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Abstract In this study, the correlation between Tm, a key

variable in GNSS water vapor inversion, and surface

temperature (Ts) was calculated on a global scale based on

the global geodetic observing system (GGOS) atmosphere

Tm data and European centre for medium-range weather

forecasts (ECMWF) surface temperature data. The results

show that their correlation is mainly affected by latitudes,

and the correlation is stronger at high latitudes and weaker

at low latitudes. Although the correlation is relatively weak

in the tropic areas, the temperature changes so little in a

year in these areas that we can still achieve good Tm results

by linear regression model. Based on these facts, ‘‘GGOS

atmosphere’’ Tm data and ECMWF Ts data from 2005 to

2011 were used to establish the global latitude-related

linear regression model. The new model has root mean

square error (RMSE) of 3.2, 3.3, and 4.4 K, respectively,

compared with respect to the ‘‘GGOS atmosphere’’ data,

COSMIC data, and radiosonde data and is more accurate

than the Bevis Tm–Ts relationship.

Keywords Correlation � Linear regression � Zenith

wet delay � Water vapor � GPS

1 Introduction

Water vapor, mainly distributed at the bottom of the tropo-

sphere, is an important component of the Earth’s atmosphere.

The amount of water vapor in the troposphere constitutes

approximately 99 % of water vapor’s total content. Although

little water vapor is present in the atmosphere, it is one of the

most active and variable parts among the atmospheric com-

ponents and one of the most difficult meteorological param-

eters to characterize [1, 2]. Water vapor plays a key role in a

range of spatial and temporal scales of atmospheric processes.

Its distribution is directly related to the distribution of clouds

and precipitation. Meanwhile, water vapor is the most abun-

dant and important greenhouse gas in the Earth’s atmosphere.

A good understanding of the distribution of water vapor in the

atmosphere will, therefore, be of great assistance in weather

forecasting and climate prediction. Traditional water vapor

measurement methods include radiosonde, water vapor radi-

ometer, satellite remote sensing, and so on. These methods

gradually become unable to meet the increasing demands of

meteorological development, due to heavy workload, high

equipment costs, or low spatial and temporal resolution. Using

global positioning system (GPS) to detect water vapor has

become an interesting area of research. Li et al. [3] introduced

the basic principles of using GPS to detect water vapor.

In ground-based GPS meteorology, we use the zenith wet

delay (ZWD), which is caused by atmospheric refraction

when GPS signals pass through the neutral atmosphere, to

calculate the precipitable water vapor (PWV). PWV is usu-

ally expressed as a linear function of ZWD:

PWV ¼ P � ZWD, ð1Þ

where P is the conversion factor which could be calculated

by

P ¼ 106

qwRv k3=Tmð Þ þ k02
� � ; ð2Þ

where qw is the density of water, Rv is the specific gas

constant for water vapor, k02 and k3 are the atmospheric
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refractivity constants [4, 5], and Tm is the key variable to

calculate the conversion factor P. The value of Tm is

related to temperature and water vapor pressure and can be

exactly calculated by

Tm ¼
R

Pv

T
dz

R
Pv

T2 dz
¼
P

Pvi

Ti
� Dhi

P
Pvi

T2
i

� Dhi

; ð3Þ

where Pvi and Ti are the average water vapor pressure and

average temperature of the atmosphere at the ith layer,

respectively, and Dhi is the atmosphere thickness of the ith

layer.

The radiosonde observes meteorological parameters at

different heights of the atmosphere when it is rising up, and

meanwhile converts the observations into radio signals which

are then sent to ground receivers. A sounding records infor-

mation of temperature, pressure, relative humidity, etc., at

specific barometric surfaces. COSMIC (constellation

observing system of meteorology, ionosphere, and climate) is

a project of space science experiments for detecting the

atmosphere, customized by the U.S. Department of Defense

and Taiwan area, and composed of six LEO satellites with

dual frequency GPS receivers. The primary mission of

COSMIC is to use GPS occultation to monitor the atmosphere

and then derive the atmospheric parameters like pressure,

temperature and relative humidity, etc., from the atmospheric

refractivity profiles. So, the COSMIC could provide layered

profiles of pressure, temperature and relative humidity, etc. In

fact, the COSMIC data need ECMWF’s numerical weather

prediction (NWP) data to help derive the meteorological data

especially when the radio signal gets close to the ground. So,

the COSMIC data are not truly independent data. With

radiosonde data or COSMIC meteorological data, we could

accurately calculate Tm by integration according to Eq. (3).

