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Abstract
The overall objective of this study is to evaluate and correct the Tropical Rainfall Measuring Mission (TRMM) 3B42 algorithm
for Northern Tunisia focusing on heavy rainfall events. Two types of correction methods are tested. The first is the combined
scheme (CoSch) which was applied in two different ways. CoSch (1) combines satellite data with interpolated in situ data.
However, CoSch (2) combines satellite data with a not interpolated in situ map where the pixel value is randomly selected from
the rainfall stations belonging this pixel. The second type of correction is the best linear unbiased estimator. The study period is
from January 2007 to August 2009. The in situ database is composed of an average of 318 rain gauges. Heavy events are defined
as those daily events exceeding 50 mm/day for at least one station. A total of 77 heavy rainfall events result from this selection
criterion; 35 events were recorded during the dry period (May to October) and 42 during the wet season (November to April). We
first investigate the boxplots of the various evaluation indicators for raw TRMM. The best achievement is for moderate events.
The worst performance is for very light and light events. Moreover, we noticed that raw TRMM estimates perform better during
wet season. The error decomposition underlined that the highest underestimated values are localized in orographic areas in Le
Kef, also in Cap Bon. However, the rainfall overestimation appeared in the central part of the study area (Bizerte and Zaghouan).
About the bias correction method comparison, CoSch (1) performance showed a stronger correction than the unbiased estimator
which outperforms CoSch (2). As for raw TRMM, CoSch (1) reports better correlation during wet season. The correction of
probability of detection (POD) is more important for the wet season reaching 0.9 by the CoSch (1) and unbiased estimator
methods. The threat score (TS) coefficients are found not sensitive to the season whatever the correction method.
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Introduction

Assessment of spatial and temporal distribution of daily pre-
cipitation is of great importance for analyzing flood events
which have severe impacts on agricultural, infrastructure,
and also socio-economic systems. Having precipitation data

is a valuable asset for delineating areas where critical rainfall
thresholds are surpassed and for defining areas impacted by
floods. An adequate spatial coverage of precipitation rain
gauges is needed to quantify the rainfall spatial distribution.
The assessment of the structure of rainfall spatial distribution
is difficult when using sparse rainfall networks. In both
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situations, estimating daily rainfall over land using satellite
data helps improve the quantification of ground rainfall
(Levizzani et al. 2002). It helps to improve the hydro-
meteorological forecasting of drought and flood (Su et al.
2008), characterizing and analyzing water/energy cycles and
in climate diagnostic studies. Many satellite rainfall products
are accessible nowadays. The Tropical Rainfall Measuring
Mission (TRMM) Multi-satellite Precipitation Analysis
(TMPA), which is available since early 1998, is one of the
major sources of satellite retrieved-precipitation providing ac-
curate and reliable precipitation estimates. It combines precip-
itation estimates from multiple satellites, as well as gauge
analyses provided by some institutions such as the Global
Precipitation Climatology Centre (GPCC). A monthly rainfall
network of about 67200 stations over the world is included in
the GPCC database. Validation results of TRMM TMPA are
based on the following criteria (Huffman et al. 2007): (i) a
realistic performance for estimating surface rainfall at monthly
scale, (ii) a good estimation of the surface observation–based
histogram of precipitation at smaller time scales, (iii) reason-
able detection of large daily events (extremes). For synoptic
purposes, rain showers are classified as (http://www.
metoffice.gov.uk/media/pdf/4/1/No._03_Water_in_the_
Atmosphere.pdf) light rain (rain rate ≤ 2.5 mm/h), moderate
rain (2.5 mm/h < rain rate ≤ 10 mm/h), heavy rain (10 mm/h <
rain rate ≤ 50 mm/h), and violent for rates of accumulation
greater than 50 mm/h for 3-h duration. According to Huffman
et al. 2007, TMPA has lower skill on moderate and light event
amounts in comparison with other fine-scale estimators.

In May 2012, the TMPA algorithm was improved and the
newer version TRMM 3B42 (Version 7) was released. Several
studies showed various degrees of improvement in V7 over the
USA, India, and tropical oceans (Zulkafli et al. 2014). Liu
(2015) found on a global scale over a 13-year period from
1998 to 2010 that when compared to V6, V7 has more rain
events, higher frequencies of rain events in light rain regime,
larger rain in the moderate regime, lower rainfall estimates over
land and oceans and for heavy rain. For light rain, all statistics
support that there are uncertainties in both versions. Such uncer-
tainties in satellite data can originate from different sources ac-
cording to Levizzani et al. (2007): depending on the properties
of the cloud top (in the case of IR algorithms), path-integrated
hydrometeor content (in the case of passive microwave algo-
rithms), sampling frequency, attenuation correction,
attenuation–reflectivity relationships, partial beam filling, and
surface clutter rejection (Ebert et al. 2007). It is therefore impor-
tant to evaluate their accuracy and expected error characteristics
by comparing them against “ground truth” from rain gauges
and/or radar observations. A number of studies have been used
to validate TRMM3B42 at different spatial and temporal scales.

At the daily scale, a comparison of rain rates derived from
three widely used high-resolution satellite precipitation prod-
ucts (the Precipitation Estimation from Remotely Sensed

Information Using Artificial Neural Networks (PERSIANN),
TRMM-3B42V7, and the TRMM real-time product 3B42RT)
using 1180 rain gauge observations over the entire country of
Iran was evaluated by Moazami et al. (2013). The spatially
averaged results, over the whole study area, of 47 comprehen-
sive (encompasses more than 50% of the country’s area) daily
rainfall events from 2003 to 2006 indicate that 3B42V7, with
an average bias value of −1.47 mm/day, relative bias of
−13.6%, mean absolute error (MAE) of 4.5 mm/day, root
mean square error (RMSE) of 6.5 mm/day, and linear corre-
lation coefficient (CC) of 0.61, leads to better estimation of
daily precipitation than those of PERSIANN and 3B42RT.

