluster can be derived 

spontaneously in its lifespan or at predefined time windows. In this paper, VPRs are obtained for 

four individual 1-h time frames during four different precipitation events. The retrieved VPR 

clusters are then used to investigate the precipitation characteristics and evolutions since they 

essentially represent the storm state at different time frames. The VPR numbers in a 1-h timespan 

are very limited, which further signifies the importance of investigating the VPR shape 

transformation and density (i.e., dense or sparse degree between individual VPRs). In this study, 14 

storm cells on MHMR with the surface areas greater than 100 km2 in a 1-h time window for the four 

events (see Fig. 4) are identified and selected to examine their intrinsic features. Details about these 

14 storm cells, including starting and ending time and locations, are listed in Table 3. The 
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consecutive storm-scale VPR profiles grouped as VPR clusters, as well as their main developing 

trends (moving directions) are shown in Fig. 7. The spatial differences and short-term evolution 

trends of these storm cells can be inferred by the profile shape and density of the VPR clusters. 

3.3.1 Event 1 

The prominence of the cell 1 VPR cluster below 2.5 km in Fig. 7a indicates the dominance of 

raindrop collision, which is a typical characteristic of convective precipitation. The convection of 

cell 1 is shallow, which is further demonstrated by Fig. 8a. Its evolution cannot be seen directly 

from the VPR cluster. However, the VPR profile density is relatively denser above 2.5 km, which 

implies that cell 1 was in a stable state above this height. The larger interval between the VPR 

profiles indicates that the convection was in an unstable developing stage below 2.5 km. The VPR 

cluster of cell 2 underwent large changes and evolved quickly into a weaker state in Fig.7b, while 

its peak reflectivity was located at the bottom and the VPR cluster was relatively denser below 4 km, 

indicating the convection was in a moderately stable state. Cells 3 (Fig. 7c) and 4 (Figs. 7d and 7e) 

are precipitation with ample moisture at the bottom (PAMB). The reflectivity profiles present a 

monotonically increasing trend toward the surface, which may be resulted from higher vapor 

density or larger raindrops at the bottom of these two storm cells. It can also be seen from the 

cross-section in Fig. 8(a) that reflectivity in cell 4 is much higher than that in cell 3 in the whole 

column, which implies heavier rainfall rates associated with cell 4. Both cell 3 and 4 are in a stable 

state above 4 km. However, cell 3 had undergone a short-term transition which persisted just for 

four time frames, whereas cell 4 was in the most complicated transition process among all the 14 

storm cells. In particular, the VPR profile in cell 4 was gradually enhanced as the reflectivity 

became stronger below 4 km and finally reached its peak state in Fig. 7d. The VPR profile then 

transformed into a gradually weakening state in Fig. 7e, accompanying the weaker and weaker 
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reflectivity below 4km. In addition, the sparser VPR cluster below 4 km indicates that it was in a 

more unstable state than the other three cells in this storm event. 

3.3.2 Event 2 

The differences of near-surface reflectivity in cells 5-8 can be directly seen from Fig. 8c-e, 

which are all in gradually weakening stages. Their VPR clusters are denser in layers below 1.5 km 

and the shallow convection may dominate during their lifespan period. The maximum reflectivity of 

cell 5 appears below 1.5 km with a vertical inflection point in Figs. 7f. It seems that cell 5 belongs 

to a mixed phase precipitation composited by stratiform and shallow convection. The hydrometeors 

above 4 km form another peak reflectivity for cell 5, and it was accompanied by a storm core 

embedded in its column (see Fig. 8c), which is intrinsically different from the bottom. Cell 6 is 

another example of PAMB, and its reflectivity increased monotonically and abruptly around 2 km 

toward the surface with its maximum reflectivity located near the bottom (see Figs. 7g and 8d). This 

phenomenon persisted during the whole analysis period. 