2� 9 2.5� Tm data provided by ‘‘GGOS atmosphere’’ are

derived from ECMWF’s ERA-40 reanalysis data, and ERA-

40 reanalysis data assimilate a lot of satellite data, including

vertical temperature profile radiometer (VTPR), tiros opera-

tional vertical sounder (TOVS), special sensor microwave/

imager (SSM/I), and recently heavily used COSMIC data, at

the same time the use of conventional observations (like

radiosonde) has been increased. So we can conclude that the

radiosonde data are completely independent data, COSMIC

data are relatively independent data, and ECMWF data are

reanalysis data which assimilate a lot of other data. It must be

pointed out that the COSMIC data play a large role in the

ECMWF reanalysis data in recent years.

In most cases, we can hardly obtain accurate profiles of

temperature, pressure, and water vapor pressure over the site,

which certainly limits the use of GPS to detect water vapor.

Bevis et al. [6] analyzed radiosonde profiles at 13 radiosonde

stations in America and found that there was a high corre-

lation between Tm and Ts. He suggested that Tm could be

expressed as a linear function of Ts, i.e., Tm ¼ aþ bTs. By

this method, we could easily get Tm from Ts. Bevis et al. [6]

also noted that to get the best Tm, the coefficients a and

b should be computed for specific locations and seasons.

Based on analysis of 8,718 radiosonde profiles, Bevis et al.

[6] proposed the regression equation Tm = 70.2 ? 0.72 Ts

(the units of Tm and Ts are Kelvin), which is suitable for use at

mid-latitude areas. This equation has a RMSE of 4.74 K, and

has been widely used in GPS meteorology.

Ross and Rosenfeld [7] researched on the radiosonde

profiles of 23 years at 53 stations and found that the relation

between Tm and Ts changes with geographic locations and

time. Chen [9] systematically analyzed the error sources in

GPS meteorology and noted that the calculation of Tm from

surface meteorological parameters was an important content

of GPS meteorology. After that many scientists did a lot of

work on establishing local linear regression Tm model, such

as Li et al. [10], Liou et al. [11], Baltink et al.[12], Bokoye

et al. [13], Wang et al. [14], and Jade et al. [15]. However,

these linear regression models were established with dif-

ferent data sources and are only suitable for local use, and

they cannot achieve a high accuracy on a global scale, thus

are not globally applicable. Yao et al. [16] established an

empirical global weighted mean temperature model GWMT

which considered the geographic and seasonal variations and

is independent of surface temperature. This model has some

applicability, but its accuracy is not as good as linear

regression models in local areas. Therefore, this paper fol-

lows the linear regression method to establish a globally

applicable model with multi-area linear regression functions

based on uniform data source.

ECMWF could provide ‘‘2 meter temperature’’ (treated

as surface temperature) with a resolution of no higher than

0.75� 9 0.75� at 00:00, 06:00, 12:00, and 18:00 UTC

daily. ‘‘GGOS atmosphere’’ provides Tm grid data with a

resolution of 2� 9 2.5� at 00:00, 06:00, 12:00, and 18:00

UTC daily. This paper analyzed the correlation between Tm

and Ts in different areas with these two kinds of data, and

then proposed the principle of dividing the globe according

to latitudes based on the characteristics of the correlation

between Tm and Ts. Finally, we established the latitude-

related Tm–Ts linear regression model.