Another daily scale comparison of the performance of three
satellite data: the TRMM (V7 3B42) (hereafter, simply
“TRMM”) , Mult i-Sensor Precipi ta t ion Estimate–
Geostationary (MPEG), and the Climate Forecast System
Reanalysis (CFSR) was performed for the Lake Tana water-
shed (area= 15000 km2) in Ethiopia (Worqlul et al. 2014). The
daily rainfall series of 38 weather stations were used to vali-
date satellite products in 2010. On average, it was found that
TRMM explained only 17% of the rainfall variation.
Similarly, the areal comparison indicated a better performance
for both MPEG and CFSR data in capturing the pattern and
amount of rainfall together with a lower RMSE compared to
the TRMM satellite rainfall. Conversely, TRMMdata were on
average, unbiased in comparison with underestimation from
MPEG and overestimation from CFSR.

We conclude from these various case studies that TRMM
3B42 performance is weak in dry seasons and orographic
regions. However, it estimates well wet seasons.

To reduce the bias of satellite data, some merging tech-
niques were developed. One of these merging techniques
(Shrestha et al. 2011) is the Optimal Merging of
Precipitation (OMP) method which aims to merge precipita-
tion data from multiple sources with different spatial resolu-
tions (the 12-km resolution North American Land Data
Assimilation (NLDAS) system, the 8-km resolution
CMORPH, and the 4-km resolution National Stage-IV
QPE). The results demonstrate that the OMP method iden-
tifies a better data location, allocates a higher priority over
the region and time period, and filters out poor-quality data
introduced into the merging process. The same results found
by another merging technique called HL-OI applied over
China (Nie et al. 2016). This method combines daily precip-
itation from high-resolution gauge observations, the Climate
Prediction Center morphing technique (CMORPH) satellite
estimates, and National Centers for Environmental
Prediction (NCEP) numerical simulations. The scheme is de-
signed using a three-step: reducing random errors, quantita-
tively estimating error variances, and combining useful infor-
mation from each data source. Cross-validation results show
that themergedmultisource analyses perform better than dual-
source analyses where the HL-OI scheme effectively removes
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most of systemic biases and random errors and is robust even
with imperfect background fields. Moreover, statistical bias
correction (BC) techniques have become used in the last de-
cades to improve the performance of satellite data such as
scaling, empirical quantile mapping (eQM) (Amengual et al.
2012), parametric quantile mapping with gamma distribution
(gQM) (Piani et al. 2010), and parametric quantile mapping
with gamma and generalized pareto distribution (gpQM)
(Gutjahr and Heinemann 2013). It is worth noting that BC
methods were mainly developed for regional climate model
(RCM) assessment. Several limiting problems have been re-
cently highlighted for linear correction (LC) methods and
quantile-quantile (Q-Q) correction methods related to precip-
itation series (White and Toumi 2013).

In previous work over Northern Tunisia, the Meteosat
Second-Generation Multi-sensor Precipitation Estimate
(MSGMPE) algorithm was evaluated (Dhib et al. 2017). A
total of 318 ground rainfall station observations were analyzed
from January 2007 to August 2009. A threshold of 50mm/day
for at least one station was considered. A total of 35 events
during the dry period (from May to October) and 42 events
during the wet season (from November to April) were studied.
The Meteosat Second-Generation Multi-sensor Precipitation
Estimate (MSGMPE) algorithm showed generally an under-
estimation of rainfall events with the low geographic extent of
extreme rainfall at the ground (detections by less than 3 sta-
tions with recorded rainfall >50 mm/day) where 35 events
were non-detected and 32 events were underestimated out a
total of 77 events. Based on the percentage of events detected
by the MSGMPE, it was concluded that the MPE method is
more suitable in Northern Tunisia during the dry summer
period when convective rainfall prevails. Ebert et al. (2007)
evaluated 12 operational precipitation estimate satellite prod-
ucts over the USA, northwestern Europe, and Australia. They
concluded that there is an important difference in the perfor-
mance of a single product from one region to another.

Therefore, evaluating the skill of the recent version of
TRMM product on a regional basis over Northern Tunisia
is required to ensure more confidence in the product rain-
fall estimates. Then, the main objectives of this study are
as follows: (a) to evaluate the rainfall estimation by
TRMM 3B42 algorithm using rain gauges data as ground
truth; (b) to apply different bias correction methods to
develop a better version of TRMM 3B42 rainfall esti-
mate; (c) to identify the best correction method over
Northern Tunisia. The rest of the paper will proceed as
follows: the TRMM 3B42 V7 product and the in situ data
is described first (Section “Data”). In the “Methodology”
section, the methodology is presented with the bias cor-
rection methods. The “Results” section outlines the vali-
dation and the correction results during the dry and wet
seasons. The “Discussion” section presents concluding
remarks and perspectives.

Data

Regional (in situ) rainfall data

Tunisia is bordered by Algeria to the west and southwest,
Libya to the southeast, and the Mediterranean Sea to the north
and east. Tunisia has a Mediterranean climate influenced by
dry air currents in the Sahara. This climate accentuates the
precipitation irregularity and the random succession of dry
and floods years. The relatively high latitude of Tunisia and
its elongated shape in the direction North-South give it the
succession of the following climatic zones based on
Emberger (1955). The current study area, Northern Tunisia,
covers these two zones:

– A humid zone (more than 800 mm/year) in the extreme
north with Bizerte, northern of Beja, and northern of
Jendouba.

– A subhumid climatic zone (between 600 and 800 mm/
year) including Kef, Jendouba, Beja, Siliana, Bizerte,
Greater Tunis, Nabeul, and Zaghouan

As a result, the climate of Tunisia is characterized by nu-
ances resulting from the relief, as well as from the proximity of
the sea and the desert in the Southern region. It is also char-
acterized by clear seasonal and annual irregularities, and an
increasing aridity from the North to the South. Then, in the
study area, Northern Tunisia, we can find the different types of
precipitation: orographic, convectional, and frontal.