Cells 7 and 8 in Figs. 7h-i are similar to each other at all levels. They occurred on the same 

bottom of the precipitation cloud, but were partitioned by SCIT due to the reflectivity gap between 

them. The VPR inflection points emerged near 1.5-1.8 km height with peak reflectivity at 4 km 

height, which is resulted from the melting layer enhancement. Another reflectivity peak was located 

below 2 km that accounts for the PAMB or shallow convection near the surface. This phenomenon 

can be seen in Fig. 8e with a precipitation cloud core floating between 2.5-5.5 km, where the 

maximum radar reflectivity had exceeded 40 dBZ. 

3.3.3 Event 3 

Cells 9 and 10 are examples of strong convective precipitation with their cloud top exceeding 

12 km. The VPR cluster of cell 9 in Fig. 7j shows relatively abrupt fluctuations. Its strong 
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convective cell structure can be clearly seen from the cross-section in Fig. 8f at 2-5 km with its 

maximum reflectivity exceeding 50 dBZ, while it was in a gradually weakened stage. Radar 

miscalibration severely affected the VPR of cell 10 in Fig. 7k, and the reflectivity discontinuities 

were observed between 3 km and 4 km in the cross-section shown in Fig. 8g. Nevertheless, its VPR 

density demonstrated that it was in a stable state above 2 km. 

3.3.4 Event 4 

The VPR clusters of cells 11–14 in Figs. 7l-o are similar to each other above 4 km and no 

obvious transition boundaries exist between adjacent VPR profiles. This indicates that the upper 

layers above 4 km are in stable and quasi-stationary states. However, heterogeneous characteristics 

can be seen below 4 km. 

Cell 11 was featured with PAMB below 2 km but with stratiform cloud characteristics above 

deduced from its VPR shapes. Its reflectivity increased monotonically below 2 km toward the 

surface and the reflectivity about 35 dBZ dominates its bottom with an inflection point located at 2 

km (see Fig.7l). The relatively high reflectivity near 4 km height was resulted from melting layer 

enhancement, which is further illustrated by Fig. 8h. Cell 12 also presents severe convection below 

2 km and is similar to cell 14 at the bottom (see Figs. 8i and 8k). However, its bottom averaged 

reflectivity is a little higher than that of cell 14 (see Figs. 5m and 5o). 

Cells 13 and 14 both have a vertically uniform transition layer between 1.5 km and 4 km (Figs. 

7n-o). Their cross-sections present maximum reflectivity over 50 dBZ in Figs. 8j-k. There are more 

reflectivity grids exceeding 40 dBZ at the bottom in Fig. 8k than in Fig. 8j, which means that cell 

14 may have heavier rainfall rates than cell 13. 

The spatial and temporal evolution of these storm-scale VPR clusters demonstrates that each 

storm cell has heterogeneous microphysics and precipitation characters. When their bottom 
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331 reflectivity is  transformed  into radar rainfall  rate, optimal  instantaneous  Z–R  relationships  are  

crucial  to enhance  radar QPE  performance. It  is  worth noting again that  the  RT  and SCIT  methods  

treat  the  similar radar echoes  in a different  way, which  produces  different  representative  capabilities  

and radar QPE scores.  

 

4. Evaluation results and discussion  

4.1. Evaluation Metrics   

The  gauge  stations  over  the  ETP  are  uniformly separated into two independent  groups: the  

training dataset containing  1631 stations  and the  test  dataset  containing  1633 stations  (see  Fig. 2b). 