2 Analysis of correlation between Tm and Ts

and establishment of the global latitude-related Tm

model

The global 2� 9 2.5� Tm and Ts data from 2005 to 2011 are

employed to compute the correlation coefficients r and linear

regression coefficients a and b. In order to get smooth results,

we employed the sliding window algorithm to calculate a, b,

and r. The size of the sliding window is 4� � 5� (lat� lon),
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i.e., data at the 3 9 3 grid points in the sliding window are

used to calculate a, b, and r which will then be taken as results

of the center point of the sliding window. The realization

process is as follows: first, calculate a, b, and r of the sliding

window at the upper-left corner of the grids as results of the

first grid point at this latitude; then, move the sliding window

by one point along the latitude, and calculate a, b, and r of the

sliding window as results of the second grid point at the same

latitude, and so on until the last point of this latitude; move the

sliding window by one grid along the longitude, and calculate

a, b, and r at all grid points at this latitude according to

methods outlined above, and so on until a, b, and r at all grid

points are calculated. Figure 1 shows the smoothed correla-

tion coefficients r in different areas of the world, while Figs. 2

and 3 show the smoothed linear regression coefficients a and

b, respectively, in different areas of the world.

From Fig. 1, we can see that the correlation between Tm

and Ts is mainly affected by latitudes, slightly affected by

longitudes, appears stronger at high latitudes, and weaker at

low latitudes; and it presents some symmetries between the

southern and northern hemispheres with a trend of gradually

decreasing from the two poles to the equator. Figures 2 and 3

also show that the regression coefficients a and b vary with

latitudes in a wave form and are slightly affected by longi-

tudes; in general, where a is large, the b will be small. Thus, it

can be concluded that the correlation between Tm and Ts is

highly related to locations, especially affected by latitudes.

So, it will certainly reduce the accuracy if we use a same

linear regression equation (like the Bevis equation) to cal-

culate Tm on a global scale. Based on these, we propose that

combine the regional Tm - Ts linear regression functions to

form a new model with global coverage, which will be a

scientific and practical way.

Based on the analysis of the correlation between Tm and

Ts, we divide the globe into 12 latitudinal bands with the span

of each band as 15� after considering that the correlation is

mainly affected by latitudes and it is better with fewer

regions. Sample a grid point every 2� � 7:5� (lat� lon) in

each latitudinal band, and then combine data at the sampled

grid points to calculate the linear regression coefficients for

each latitudinal band, at the same time correlation coeffi-

cients and RMSE of the regression equations are also com-

puted. The global 12 latitudinal bands and statistic

information in each band are shown in Table 1.

From Table 1, we can see that the correlation between

Tm and Ts is high at high latitudes and becomes weak at

low latitudes. In general, high correlation is beneficial to

linear regression, but the results in Table 1 show that the

RMSE is large at high latitudes, and becomes small at low

latitudes. To illustrate this problem, Figs. 4 and 5 show the

Tm and Ts time series at 0� and 70�N, respectively.

In Fig. 1, the correlation between Tm and Ts is higher at

70�N than at 0�N which could also be found from the

comparison of Fig. 4 with Fig. 5. But Fig. 4 also shows that

the Ts varies between 295 and 305 K at 0�N, the range is only

10 K, and the range of Tm is even smaller; while the Ts varies

between 240 and 285 K at 70�N, the range is as wide as 45 K

and the range of Tm is large too. As the linear regression model

maps Ts onto Tm through translation (a) and scaling (b), it is

easier to fit data that vary less than those that vary severely.

This explains why the regression models have higher accuracy

at low latitudes than at high latitudes. This also indicates that

the linear regression method is feasible at low latitudes though

the correlation between Tm and Ts is low there.