The development of this research is carried out within the
geographical limits of the available national daily rainfall net-
work of Northern Tunisia. This network covers a zone from
35° 2′N to 37° 2′N and from 8° E to 11° E. This study area is
the rainiest part in Tunisia (Bargaoui et al. 2014). It is divided
into Medjerda River watershed (W-5), Meliane River water-
shed and Cap bon region (W-4), and northern coastal water-
sheds (W-3) (Fig. 1). All these basins have Mediterranean
climates. The network size is composed of 318 operational
stations observed for the time period from January 2007 to
August 2009. Daily rainfall gauges were provided by the
DGRE (General Direction of Water Resources) of the
Ministry of Agriculture. In previous study (Dhib et al.
2017), we analyzed the used data base using variograms.
The scatter plots suggested for the three study basins that the
sill increases linearly with the mean of the values of the ex-
perimental variogram at large distances. The existence of this
relationship allowed us to check the consistency of the results
as well as to outline some anomalies. These anomalies were
reported to DGRE for verification and correction. Figure 1
shows the spatial distribution of the rain gauges for 2008.

The study area has a complex topographywith high elevation
variations ranging from 0 to 1353 m. The network size per year
is reported by the watershed and observation period in Table 1.
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An extreme daily event is assumed when at least 50 mm/
day are recorded at least in one single station in the whole
domain for a 3-year period from January 2007 to August
2009. A total of 35 events during the dry period (from May
to October) and 42 events during the wet season (from
November to April) were obtained. Table 2 reports the date
of occurrence as well as the maximum and minimum obser-
vations by grid for each year.

Satellite data

TRMM product 3B42 V7 is used with a resolution of 0.25°
and 3 h. TRMM product is a combination of TIR from geo-
stationary satellites and MW sensors from the microwave im-
ager (TMI), the Special Sensor Microwave/Imager (SSM/I),
the Advanced Microwave Sounding Unit (AMSU), the MHS
(Microwave Humidity Sounder), and the Advanced
Microwave Sounding Radiometer-Earth Observing System
(AMSR-E). The processing of The TMPA is based mainly
in four stages (Dinku et al. 2010): (1) the microwave precip-
itation estimates are calibrated and combined, (2) infrared pre-
cipitation estimates are created using the calibratedmicrowave
precipitation, (3) the microwave and IR estimates are com-
bined, and (4) rain gauge data are incorporated.

TRMM 3B42 gridded rainfall estimates are collected from
the FTP site, available at: http://disc2.nascom.nasa.gov/
opendap/TRMM_L3/TRMM_3B42/.

To use this product over Northern Tunisia, it is necessary to
first convert the satellite database into a daily time resolution.
This is performed using the ISOD toolbox extension of ILWIS
(Maathuis et al. 2012) which requires downloading and pro-
cessing the archived satellite data. Satellite data available at 3-h
resolution are aggregated to 24-h resolution, from 6 a.m. of the
current day to 6 a.m. of the next day. Thus, the height TRMM
3B42 maps of each day are summed and multiplied by 3 to get
the same unit (mm) as the ground data which is mm/day.

Methodology

Spatial interpolation and resampling for observed
data

Themoving averagemethod using an inverse distanceweighting
was adopted for interpolating the observed rainfall for the two
seasons (ILWIS help. 1999). The resolution of TRMM data is
(0.25°×0. 25°) corresponding nearly to 25 km. Now, a previous
geostatistical analysis (Dhib et al. 2017) highlighted a

Fig. 1 Validation gauges for
2008 with TRMM grid. The
symbols represent the rainfall
stations (in Black W-3, in Red
W-4, in Blue W-5). The 8
governorate names covering the
study area are mentioned in black

Table 1 Network size by year and region and number of stations by grid

W-3 W-4 W-5

2006/2007 2007/2008 2008/2009 2006/2007 2007/2008 2008/2009 2006/2007 2007/2008 2008/2009

Number of stations 67 67 43 116 117 111 148 144 142

Number of grid points 20 20 15 25 24 24 37 37 35

Minimum rain gauge/pixel 0 0 0 0 0 0 0 0 0

Maximum rain gauge/pixel 7 7 7 15 15 15 10 10 10
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decorrelation distance varies from 15 to 35 km. Thus, interpolat-
ing with a resolution of 25 km might be not adapted to capture
the variability of rainfall fields.We assume that a 3-km resolution
is more adequate in linkage with the minimum range of 15 km.
With this resolution, every pixel has at least one validation station
for the study period. Then, the interpolated 3-km map was ag-
gregated to obtain the 25-km map using a bicubic resampling
method using resample option available under ILWIS.

Bicubic interpolation is a cubic interpolation in both x- and
y-directions (Losinger 2006). This method is more accurate
than nearest neighbor or bilinear interpolation, but is slower to
run. The bicubic method uses 16 neighboring pixels in a 4×4
pixel neighborhood. The first step is the determination of the
coordinate of each pixel in the output map; then the values of
16 surrounding pixels of the input map (in situ data) are used
to calculate an interpolated value for each pixel in the output
map (16 points pij, with i and j going from 0 to 3 and with pij
located at (i−1, j−1)). The value of the “new” pixel in the
output map is calculated by (ILWIS help 1999):

– (a) first 4 interpolations in y-direction (we get the 4 inter-
mediate values y′1, y′2, y′3, and y′4),

– (b) then 1 interpolation in the x-direction (A third-order
polynomial is fitted through each set of 4 intermediate
values and from this, the value of the fifth point is
known).