Only the  training dataset  is  used for the  derivation of Z–R  relationships. The  test  dataset is  used for 

verification of the  radar-derived rainfall  products. The  evaluation metrics, including  the  bias  ratio 

(EBR), mean absolute  error (EMA), root-mean-square  error (ERMS), and Pearson correlation coefficient  

(ECC), are respectively defined as follows:  

r EBR = ,                                  (5a)  
g 

1 nEMA = å ri  - gi ,                              (5b)  
n i =1 

1 nE 2
RMS = å ri  - g

 

i ,                            (5c)  
n i =1 

å
n 

 ( r ri - )(gi - g )  
E  = i=1 
CC ,                       (5d)  

å
n 

å
n

 
 

(r r- )2i  (gi - g)2  
i=1 i=1 

where g  and r  are hourly rainfall measurements from  gauge and radar, respectively; g  and r  

represent  the  sample  averages  of hourly rainfall  measurements  within the  target  region  from  gauge  

and radar, respectively.  
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1 ng =                                     
n å gi (6a) 
i =1 

1 nr = å r                                    (6b)  
n i
i =1 

EBR  is  related to  the  radar QPE  regional  areal  error, which refers  to the  comparison of 

averaged-rainfall  from  radar and gauges  over the  study domain. Generally, the  more  EBR  

concentrates  at  [0.8, 1.2], the  better consistency between radar  rainfall  estimation and gauge  

observation  can be  achieved. Otherwise, if more  EBR  scores  lie in (1.2,+∞)  or [0, 0.8),  

overestimation  or underestimation of radar QPE  will  be  concluded, respectively.  EMA  and ERMS  are  

important  indicators  of the  radar QPE  local  error, which are  basically computed through 

pixel-by-pixel radar-gauge comparison.  Smaller EMA  and ERMS  imply  better algorithm performances. 

EMA(SCIT)<EMA(RT) and ERMS(SCIT)<ERMS(RT) indicate  that  the  SCIT-based approach has  better 

performance  than the  RT-based algorithm. ECC  reflects  the  correlation  between the  radar rainfall  

estimation  and gauge  observations. Larger  ECC  also indicates  better algorithm  performance. The  

probability of ECC(SCIT)<ECC(RT) represents  the  radar QPE  improvement  of the  SCIT-based 

algorithm with respect to the RT-based algorithm.  

The  performance  of RT- and SCIT-based methods  can be  easily deduced from  these  four  

independent  scores  and the  score  comparison statistics for  all events. Ideally, the  improved  radar 

QPE  should have low  regional error (i.e.,  EBR  should be close to 1) and low  local error (i.e.,  smaller 

values  of EMA  and ERMS, and  larger  ECC). In addition, large  errors  may be  averaged if too many 

small or zero observations  exist  in the  test  dataset. Therefore, the  scores  in Eq. (5) are  calculated  

only when the  gauge  hourly  rainfall  observation is  greater than 0.1 mm,  and the  number of gauges  

in the  test  dataset  should exceed 10 to ensure  confidence  in the  evaluation results.  These  scores  are  

calculated first  at  the  same  temporal  resolution as  the  radar hourly QPE (i.e., every six  minutes)  to  
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obtain direct evaluation scores for two radar QPE fields. These scores are then compared one by 

one, and statistics are made according to the predefined score comparison criteria. 

4.2. Results 

The results of EBR, EMA, ERMS, and ECC for the four events are listed in Table 4. According to the 

statistics in Table 4, SCIT presents better than RT by 2.03% for event 1, 13.27% for event 2, 39.8% 

for event 3, and 43.49% for event 4 in terms of EBR∈[0.8,1.2]. The SCIT-based approach is better 

than RT-based algorithm by 8.56% for event 1, 16.71% for event 2, 40.62% for event 3, and 45.73% 

for event 4 in terms of EBR > 1.2 , but marginally worse than the RT-based approach by 6.53% for 

event 1, 3.43% for event 2, 0.82% for event 3, and 2.24% for event 4 according to EBR < 0.8 . EBR of 

RT are more aggregated in (1.2, +¥) but less aggregated in [0.8, 1.2]. In other words, for all four 

events, the SCIT-based approach has much better performance than the RT-based method in regions 

where overestimation may occur, whereas in the regions where underestimation is evident they 

show similar performance. Also, it should be noted that the pointwise radar and gauge differences 

are neglected in the calculation of EBR. As such, EBR can be considered a metric representing the 

mean-field-bias of radar QPE, but not the local bias. 