Fig. 1 Correlation coefficients r between Tm and Ts around the globe

Fig. 2 Constant coefficients a of the linear regression models around

the globe

Fig. 3 Scaling factor b of the linear regression models around the globe
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3 Examine the global latitude-related linear regression

model with ECMWF and ‘‘GGOS atmosphere’’ grid

data

In this section, ECMWF Ts data and ‘‘GGOS atmosphere’’

Tm data in 2012 are employed to examine to the new model

in comparison with Bevis Tm - Ts relation as well. For

simplicity, the new model is called the GTm model, the

Bevis Tm - Ts relation is called the BTm model, and the

data from ECMWF or ‘‘GGOS atmosphere’’ are called the

grid data. Tm and Ts grid data in the early 244 days of 2012

are involved in the examination. Mean bias and RMSE at

the global 2� 9 2.5� grid points (13,104 points in total) are

computed. The results show, on a global scale, that the

GTm model has mean bias of 0.4 K and RMSE of 3.2 K,

while the BTm model has mean bias of 1.2 K and RMSE of

4.3 K. The error distribution and statistics of the two

models are shown in Fig. 6.

From Fig. 6a, we could see that the mean bias of the

GTm model is highly concentrated around zero, while the

mean bias of the BTm model is relatively scattered, which

indicates that the GTm model has few systematic deviation

compared with the ‘‘GGOS atmosphere’’ Tm data, while the

BTm model has some systematic deviations in some areas.

Figure 6a also shows that the RMSE of the GTm model

accounts for the largest proportion around zero, and the

proportion decreases as the RMSE increases; while the

RMSE of the BTm model neither accounts for the largest

proportion around zero nor its proportion decreases as the

RMSE increases, but the proportion reaches the largest

when RMSE is around 3.5 K, which indicates again that

the BTm model has some systematic bias. Figure 6b shows

more intuitively that the mean bias of the BTm model

accounts for 60 % between -3 and 3 K, and its RMSE

accounts for 74 % below 5 K and only 20 % is below 3 K;

while the mean bias of the GTm model accounts for 92 %

between -3 and 3 K, and its RMSE accounts for 91 %

below 5 K and 57 % is below 3 K. Compared with the

BTm model, the GTm model shows the superiority. Fig-

ure 7 shows the global distribution of mean bias and RMSE

of the GTm model and the BTm model.

From Fig. 7, we could see that the BTm model has large

negative bias around the equator and large positive bias in

the arctic region, in the southeast Pacific Ocean and in the

Indian Ocean near the Oceania. While the GTm model has

small bias near the equator, but has large negative bias in

the arctic region and large positive bias in a few areas of

the southern hemisphere. Overall, the mean bias of the

GTm model is smaller than that of the BTm model in most

areas of the globe. The RMSE distribution in Fig. 7 shows

that the GTm model has smaller RMSE than the BTm

model in most areas of the globe. Though the correlation

between Tm and Ts reaches above 0.8 in the arctic region

and 0.73 in the Indian Ocean region near Oceania, these
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Fig. 4 Tm and Ts time series from 2005 to 2011 at 0�N (the green represents Ts and the red represents Tm)

Table 1 Coefficients of the linear regression models and statistical

information in each latitudinal band

Latitudinal bands a b r RMSE (K)

90�–75�N 67.8670 0.7204 0.93 3.6

75�–60�N 73.2557 0.7020 0.94 3.3

60�–45�N 35.8324 0.8391 0.93 3.2

45�–30�N 2.8034 0.9533 0.92 3.3

30�–15�N 105.1529 0.6117 0.49 2.6

15�–0�N 124.8671 0.5450 0.50 2.1

0�–15�S 156.3664 0.4411 0.54 2.3

15�–30�S 76.5865 0.7045 0.77 2.3

30�–45�S -15.9259 1.0224 0.79 2.1

45�–60�S 2.3531 0.9552 0.86 2.2

60�–75�S 67.0131 0.7116 0.95 3.6

75�–90�S 104.0401 0.5476 0.89 2.9
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two models both show large RMSE in such areas. In the

arctic region, where the GTm model has large RMSE, the

BTm model has small RMSE, and vice versa. Overall, the

regions where the GTm model has large RMSE are less

than that of the BTm model. Compared with respect to the

‘‘GGOS atmosphere’’ grid data, precision information of

the two models in 12 latitudinal bands is shown in Table 2.