The formula becomes (Eq.1):

g x; yð Þ ¼ f ð f p00; p01; p02; p03; yð Þ; f p10; p11; p12; p13; yð Þ;
f p20; p21; p22; p23; yð Þ; f p30; p31; p32; p33; yð ÞÞ

ð1Þ

Database intercomparison

Statistics for satellite and ground map comparison

Satellite rainfall estimation is compared with the interpolated
surface data achieved adopting inverse distance method at the
spatial resolution of (0.25°× 0.25°). The spatial verification
methods over the entire study area included visual verification
and statistical verification using three performance criteria: (i)
the correlation coefficient (r), (ii) the normalized root mean
square error (NRMSE), and (iii) ratio bias coefficient. These
coefficients are calculated based on Eqs. (2)–(5) where xi is
the observation pixel, yi is the correspondent satellite pixel, n
is the number of pixels x , and y are the spatial average of
ground map and satellite map:

r ¼
∑ xi−x
� �

yi−y
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑ xi−x
� �2

∑ yi−y
� �2

r ð2Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑ xi−yið Þ2

n

s
ð3Þ

NRMSE ¼ RMSE

X
ð4Þ

Ratio bias ¼ X

Y
ð5Þ

Moreover, four categorical statistics (probability of detec-
tion (POD), false alarm ratio (FAR), threat score (TS), and
bias) are used to access rain detection capabilities (Wilks

Table 2 Selected events (threshold of 50 mm/day for at least one station) by season and hydrologic year

Dry season events Wet season events

2006/2007 2007/2008 2008/2009 2006/2007 2007/2008 2008/2009

13/06/2007 13/09/2007 16/10/2007 06/09/2008 10/02/2007 11/12/2007 16/11/2008 06/03/2009

14/09/2007 18/10/2007 12/09/2008 26/02/2007 12/12/2007 17/11/2008 07/03/2009

17/09/2007 19/10/2007 13/09/2008 08//03/2007 14/12/2007 18/11/2008 08/04/2009

23/09/2007 21/10/2007 14/09/2008 09/03/2007 27/03/2008 17/12/2008 09/04/2009

24/09/2007 22/10/2007 15/09/2008 10/03/2007 31/03/2008 18/12/2008 10/04/2009

25/09/2007 30/10/2007 25/09/2008 11/03/2007 10/04/2008 09/01/2009 11/04/2009

26/09/2007 11/05/2008 30/09/2008 12/03/2007 12/01/2009 12/04/2009

27/09/2007 12/05/2008 03/10/2008 22/03/2007 13/01/2009 13/04/2009

07/10/2007 18/05/2008 17/10/2008 16/04/2007 20/01/2009 18/04/2009

12/10/2007 22/10/2008 18/04/2007 21/01/2009 19/04/2009

13/10/2007 15/05/2009 11/02/2009 21/04/2009

14/10/2007 31/05/2009 23/02/2009 22/04/2009

15/10/2007 24/02/2009 23/04/2009
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2006). These verification coefficients (statistics and categori-
cal) have been widely used in many works to measure the
correspondence between the observed and estimated occur-
rences of rainy events using satellite data (Moazami et al.
2013).

Crossing satellite map and groundmap is achieved for each
pixel (76 pixels) for a given event (77 events).The resulting
Pearson correlation coefficients are interpreted according to
Evans (1996) where the absolute value rabs of r is considered
“very weak” for 0< rabs<0.19; “weak” for 0.20<rabs<0.39;
“moderate” for 0.40<rabs<0.59; “strong” for 0.60<rabs<0.79;
and “very strong” for 0.80<rabs<1. In the same way, the errors
between observed and satellite maps at grid points are estimat-
ed for each event to assign an NRMSE value for each event.
Normalized RMSE are achieved through dividing the RMSE
by the observed map range. The latter is assumed as the dif-
ference between the maximum and minimum interpolated
grid map values. The lower NRMSE score, the closer the
satellite rainfall estimation represents the ground (i.e., rainfall
measurements).

To elaborate categorical statistical indices, we start by
building a contingency table based on the comparison of the
number of hits, false alarms, misses, and “correct negatives.”
Thus, hits correspond to rainy pixels where both the satellite
and collocated rain gauge report rainfall while the false alarms
occur when it does no rain on the ground but it does rain
according to the satellite; misses correspond to when the in
situ rain gauge reports rain but its collocated satellite pixel
does not. In the case of no rain in both estimations (ground
and satellite), it is considered as correct negative (Table 3).

The first categorical statistic is POD (Eq. 2). It represents
the ratio of the correct identification of rainfall by satellite
product to the number of rainfall occurrences observed by
reference data at grid scale; the second indicator is FAR (Eq.
3) that measures the ratio between the number of false alarm
rain events at the grid scale and the total number of detected
events. The third is TSwhich denotes the overall proportion of
rainfall events correctly diagnosed by the satellite at grid scale.
The fourth indicator is the ratio (BIAS) of the frequency of
forecast events to the frequency of observed events (Eq. 5). It
indicates whether there is a tendency to under-forecast
(BIAS<1) or over-forecast (BIAS>1). This kind of categorical
statistics is usually used in meteorology forecast.

These metrics are calculated based on Eqs. (6)–(9):

POD probability of detectionð Þ ¼ hits

hitsþmisses
ð6Þ

FAR false alarm ratioð Þ ¼ false alarms

hitsþ false alarms
ð7Þ

Bias frequency biasð Þ ¼ hitsþ false alarms

hitsþmisses
ð8Þ

TS threat scoreð Þ ¼ hits

hitsþmissesþ false alarms
ð9Þ

POD, FAR, TS, and bias range from 0 to 1, with 1 being a
perfect POD, TS, and bias and 0 being a perfect FAR.
Moreover, average spatial values over the study area for both
ground data and satellite data are quantified for each event and
compared. Average spatial values were then used to estimate
the ratio bias coefficient which is the ratio of the average
satellite rainfall estimation to the average of the ground rain-
fall map (Worqlul et al. 2014).