SCIT indicates a clear superiority over RT according to the probability of 

EMA (SCIT) < E (RT) , ERMS (SCIT) < E (RT) and ECC (SCIT) > ECC (RT) for all events. The MA RMS 

lowest probabilities of EMA (SCIT) < EMA (RT) and ERMS (SCIT) < ERMS (RT) are 89.04% and 

81.76%, respectively (i.e., for event 4), which are still very high. ECC (SCIT) > ECC (RT) also has 

similar statistics to EMA and ERMS in all events with the highest probability 91.63% for event 3 and 

the lowest probability of 75.74% for event 4. 

All the quantitative evaluation results indicate that the radar QPE local error has been 

improved by SCIT and its scores of EMA, ERMS, ECC are all better than those of RT at most time 
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frames for all the evaluation events. In order to further demonstrate the superior performance of the 

SCIT-based rainfall algorithm, Fig. 9 illustrates the scatter plots of radar derived hourly rainfall 

using RT and SCIT approaches versus gauge hourly rainfall observations for all four events 

combined. Fig. 9 shows that although radar rainfall products derived using both RT and SCIT-based 

approaches agree well with rain gauge observation, the SCIT-based approach has much better 

performance. Since the same {MHMRi ,Gi } pairs are used in the fitting process to minimize Eq. (1) 

by both methods. The evaluation score differences and improvements can be attributed to the 

partition of radar echoes using the SCIT algorithm, and the coexistence of multiple precipitation 

processes are represented better by the SCIT algorithm. 

4.3. Representative capability of RT and SCIT method 

The statistical comparison results in section 4.2 are essentially related to the representative 

capability of Z–R relationship distribution in the two methods. The radar QPE local error 

improvement can be attributed to the utilization of SCIT to partition MHMR into different regions, 

so that local precipitation features within the independent storm cells or regimes can be captured 

and refined with more representative Z–R relationships based on the radar-gauge feedback 

mechanism. Example spatial distributions of Z–R relationships at four time frames during the four 

precipitation events are illustrated in Fig. 10. Figs. 10(a)(c)(e)(g) are for the RT-based approach. 

RT treats the similar radar echoes as homogenous no matter they are within the same or different 

storm cells. The A-coefficients are assigned only according to the reflectivity intervals. However, 

the homogeneous A-coefficients cannot represent the storm-scale or regional differences according 

to the VPR analysis in section 3.3. The radar QPE overestimation of RT in one local region may be 

comprised by its underestimation in another local region. As a result, the radar QPE local error 

cannot be mitigated effectively. 
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418 The  most  important  difference  between the  RT- and SCIT-based methods  is  that  the  SCIT  

separates  MHMR into different  geographical  regions. As  depicted in Figs. 10(b)(d)(f)(h), the  radar 

echo partitions  capture  and refine  the  storm-scale  and regional  precipitation differences. More  

A-coefficients  than RT  are  used to retrieve  radar rainfall  rates  to incorporate  these  differences. It  is  

an important  improvement  to the  radar QPE  local  error,  with better EMA, ERMS, and ECC  results. 

Therefore,  the  spatial  distribution of the  Z-R  relationships  of SCIT  is  more  representative  than RT  to 

capture the multiple precipitation microphysical dif  ferences.  

5. Summary and Future Work    

 Two radar QPE  algorithms  (i.e., SCIT  and RT  methods) based on the  radar-gauge  feedback 

mechanism  are  developed and evaluated using radar and gauge  observations  over the  ETP. The  

analysis and comparison results have shown that:     

(1) The  storm-scale VPR,  based on multi-radar reflectivity mosaic  and SCIT  identification 

results,  is  used  to investigate  the  precipitation microphysics  of four  typical  weather events  in 2014. 

These  precipitation  events  are  all  important  scenarios  with regional  precipitation  characteristics.  

The  VPR clusters  show  that  although the  storm  cells  with similar radar echoes  on the  MHMR,	 they	 

were	 actually	 featured by heterogeneous  storms  with different  precipitation microphysical 

processes.  