From Table 2, we could see except for the 30�–45�S

band, the absolute mean bias of the GTm model is smaller

than that of the BTm model in the other 11 latitudinal

bands. The RMSE of the GTm model is smaller than that of

the BTm model in all the 12 regions. The BTm model

begins to have large bias ([5 K) and RMSE ([6 K) south

of 60�S, which affects the application of the BTm model in

such areas.

4 Examine the global latitude-related linear regression

model with COSMIC data

In this section, the global COSMIC occultation data in

2010 are used to examine the GTm model and the BTm

model. There are about 431,600 occultations involved in

the examination after the error data are excluded. Test

results show the GTm model has mean bias of -0.1 K and

RMSE of 3.3 K, while the BTm model has mean bias of

0.4 K and RMSE of 3.9 K. Figure 8 shows the detailed

statistics of the model error.

From Fig. 8, we could see, the differences between Tm

from the GTm model and Tm from the COSMIC are more

concentrated around zero compared with the BTm model. For

the GTm model, the differences between -3 and 3 K account

for 69 %, differences between -5 and 5 K account for 89 %,

and absolute differences above 5 K account for 11 %; while

for the BTm model, the proportions become 54 %, 81 %, and
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Fig. 6 Statistics of mean bias and RMSE of the two models.

a Statistical histogram of mean bias and RMSE of the two models

compared with respect to the ‘‘GGOS atmosphere’’ grid data in 2012,

b proportional distribution of mean bias of RMSE of the two

models compared with respect to the ‘‘GGOS atmosphere’’ grid data

in 2012
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Fig. 5 Tm and Ts time series from 2005 to 2011 at 70�N (the green represents Ts and the red represents Tm)
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20 %, respectively. The above statistical data show that Tm

from the GTm model coincides well with the COSMIC-

derived Tm data, indicating that the GTm model has very small

systematic bias, high accuracy, and stability, and is superior to

the BTm model. Precision information of the two models in 12

latitudinal bands is shown in Table 3.

The test results in Table 3 are very close to that in

Table 2, though the models are examined by COSMIC data

and grid data, respectively. The GTm model performs

better than the BTm model no matter in terms of bias or

RMSE, further indicating that the GTm model could pre-

dict Tm more accurately and fit well with the grid data and

the COSMIC data.

5 Examine the global latitude-related linear regression

model with radiosonde data

In this section, radiosonde data in 2010 from 318 radio-

sonde stations are used to examine the GTm model and the

BTm model. There are 174,100 soundings involved in the

examination after the error data are excluded. Test results

show that the GTm model has mean bias of 1.5 K and

RMSE of 4.4 K, while the BTm model has mean bias of

0.6 K and RMSE of 4.7 K. Figure 9 shows the mean bias

of the two models at the 318 stations, and Fig. 10 shows

the locations of the 318 stations and RMSE at these

stations.

In Fig. 9, the mean bias of the GTm model at these

stations is more distributed above zero than below zero,

indicating the bias tends to be positive values; while the

mean bias of the BTm model is more evenly distributed,

(a)

(b)

(c)

(d)

Fig. 7 Global distribution of mean bias and RMSE of the GTm

model and the BTm model compared with respect to ‘‘GGOS

atmosphere’’ grid data in 2012

Table 2 Statistics of precision information of the GTm model and

the BTm model examined by the ‘‘GGOS atmosphere’’ grid data

(unit: K)

Latitudinal bands The BTm model The GTm model

Bias RMSE Bias RMSE

90�–75�N 2.86 4.1 0.64 3.1

75�–60�N 2.49 4.6 0.73 3.9

60�–45�N 2.01 4.5 0.77 4.0

45�–30�N 0.98 4.4 0.60 3.9

30�–15�N -1.60 4.0 1.25 3.5

15�–0�N -1.84 3.0 0.49 2.3

0�–15�S -2.46 3.5 0.55 2.3

15�–30�S -2.62 3.8 -0.81 2.9

30�–45�S -0.32 2.7 0.84 2.7

45�–60�S 2.76 3.8 0.49 2.4

60�–75�S 5.53 6.2 0.12 3.1

75�–90�S 5.93 7.0 -1.02 4.2
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and its mean bias is smaller than that of the GTm model as

a whole. As the BTm model was established with the

radiosonde data, it could fit well with the same kind of data,

so it has small bias when compared with radiosonde data.