Error decomposition

We decomposed the total TRMM bias for each day and then
accumulated the daily error components as well as the total
errors into seasonal time scale (wet and dry). Also, we accu-
mulated the error components and the total error for all the
events (wet and dry).

Correction methods of low-resolution satellite data

The previous statistics aimed to quantify the degree of agree-
ment between maps derived from up-scaling observed data
and satellite maps. The next objective is to correct satellite
maps in order to improve the scores of continuous and cate-
gorical comparison statistics. Correction methods adopt
upscaled ground map as basic information. Two types of cor-
rection methods are investigated in this research. The first is
the combined scheme (CoSch) proposed by (Vila et al. 2009).
The advantage of the combined scheme (CoSch) method is the
merging of additive bias and ratio bias corrections to help
overcome some limitations of those methods if used separate-
ly (Vila et al. 2009). The second one is the best linear unbiased
estimator developed by Chirlin and Wood (1982).

Two ways of using CoSch are tested here. The first is to
adopt interpolated in situ data as the basis of correction
(CoSch (1)). The second is to use a randomly selected station
belonging to the pixel (CoSch (2)) similarly to Vila et al.
(2009) working on South America data and Moazami et al.
(2013) who analyzed data for Iran. In other words, in CoSch
(2), all the rain gauge rainfall values are not interpolated. The
main steps in CoSch (2) are as follows: (i) One station value in
each pixel of 25-km resolution is randomly selected to be

Table 3 The structure of the 2 × 2 contingency table summarizing the
agreement between rain in situ and TRMM data sets

Rainy No rainy

Satellite Rainy Hits False alarms

No rainy Misses Correct negatives
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applied as input for the resample ILWIS option facility, and
(ii) these selected values for all the pixels are transformed by
the cubic interpolation method to a raster map. In our case of
CoSch (2), for 0.25-degree resolution, we have 57 pixels out
of 76 with at least one station meaning that the rate of non-
observed pixels is about 25% out of a total of 76 pixels at a
0.25-degree scale.

Figure 2 reports the selected stations in CoSch (2) for 2007
compared to the entire observation network.

In CoSch (1), inverse distance weighting is used to inter-
polate in situ data at a 3-km resolution. Furthermore, the re-
sampling to 0.25-degree resolution (nearly 25 km) is achieved
using bicubic interpolation.

In practice, we obtain for example for the year 2007 n = 82
pixels for CoSch (1) or n = 57 pixels for CoSch (2).

Combine scheme methods

Let Y the ground rainfall map and X the satellite rainfall map.
The correction is achieved independently for each event. Let i
the pixel identifier. For all cases, we consider i to be the center
of the pixel. So Xi is the satellite pixel corresponding to Yi
“ground pixel.” In fact, it is represented by an interpolated
value in CoSch (1) and an observed value in CoSch (2).

We begin the correction by (a) calculating the additive bias
(Bias_ADD) and ratio bias (Bias_RAT) respectively in Eq. 10
and Eq. 11 with:

Bias Addi ¼ Y i−X i ð10Þ
Bias Rati ¼ Y i=X i ð11Þ

Then (b) the arithmetic mean of the values of the 8 nearest
pixels as well as the pixel i is achieved to estimate the new
value of the additive bias (M_Add) and ratio bias (M_Rat).
Thus, each event is characterized by two maps one corre-
sponding to M_Add and another to M_Rat.

(c) These mean bias maps are used to correct the TRMM
map respectively by Eq. 8 and Eq. 9.

X addi ¼ X i þM Addi ð12Þ
X rati≔X i*M Rati ð13Þ

(d) Then the absolute differences (diff_abs_add or
diff_abs_rat) between the maps of X_add and X_rat and the
in situ map (Eq. 14 and Eq. 15 respectively) are calculated:

diff abs addi ¼ abs Y i−X addið Þ ð14Þ
diff abs rati ¼ abs Y i−X ratið Þ ð15Þ

Then one particular scheme either additive or ratio is se-
lected to assign a corrected value X corr

i for each pixel (Eq. 16
or Eq. 17). It is worth noting that for ungauged pixels, the
original Xi value is unchanged X corr

i = Xi

X corr
i ¼ X addi if diff abs addi < diff abs rati ð16Þ

X corr
i ¼ X rati if diff abs addi > diff abs rati ð17Þ

Best linear unbiased estimator method

The bias correction proposed by Chaney et al. (2014) is based
on the best linear unbiased estimator approach (Kalman 1960)
where the optimal pixel value is estimated in Eq. (18)

xa ¼ xb þ k yb−Hxbð Þ ð18Þ

with xb is the value of the TRMM gridded dataset, k is a
Kalman gain, Hxb is the measurement matrix which extracts
pixel values from xb that corresponds to an observation point,
and yb is the vector of observations in the vicinity of the grid
cell.

Here the Kalman gain acts as a linear operator to minimize
the bias and error variances. The studies of Seo et al. (1999)
and Dinku et al. (2002) used Kalman filtering equations to
predict and update the mean field bias of radar rainfall data
in real time. Also, Chumchean et al. (2003) compare two
correction methods: a Kalman filtering techniques and a ratio
bias correction method to minimize the mean filed bias in real
time of 28 events recorded by the Kurnell radar at Sydney
Australia, during November 2000–April 2001 and the corre-
sponding observed rainfall of a network of 260 hourly tipping
bucket rain gauges. The results showed that the Kalman filter
approach outperforms the use of ratio bias correction when
rain gauge density is less than about 1 gauge per 90 km2 and
has a higher accuracy when no bias correction is performed,
irrespective of the density of rain gauges used in the calibra-
tion. Figure 3 illustrates the research methodology including
the TRMM 3B42 performance evaluation and the different
correction method comparison.