(2) The  SCIT-based rainfall  algorithm  performs  better than the  RT-based approach for most  

time  frames  during these  four events. The  superiority of SCIT  over RT  can be  attributed to its  better 

capability to  capture  the  regional  precipitation  characteristics. The  effective  partition  of radar 

echoes  is  an important  step to make  SCIT  be  able  to identify local  differences  and  group 

radar-gauge  pairs  accordingly. It  has  been concluded that  SCIT  is a  useful  tool  to resolve  radar QPE  

local errors  associated to the non-uniform spatial distribution of rainfall.      
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(3) Compared to the RT-based method, the distribution of Z-R relations in SCIT method is 

featured with more various Z-R parameters, which represent the regional precipitation 

characteristics. This, again, demonstrates the superiority of the SCIT method in capturing the local 

precipitation variabilities. 

Although the superior performance of SCIT method to RT are referenced above, more efforts 

should be carried out to enhance the performances of radar QPE for Tibetan Plateau (TP). In 

particular, the following items will be investigated in future to address the QPE challenges over 

complex terrain in TP. 

(1) The rainfall methodologies based on polarimetric radar variables (e.g., Chen et al. 2017) 

should be implemented in future after the dual-polarization upgrade. The dual-polarization upgrade 

is also expected to provide a promising tool to recover the partially blocked radar echoes, and 

subsequently improve the QPE performance based on weaker radar echoes introduced by PBB. 

(2) More effective BB identification and correction methods are also very valuable to reduce 

the overestimation of radar QPE. Low radar beams of the Doppler weather radars over TP are 

generally blocked by the complex terrain, while the high-elevation scans greatly suffer from BB 

contamination. The VPR identification and enhancement method (e.g., VPR-IE in Wen et al. 2013) 

can help to mitigate BB effects and this will be an important future work. 

(3) The regional precipitation characteristics over TP should be highlighted and carefully 

treated, especially the precipitation climatology, terrain and environmental effects which are all 

noticeable and regionally featured. The statistical distribution of Z-R relationships derived based on 

long-term radar and surface rainfall observations should be investigated more to improve radar QPE 

for regional hydrometeorological applications. 
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Table Captions: 

Table 1. Configuration of the Doppler radar network over the eastern Tibetan Plateau (ETP). 

Table 2. Typical weather events over the ETP in 2014. 

Table 3. Time and locations of the storm cell scale VPR clusters shown in Fig. 7. It should be noted 

that since cells 1, 3, and 4 are adjacent, a long cross-section line is selected to cover all the three 

storm cells. Similar idea is applied for storm cells 7 and 8 (see also Figs. 4 and 8). 

Table 4. Evaluation results of the RT- and SCIT-based radar rainfall approaches for four different 

precipitation events. 

Table 5. Evaluation results of the RT- and SCIT-based radar rainfall approaches at four individual 

time frames during four different events. 
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     Table 1. Configuration of the Doppler radar network over the eastern Tibetan Plateau (ETP). 
 Max range   Radial  

  Radar name  Radar type  
 (km)   Resolution (m) 

 Chengdu  SC  140  250 
Mianyang   CD  125  250 

 Nanchong  SC  150  250 
 Dazhou  SC  150  250 

 Yibin  SC  150  250 
 Leshan  SC  150  250 

 Guangyuan  SC  150  250 
Yongchuan   SA  230  1000 
Wanzhou   SA  230  1000 

 Chongqing  SA  230  1000 
 Qianjiang  CD  165  250 
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565 Table 2. Typical weather events over the ETP in 2014 