While the GTm model is established with the ‘‘GGOS

atmosphere’’ Tm grid data which are the results of assimi-

lating a wide variety of data, thus are slightly different

from the radiosonde data, so the GTm model has relatively

large bias when compared with the radiosonde data. Even

so, the GTm model still has a higher accuracy than the

BTm model on a global scale with smaller RMSE than the

BTm model. Table 4 shows the precision information of

the GTm model and the BTm model in each latitudinal

band compared with the radiosonde data.

6 Conclusions

This paper utilize the uniform ‘‘GGOS atmosphere’’ Tm

data and ECMWF Ts data to analyze the relation between

Tm and Ts and its change rule, and find that the correlation

between Tm and Ts is slightly affected by longitude, but

highly related to latitude. The correlation is strong at high

latitudes, weak at low latitudes, and presents some sym-

metry with a trend of decreasing from the two poles to the

equator. Though the correlation between Tm and Ts is weak

near the equator, establishing the linear relation between

Tm and Ts could still obtain good results due to small

varying range of Tm and Ts in such areas.

As the Bevis Tm - Ts relation was based on the radiosonde

data in North America, so it is a regional model in essence and

its accuracy is limited on a global scale. This paper adopts the

moving average method to establish the linear regression

relation according to latitudes on a global scale based on the

‘‘GGOS Atmosphere’’ Tm data and the ECMWF Ts data.

Examined by the ‘‘GGOS atmosphere’’ data, COSMIC data,
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Fig. 9 Mean bias of the two models at the 318 radiosonde stations

Table 3 Statistics of the precision information of the GTm model

and the BTm model tested by comparing the model-derived Tm and

COSMIC-derived Tm (unit: K)

Latitudinal bands The BTm model The GTm model

Bias RMSE Bias RMSE

90�–75�N 2.61 4.2 0.38 3.3

75�–60�N 2.58 4.0 0.79 3.2

60�–45�N 2.16 3.8 0.77 3.2

45�–30�N 0.55 3.4 -0.13 3.3

30�–15�N -1.99 4.1 0.98 3.6

15�–0�N -1.53 3.0 1.25 2.8

0�–15�S -2.64 3.9 1.08 3.0

15�–30�S -3.05 4.5 -1.21 3.5

30�–45�S -0.71 3.2 -0.42 3.0

45�–60�S 2.06 3.5 -0.70 2.8

60�–75�S 3.71 4.8 -1.68 3.4

75�–90�S 5.13 6.4 -4.64 5.9
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and radiosonde data, the test results show the latitude-related

linear regression model could fit well with these three kinds of

data, and is superior to the widely used Bevis Tm - Ts relation

with a global high accuracy.
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Fig. 10 RMSE of the two models at the stations

Table 4 Statistics of the precision information of the GTm model

and the BTm model tested by comparing the model-derived Tm and

radiosonde-derived Tm (unit: K)

Latitudinal bands The BTm model The GTm model

Bias RMSE Bias RMSE

90�–75�N 3.02 4.8 0.80 3.8

75�–60�N 2.28 4.7 0.52 4.1

60�–45�N 2.82 5.0 1.29 4.6

45�–30�N 2.82 5.8 2.32 5.8

30�–15�N -0.78 4.0 2.08 4.2

15�–0�N -1.35 3.1 1.06 2.9

0�–15�S -1.69 2.8 1.12 2.3

15�–30�S -1.53 3.4 0.28 3.1

30�–45�S -1.10 3.8 -0.12 4.3

45�–60�S 2.61 4.3 0.61 3.8

60�–75�S 6.49 7.5 1.29 4.5

75�–90�S 3.32 5.5 -7.22 7.9
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