Fig. 2 Validation gauges used in CoSch (2) for the year 2007 with
TRMM grid
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Results

In this study, a comparison between daily rainfall values esti-
mated by TRMM 3B42 products and rain gauge observations
was implemented over the entire Northern Tunisia. The eval-
uation of TRMM is based on the 77 rainy days selected (at
least one station >50 mm/day).

Spatial interpolation and resampling

The inverse distance interpolation was achieved using a limit
distance of 25 km for all the events except the events of 12/01/
2009 and 08/03/2007 where the limit distance of 25 km was
not suitable (many gaps in the interpolated maps) and the
suitable limit distance was estimated by ILWIS for about
31 km and 30 km respectively for these two events.

Areal comparison

The retrieval of the occurrence of rainy days by TRMM is
goodwhere 96% of the observed events were detected as rainy
by TRMM. Figure 4a and b present the country-averaged
values of: precipitation on the ground and by TRMM, the ratio
bias, correlation coefficient, POD, FAR, TS, bias, and RMSE
for all the selected heavy events over the whole study area.
TRMM shows a good average POD coefficient over the
Northern Tunisia (Fig. 4b) about 0.51, FAR about 0.13, TS
about 0.45, the bias coefficient about 0.67 which ranges be-
tween 0 and 3, and the NRMSE average 0.48.

The correlation between TRMM and daily in situ data is
good for some events (Fig. 4b), with a maximum correlation
coefficient of 0.85 (22/10/2008). Based on the classification of
Evans (1996), only 20% of the total observed rainfall variation
is explained by the TRMM satellite rainfall estimates with a
“moderate” coefficient of correlation, 9% with strong correla-
tion and only one event the 22/10/2008 with a “very strong”
correlation. The ratio bias calculated (Fig. 4a) for TRMM
ranges from 0.003 to 5.9 for the wet season and ranges from
0 to 19.7 for the dry season (Table 3). The raw TRMM data
shows an under prediction of the observed rainfall; on aver-
age, in our case, it underestimates the ground rainfall by 59%
(ratio bias under 1).

The normalized root mean square error presents large varia-
tions (Fig. 4d) for the wet season from 0.15 to 2.31 and less
variation for the dry season from 0.15 to 1.16 (Fig. 4c).
Comparing the coefficients of the Fig. 4c and d, we notice that
the correlation coefficient of the wet season is better than of the
dry season (the median of the wet season is about 0.2 and it did
not exceed 0.05 on the dry season). Thewet season also showed
a better POD and TS. However, the bias verification coefficient
indicates an over-forecast by TRMM during the wet season.

Figures 4e and f confirm the relative bias ratio results
(there is less variability of the bias during the wet season)
where the average spatial rain of the study area is better esti-
mated by TRMMduring thewet season (Fig. 4e) than during
dry season (Fig. 4f). Brochart and Andréassian (2015) in
studying La Guyane noticed that the satellite data overesti-
mate high rain and underestimate low precipitation, which is

Fig. 3 Study methodology
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similar to what is seen in Fig. 4e and f where several events
with an average of about 10mm/daywere underestimated by
TRMM foremost during the wet season (11/12/2007, 01/04/
2008, 23/02/2009, and 22/04/2009 with average on the
ground successively about 11, 10.7, 9.7, and 9.7 mm/day
compared with only 2.4, 1.7, 0.1, and 1.7 mm/day estimated
byTRMM)andhighprecipitationwith an average exceeding
20 mm/day was overestimated (during wet season, the most
remarkable events are 08/03/2007 and 12/01/2009 with suc-
cessively 27.7 and 42.2 mm/day on the ground compared
with 34.6 and 103.8 mm/day by satellite; during dry season
(Fig. 4f), overestimated events are 13/10/2007, 18/05/2008,
12/09/2008, and the event of 06/09/2008 where the satellite
estimated the spatial average rain about 22 mm/day com-
pared with the ground spatial average which did not exceed
4 mm/day).

Here (Fig. 5), five different categories (thresholds) identify
the capability of TRMM-3B42 to reproduce ground precipi-
tation. This classification is based on the spatial average reg-
istered on the ground: very light event (<1 mm/day), light (1–
5 mm/day), slightly moderate (5–10 mm/day), moderate (10–
25 mm/day), and extremely rainy (25–50 mm/day).

Dayswith average precipitation ranging below1, 5, 10, 25, and
50 mm/day contributed to approximately 4%, 30%, 29%, 34%,
and 3% of the total observed precipitation (Fig. 5a, b, c, d, e).

Days with average precipitation range below 1, 5, 10, 25, and
50 mm/day contributed to approximately 4%, 30%, 29%, 34%,
and 3% of the total observed precipitation (Fig. 5a, b, c, d, e).

An under forecast appears in all the classes foremost for the
extremely rainfall events (Bias<1).

The POD and TS coefficients were moderate (median
about 0.5) in all the classes except the extremely rainy events

Fig. 4 Results of the different accuracy estimators averaged for the whole
domain. Box plots of the average precipitation on the ground, by TRMM
and the ratio bias (a). Box plots of the averaged correlation coefficient,
POD, FAR, TS, bias, and RMSE for all the selected heavy events (b).
Box plots of the averaged correlation coefficient, POD, FAR, TS, bias,
and RMSE for all the selected heavy events during the dry season (c). Box
plots of the averaged correlation coefficient, POD, FAR, TS, bias, and

RMSE for all the selected heavy events during the wet season (d).
Comparison of spatially averaged precipitation between ground stations
and satellite estimations for wet season (42 events) (e) and for the dry
season (35 events) (f). In the box plots, the central black line indicates the
median, whereas the horizontal lines of each plotted box plot illustrate the
10th, 25th, 75th, and 90th percentiles, respectively
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(POD and TS near 0.1). The FAR coefficient is the best for the
very light and light events (median near 0) and it is the highest
in the extremely rainy events. From the ratio bias box plots
(Fig. 5f), an underestimation of very light, slightly moderate,
and moderate events appears. However, there is an overesti-
mation of extremely rainy events which confirms the findings
of Chen et al. (2013) who reported that TRMM 3B42 tends to
overestimate light rain but underestimates moderate to high
rain (>50 mm/day) on land and oceans.