Weather 
Event 

Event 1 

Event 2 

Event 3 

Event 4 

Radar echo moving 
direction 

Southwest vortex 

West to east 

Southeast to 
northwest 

South to north 

Time Span 

1400 UTC 27 Mar 2014 to 0900 
UTC 30 Mar 2014 

1100 UTC 18 May 2014 to 0600 
UTC 21 May 2014 

0730 UTC 2 Jun 2014 to 0800 
UTC 5 Jun 2014 

0900 UTC 30 Jul 2014 to 0800 
UTC 1 Aug 2014 

Number of time 
frames 

445 

476 

491 

471 

Affected parts in the 
target region 

South and east 

Center and south 

Center, east and north 

West and south 
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Cell  
 No 

 Number 
  of VPR 

Profiles  

 Time Period  
     Lat and Long of the Storm Cells’ 

   Cross Section Line 

  Start Time   End Time   Start (long, lat)   End (long, lat) 

 1 11    0130 UTC 28 Mar 2014     0230 UTC 28 Mar 2014  (105.25°,29.20°)  (106.42°,30.5°) 
 2  5   0136 UTC 28 Mar 2014     0154 UTC 28 Mar 2014   (108.9°, 29.75°)   (109.25°, 29°) 
 3  4   0148 UTC 28 Mar 2014     0206 UTC 28 Mar 2014  (105.25°,29.20°)   (106.42°, 30.5°) 
 4  8   0148 UTC 28 Mar 2014     0230 UTC 28 Mar 2014  (105.25°,29.20°)   (106.42°, 30.5°) 
 5  4   1900 UTC 18 May 2014   1918 UTC 18 May 2014  (105.35°,29.35°)   (106°, 29.85°) 
 6  4   1900 UTC 18 May 2014   1918 UTC 18 May 2014   (108.15°, 30.9°)   (108.75°, 31.5°) 
 7  7   1900 UTC 18 May 2014   1936 UTC 18 May 2014   (105°, 29.4°)   (106.50°, 30.65°) 
 8  8   1900 UTC 18 May 2014   1942 UTC 18 May 2014   (105°, 29.4°)   (106.50°, 30.65°) 
 9  10     1106 UTC 02 Jun 2014    1200 UTC 02 Jun 2014  (106.55°,30.95°)   (107.25°, 30.7°) 
 10 11      1100 UTC 02 Jun 2014    1200 UTC 02 Jun 2014   (107.05°, 31.9°)   (107.7°, 31.9°) 

11   6   0006 UTC 31 July 2014   0036 UTC 31 July 2014   (103.9°, 29.75°)   (104.25°, 31.15°) 
 12  10   0006 UTC 31 July 2014   0100 UTC 31 July 2014   (103°, 29.95°)   (104°, 30.65°) 
 13  10   0006 UTC 31 July 2014   0042 UTC 31 July 2014   (103°, 30.25°)   (104°, 30.85°) 
 14  7   0012 UTC 31 July 2014   0100 UTC 31 July 2014  (104.00°,31.40°)   (104.65°, 30.85°) 

 570 

567 Table 3.   Time and locations of the storm cell scale    VPR clusters shown in Fig. 7. It should be noted   
that since cells 1, 3, and 4 are adjacent, a long cross-section line is selected to cover all the thr   ee 
storm cells. Similar idea is  applied for storm cells 7 and 8 (see also Figs. 4 and 8).   

568 
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Weather   
 Events 

Sample 
 Size 

      Score Statistics of EBR, EMA(mm), ERMS(mm) and ECC 

  RT  SCIT  EMA(SCIT)  ERMS(SCIT)   ECC (SCIT) 

 > 

   ECC (RT) 
 EBR 

 <0.8 
EBR Î  

 [0.8,1.2] 
 EBR  EBR   <  < EBR Î   EBR 

 >1.2  <0.8  [0.8,1.2]  >1.2  EMA(RT)   ERMS(RT) 

  Event 1  445  1.58  89.64  8.78  8.11  91.67  0.22  90.09  84.46  89.86 
  Event 2  476  4.81  75.06  20.14  8.24  88.33  3.43  89.93  82.38  82.38 
  Event 3  491  5.51  51.22  43.27  6.33  91.02  2.65  95.71  93.67  91.63 
  Event 4  471  1.26  32.43  66.31  3.50  75.92  20.58  89.04  81.76  75.74 

 573 

571 Table 4. Evaluation results of the     RT- and SCIT-based radar rainfall approaches for four different  

precipitation events.  572 
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574 Table 5. Evaluation results of the RT- and SCIT-based radar rainfall approaches at four individual 

575 time frames during four different events. 