Correction method results

Figures 6a and b report the correlation coefficients of each
event during the dry and wet seasons for the raw TRMM data,
CoSch (1) and CoSch (2) corrected maps, and corrected
TRMM by best linear unbiased estimator method. The
Pearson’s correlation coefficient between satellite estimations
and ground maps reached 0.85 for some events but were in-
significant for other events (Fig. 6).

The wet season events get an efficient correction by the
CoSch (1) method (Fig. 6a) except 2 events (08/03/2007,
17/12/2008). The unbiased estimator method shows a good
correction too (Fig. 6a) for all the events except for three cases.
Two events (08/03/2007 and 18/04/2009) did not get any
improvement while one single event (09/04/2009) presented
a correlation coefficient that was lower than the raw TRMM
correlation coefficient. Concerning the dry season events
(Fig. 6b), an improvement of all the corrected events by the
two types of correction methods was found except two events
when corrected by the unbiased estimator method. Their cor-
relation coefficient was still the same as the raw TRMM cor-
relation coefficient (27/09/2007 and 12/09/2008). The CoSch
(2) method shows lower corrected correlation coefficients
than the other two correction methods for both seasons.

The raw TRMM correlation coefficients did not show any
difference in the TRMM rainfall estimate efficiency between
the dry and wet season. However, Fig. 6a and b highlight an
important effectiveness difference foremost for the CoSch (1)

Fig. 5 The statistic and categorical coefficient for each class of rainfall
events. Correlation coefficient, POD, FAR, TS, bias, and NRMSE for
average rain less than 1mm/day (a); for average between 1 and 5 mm/

day (b); for average between 5 and 10 mm/day (c); for average between
10 and 25 mm/day (d); for average between 25 and 50 mm/day (e); Ratio
bias coefficient of all the classes (f)
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correction method between the two seasons where the corre-
lation coefficient oscillates between 0.5 and 0.85 for all the
events during the wet season and acquires some weak corre-
lation coefficients during the dry season (for example 18/10/
2007 and 31/05/2009).

After Fig. 6a and b, the CoSch (1) method shows more
performance foremost for the events where the raw TRMM
correlation coefficient was so weak such as 18/10/2007. Also,
it is worth noting that the unbiased estimator method gives
weak correlation coefficient for the events where the TRMM
estimates no rain for all the study area like the event of 12/10/
2007.

Some corrected events by the different correction methods
during wet and dry seasons are represented in Fig. 7a and b.

Figure 7 highlights the capacity of the correction methods
to correct the bias of TRMM estimate even for the worst cases
such as the undetected event of 23/02/2009 and the
overestimated event of 12/01/2009.

More or less the gradient in the interpolated in situ map is
well represented in the corrected maps (Fig. 6a and b). To see

more details about the corrected maps, Figure 8 represents the
daily values of POD, FAR, TS, ratio bias, and NRMSE for the
three correction methods for dry season (Fig. 8a) and wet
season (Fig. 8b).

We conclude generally based on Fig. 8a and b that the
verification coefficients (POD, FAR, TS, ratio bias, and
NRMSE) were well improved. In regard to POD, Fig. 8a in-
dicates that this coefficient was well corrected foremost for
low values (POD less than 0.2 and become higher than 0.6)
such as the events number 20, 28, and 29 during the dry
season. This correction of POD is more important for the
wet season (Fig. 8b) where more than 70% of the POD coef-
ficient reached 0.9 by the CoSch (1) and unbiased estimator
methods.

The TS coefficient is in agreement with the POD correction
results where the TS coefficients reached 0.6 for most of the
events for both seasons.We notice also an improvement of the
raw TRMM from the corrected bias coefficient which be-
comes perfect (near 1) such as the event numbers 27, 28,
and 29 (Fig. 8a) and the wet event numbers 17, 19, and 20.

Fig. 6 Comparison of the correlation coefficients of the three correction methods for the wet season (a) and the dry season (b). Yellow lines present the
threshold of significant correlation coefficient (0.5)
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After comparing the verification coefficients for each
event, the average of these verification coefficient for the
whole study area for all the events (Fig. 9) will help us decide
which correction method is performs the best.

At first sight (Fig. 9), we notice that the CoSch (2) correc-
tion methods give the worst correction results of all the veri-
fication coefficients in comparison with the two other correc-
tion methods. CoSch (1) method showed a higher skill in the

Fig. 7 Comparison of the
Interpolated ground map, raw
TRMM, CoSch (1), CoSch (2),
and unbiased estimator for some
events during the dry season (a)
and wet season (b)
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FAR, TS, correlation coefficient, and NRMSE. Only the POD
coefficients of the unbiased estimator methods were slightly
better than the POD of the CoSch (1).

Figure 10 reports the average TRMM rain estimate and
corrected by the two correction methods versus the average
rainfall on the ground, in both seasons wet and dry. It is clear
that satellite rainfall amounts are completely out of the ob-
served rainfall range for some events such as 12/01/2009,
13/10/2007, 31/03/2008, and 06/09/2008. The two scatter
plots of the two correction methods CoSch (1) and unbiased
estimator are in good agreement for all events except for three
cases not well corrected by the unbiased estimator method: 22/
10/2007, 27/03/2008, and 09/04/2009.