Weather 
Event 

Time (UTC) 
EBR 

RT SCIT 

EMA(mm) 

RT SCIT 

ERMS(mm) 

RT SCIT 

ECC 

RT SCIT 

Event 1 0230, 28 Mar 2014 0.97 0.81 1.56 1.04 2.23 1.74 0.59 0.78 
Event 2 2000, 18 May 2014 1.08 0.87 1.05 0.70 1.47 1.12 0.46 0.75 
Event 3 1200, 02 Jun 2014 1.71 1.05 4.51 1.93 7.10 3.71 0.92 0.95 
Event 4 0100, 31 Jul 2014 1.33 0.95 2.70 1.24 4.22 2.33 0.82 0.92 
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Figure Captions: 

Fig. 1. The digital elevation map (DEM) of (a) China and (b) the study region. The black rectangle 

in (a) indicates the location of study domain with respect to whole China. 

Fig. 2. Doppler radar and rain gauge network over ETP: (a) the maximum radar coverage ranges 

(black circles) of each radar and heights of multi-radar hybrid mosaic reflectivity (MHMR); 

(b) distribution of rain gauges. The 1631 gauge stations in red are used for deriving radar 

rainfall algorithms, whereas the 1633 gauges in blue are used for validation of radar-derived 

rainfall products. 

Fig. 3. Flowchart of the rain gauge data quality control process. 

Fig.4. Storm cells identified by SCIT algorithm on the multi-radar hybrid mosaic reflectivity 

(MHMR) at (a) 0200 UTC, 28 Mar 2014; (b) 1900 UTC, 18 May 2014; (c)1130 UTC, 2 Jun 

2014; and (d) 0100 UTC, 31 Jul 2014. The circles represent the main coverage of the 

identified storm cells and the lines indicate location of the cross-sections in Fig. 8. 

Fig. 5. Digital elevations and radar echo moving directions retrieved by TREC at (a) 0200 UTC, 28 

Mar 2014; (b) 1900 UTC, 18 May 2014; (c) 1130 UTC, 2 Jun 2014; and (d) 0100 UTC, 31 

Jul 2014. 

Fig. 6. Conceptual diagram of the RT and SCIT-based radar rainfall approaches. 

Fig. 7. Storm-scale VPR clusters for the 14 storm cells illustrated in Fig. 4 in 1-h span. The arrows 

denote the moving directions of the VPRs. In particularly, cell 4 was gradually enhanced in 

(d) but weakened in (e). The number of VPR profiles for each storm cell is listed in Table 3. 

Fig. 8. Vertical profiles of reflectivity for the 14 storm cells indicated in Fig. 4. (a) Cells 1, 3, and 4; 

(b) cell 2; (c) cell 5; (d) cell 6; (e) cells 7 and 8; (f) cell 9; (g) cell 10; (h) cell 11; (i) cell 12; 

(j) cell 13; and (k) cell 14. The starting and ending locations (Lat/Long) of each cross 

section line are marked on the x-axes, and the vertical columns of the storm cells are 

denoted by the dashed-lines. More information about these 14 storm cells can be found in 

Table 3. 

Fig. 9. Scatter plots of radar-derived hourly rainfall versus gauge observations. (a) and (b) are 

averaged RT- and SCIT-based rainfall estimates across four events; (c) and (d) are RT- and 

SCIT-based rainfall estimates for four time frames at 0230 UTC 28 Mar 2014, 2000 UTC 18 

May 2014, 1200 UTC 02 Jun 2014, and 0100 UTC 31 Jul 2014. 