Discussion

The evaluation of TRMM against ground data showed an
underestimation of very light, slightly moderate, and
moderate events. However, there is an overestimation of
extremely rainy events. This oscillation of overestimation
and underestimation against in situ data confirms previous

findings such as Worqlul et al. (2014) and Chen et al.
(2013). Using the error decomposition method, we will try
to localize spatially these over and underestimation.

Error decomposition

In Fig. 11, we tried to localize the over and underestimation
locations where each row represents the spatial patterns of the
total bias E and its three components: hit bias (H), missed
precipitation (M), and false precipitation (F).

For the wet season, an important underestimation appears
in the missed precipitation map where the maximum of
missed values are located in the north-west part (gray color).
Also, this underestimation is very clear in the total error map
(E) with the highest number of missed values localized in
orographic areas (gray and dark blue colors).

For the dry season, the underestimation decreases in com-
parison with the wet season. However, it is still high in the
orographic areas of the north-west part which is expected. The
false alarm (F) and the hits (H) maps indicate a higher over-
estimation during the dry season.

Fig. 8 Daily values of POD, FAR, TS, ratio bias, and NRMSE for the three correction methods for dry season (a) and wet season (b)
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For the all extreme events, the most obvious common
feature is the large underestimation areas which appear
clearly in the total error (E) and the missed (M) cards.
The highest underestimated values are localized in oro-
graphic areas in Le Kef, also in Cap Bon. This underes-
timation is in harmony with the findings of El Kenawy
et al. (2015) who noticed in the Iberia case study that the
underestimation of heavy rain is most severe for coastal
and island sites in the most elevated region (750–2300
mm/year) across most seasons.

On the other hand, the overestimation of high rainfall
amounts might be due to the combination of microwave and
infrared sensors, which detect cloud information at upper
levels rather than actual precipitation near the surface.
Therefore, a part of the estimated precipitation before reaching
the ground might be expected to evaporate resulting in this
overestimation by TMPA (Rozante and Cavalcanti 2006).
This evaporation of rain before reaching the ground is called
“Interception.” It is essentially caused by the evaporation from

plant surfaces, absorption by the plant, and the number of
showers.

Conclusions and perspectives

This study evaluated Tropical Rainfall Measuring Mission
(TRMM) Multi-satellite Precipitation Analysis TRMM MPA
3B42 data version 7 using 318 ground rainfall observation
stations in the Northern Tunisia for extreme events registered
from January 2007 to August 2009. There was a good corre-
spondence between the rainy days in TRMM and the rain
gauges where 96% of the rain events were captured by the
satellite. Twenty-five percent of the studied events were well
estimated by TRMM with a correlation coefficient about 0.5.
The comparison of the spatial average showed a better corre-
lation during the wet season while there are many
overestimated events during the dry season. Many
underestimated events during both season for low spatial

Fig. 8 (continued)
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average (<10 mm/day). The evaluation results confirmed pre-
vious findings (Brochart and Andréassian 2015) about the
overestimation of high rain and underestimation of low pre-
cipitation. Also, we noticed that TRMM3B42 is more suitable
for wet season over the study area which is in harmony with
previous studies where it showed a weak performance in dry
seasons (case Sohn et al. 2010; Sánchez-Moreno et al., 2008;
Worqlul et al. 2014) and it estimates well wet seasons (Liu
et al. 2015).Moreover, error decompositionmethod highlight-
ed the weakness of TRMM 3B42 over Tunisian orographic
area which was expected from previous studies over Greece
(Feidas 2010) and over Korean peninsula (Sohn et al. 2010).
We conclude, generally, from this evaluation that TRMM
3B42 is not accurate for Northern Tunisia and it needs some
corrections before be used.

This erroneous estimations, bias, data gaps, and systematic
errors may be due to scale-mismatch and merging multiple
sources which encapsulates the strengths of the individual
products while suppressing the weaknesses. The correction
methods evaluated in this study (CoSc (1), CoSch (2), and
unbiased estimator) would require filling the gaps, improving

accuracy in a range of space, time, and precipitation intensity.
These correction methods merge satellite data within in situ
data which is found able to dynamically correct local bias and
improve the rainfall estimates (Chaney et al. 2014). In this
study, all these methods carry out these tasks and improve
precipitation estimates, which is crucial for water resources
decision support and other agriculture applications.
Moreover, they highlighted their capacity to correct the bias
of TRMM 3B42 even for the worst cases such as undetected
events and very overestimated events. Performance compari-
son between these correction methods showed that the CoSch
(1) method correct better the spatial average, FAR, TS, and
NRMSE than the unbiased estimator method followed by
CoSch (2).

Moving forward, a first perspective is to develop a regional
version of elevation-rain relationships rather than use the glob-
al version of TMPA-3B42. A second perspective is to evaluate
the monthly adjusted rainfall by GPCC rain gauges which
performed well in many parts of the world including Tunisia
(Javanmard et al. 2010). However, as we see in this study,
monthly GPCC data does not do well at correcting extreme

Fig. 9 Comparison between the verification coefficients of all the selected events of the three correction methods. POD (a), FAR (b), TS (c), correlation
(d), spatial average (e), and NRMSE box plots (f)
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events. In terms of bias correction, our goal is to test the new
merging techniques which showed a good results (Rozante
et al. 2010). Another important scope is to evaluate the MW
data TMI over Tunisia by combining it with IR temperature
brightness. We get encouraging primary results for the

instance of the IR brightness temperature performance to de-
tect heavy rainfall (Dhib et al. 2014). At the same time, we
expect to understand the accuracy of TRMM 3B42 product
from TMI data which is used in the first step of processing of
TRMM.

Fig. 10 The relationship between
the average of ground rainfall and
the average rainfall by raw
TRMM, TRMM corrected by
unbiased estimator, and corrected
by CoSch (1) method for both
seasons

Fig. 11 Error components of the
TRMM product for the wet, dry,
and for all the events: total bias
(E), hit bias (H), missed
precipitation (M), and false
precipitation (F)
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