Fig. 10. Spatial distribution of the Z–R relationships [b = 1.6, the color represents value of coefficient 

A]. (a), (c), (e), and (g) are for the RT-based approach at 0200 UTC 28 Mar 2014, 1900 UTC 

18 May 2014, 1130 UTC 2 Jun 2014, and 0100 UTC 31 Jul 2014, respectively. (b), (d), (f), 

and (h) are for the SCIT-based approach at the same time frames. 
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610 
611 Fig. 1. The digital elevation map (DEM) of (a) China and (b) the study region. The black rectangle 
612 in (a) indicates the location of study domain with respect to the whole China. 
613 
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616
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618

619

Fig. 2. Doppler radar and rain gauge network over ETP: (a) the maximum radar coverage ranges 
(black circles) of each radar and heights of multi-radar hybrid mosaic reflectivity (MHMR); (b) 
distribution of rain gauges. The 1631 gauge stations in red are used for deriving radar rainfall 
algorithms, whereas the 1633 gauges in blue are used for validation of radar-derived rainfall products. 
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Fig. 3. Flowchart of the rain gauge data quality control process.    
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627

Fig. 4. Storm cells identified by SCIT algorithm on the multi-radar hybrid mosaic reflectivity 
(MHMR) at (a) 0200 UTC, 28 Mar 2014; (b) 1900 UTC, 18 May 2014; (c)1130 UTC, 2 Jun 2014; 
and (d) 0100 UTC, 31 Jul 2014. The circles represent the main coverage of the identified storm cells 
and the lines indicate location of the cross-sections in Fig. 8. 
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628 
629 Fig. 5. Digital elevations and radar echo moving directions retrieved by TREC at (a) 0200 UTC, 28 
630 Mar 2014; (b) 1900 UTC, 18 May 2014; (c) 1130 UTC, 2 Jun 2014; and (d) 0100 UTC, 31 Jul 2014. 
631 
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632 
633 Fig. 6. Conceptual diagram of the RT and SCIT-based radar rainfall approaches. 
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634 

635 Fig. 7 Storm-scale VPR clusters for the 14 storm cells illustrated in Fig. 4 in 1-h span. The arrows 
636 denote the developing trends of the VPRs. In particularly, cell 4 was gradually enhanced in (d) but 
637 weakened in (e). The number of VPR profiles for each storm cell is listed in Table 3. 
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Fig. 8. Vertical profiles of reflectivity for the 14 storm cells indicated in Fig. 4. (a) Cells 1, 3, and 4; 
(b) cell 2; (c) cell 5; (d) cell 6; (e) cells 7 and 8; (f) cell 9; (g) cell 10; (h) cell 11; (i) cell 12; (j) cell 
13; and (k) cell 14. The starting and ending locations (Lat/Long) of each cross section line are 
marked on the x-axes, and the vertical columns of the storm cells are denoted by the dashed-lines. 
More information about these 14 storm cells can be found in Table 3. 
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648

Fig. 9. Scatter plots of radar-derived hourly rainfall versus gauge observations. (a) and (b) are 
averaged RT- and SCIT-based rainfall estimates across four events; (c) and (d) are RT- and 
SCIT-based rainfall estimates for four time frames at 0230 UTC 28 Mar 2014, 2000 UTC 18 May 
2014, 1200 UTC 02 Jun 2014, and 0100 UTC 31 Jul 2014. 

40 



  

  
 

 

 

 

649
650

651

652

653

Fig. 10. Spatial  distribution of the  Z–R relationships  [b  = 1.6, the  color represents  value  of coefficient  
A]. (a), (c), (e), and (g) are for the    RT-based approach  at 0200 UTC 28 Mar 2014, 1900 UTC 18 
May 2014, 1130 UTC 2 Jun 2014, and 0100 UTC 31 Jul 2014, respectively . (b), (d), (f), and (h) are    
for the SCIT -based approach at  the same time frame s.  
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