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Abstract. Integrated Water Vapour (IWV) measurements from similar or different techniques are often inter-compared for 10 

calibration and validation purposes. Results are usually assessed in terms of bias (difference of the means), standard deviation 

of the differences, and linear fit slope and offset (intercept) estimates. When the instruments are located at different elevations, 

a correction must be applied to account for the vertical displacement between the sites. Empirical formulations are traditionally 

used for this correction. In this paper we show that the widely-used correction model based on a standard, exponential, profile 

for water vapour cannot properly correct the bias, slope, and offset parameters simultaneously. Correcting the bias with this 15 

model degrades the slope and offset estimates, and vice-versa. This paper proposes an improved correction model method 

which overcomes these limitations. The model uses It implements a multiple -linear regression method where ofthe slope and 

offset parameters are provided from a radiosonde climatology. It is able to predict monthly parameters mean IWVs with a bias 

smaller than 0.1 kg m-2 and a root-mean-square error smaller than 0.5 kg m-2 for height differences up to 500 m. The method 

is applied to the inter-comparison of GPS IWV data in a tropical mountainous area and to the inter-validation of GPS and 20 

satellite microwave radiometer data. This paper also emphasizes the need for using a slope and offset regression method that 

accounts for errors in both variables and for correctly specifying these errors. 

1 Introduction 

Water vapour plays a key role in many meteorological processes and in the hydrological cycle of the Earth’s atmosphere. 

Because it is extremely heterogeneous and variable, many operational and research observing techniques have been developed 25 

over the years to sense its horizontal, vertical and temporal variability. Among the various high-performing techniques, one 

may cite in-situ measurements with radiosonde balloons and remote sensing techniques exploiting different domains of the 

electromagnetic spectrum, namely Fourier Transform Infrared Radiometers (FTIR), near-infrared, visible, and ultraviolet 

radiometers and spectrometers, as well as microwave radiometers (MWRs) and microwave measurements from Global 

Navigation Satellite Systems (GNSS). Integrated Water Vapour (IWV) measurements from ground-based and space-based 30 
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platforms are often compared to assess each other’s accuracy, e.g. detect biases and/or long term drifts (Bokoye et al., 2003; 

Morland et al., 2006a,b; Bock et al., 2007; Bokoye et al., 2007; Morland et al., 2009; Sussmann et al., 2009; Bedka et al., 2010; 

Palm et al., 2010; Schneider et al., 2010; Vogelmann et al., 2011; Buehler et al., 2012; Cimini et al., 2012; Bock et al., 2014; 

Van Malderen et al., 2014; Courcoux and Schröder, 2015; Schröder et al., 2016; Bock et al., 2021), as well as for inter-

calibration purposes, e.g. adjusting biases from instruments on successive space-based platforms (Du et al., 2014; Mears et al., 35 

2015; Wentz, 2015; Bennartz, 2017; Mears et al., 2018; Ho et al., 2018; Schröder et al., 2019). In this context, it is frequent 

that IWV measurements from sites at different elevations need to be compared (e.g., Bock et al., 2005; Morland et al., 2006b; 

Buehler, 2012; Van Malderen et al., 2014). Because, the water vapour concentration in the atmosphere is decreasing by several 

orders of magnitude between the surface and the upper troposphere, a vertical correction is required to conform the 

measurements from sites at different altitudes, or between point observations and aerial averages such as derived from 40 

atmospheric models (Bock et al., 2005, 2007; Morland et al., 2006a; Buehler et al., 2012; Bock et al., 2014). The problematic 

is similar for the vertical adjustment of tropospheric wet delays (Dousa and Elias, 2014). While many studies have recognized 

that a height difference results in a systematic difference (bias) in the IWV measurements, few have applied a correction, and 

even fewer have recognized that the height difference also impacts the linear fit slope and offset estimates. To our knowledge, 

only Bock et al., 2005, Morland et al., 2006a, b, Buehler et al., 2012, and Van Malderen et al., 2014, addressed these points. 45 

Van Malderen et al., 2014, experienced that applying a scaling factor for correcting the bias is degrading the slope estimate. 

Buehler et al., 2012, analysed the impact of height difference on the slope estimate using radiosonde data and proposed to use 

this estimate to correct the IWV data. We will follow a similar methodology in this paper with an improved model. Among 

the correction models that have been proposed by various authors, two approaches have been traditionally used. The first, and 

most widely used one, is based on a proportional correction term, with takes its roots in the assumed exponential decrease of 50 

water vapour concentration with height. This model is described in Appendix A. It makes use of the assumption of a constant 

vertical decay rate of water vapour, 𝛾. At least three studies have applied this correction model with and they proposed nearly 

very similar experimental values for 𝛾; namely, Bock et al., 2005, proposed 𝛾 = 4∙ 10−4 m-1 for the Alps, Morland et al., 2006b, 

proposed 𝛾 = 4.7∙ 10−4 m-1 also for the Alps, and Buehler et al., 2012, proposed 𝛾 = 3.5 ∙ 10−4 m-1 for Antarctica. These 

models have been claimed by their authors to be valid for height differences up to 500 m. The second approach, proposed by 55 

Mears et al., 2015, is based on the observed sea surface temperature and a constant relative humidity of 80%. They applied 

this model for the inter-comparison of satellite-based MWR measurements with ground-based Global Positioning System 

(GPS) stations with elevations usually less than 100 m, and one exceptional case above 500 m for which it still worked well. 

Both approaches have been shown to provide acceptable reductions of the differential IWV biases. 

In this paper, we show that the exponential correction cannot simultaneously achieve a proper correction for the bias 60 

and for the slope and offset parameters. To overcome this limitation, we propose an improved vertical correction method based 

on multi-linear regression from a radiosonde climatology. Another aspect discussed in this paper is the impact of errors in both 

variables on the slope and offset estimates. Contrary to trend estimation, where a physical variable is regressed on time (a 

quantity known with negligible error), the linear regression between two measurements which are both subject to errors 
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requires a more subtle elaborate estimation method. Indeed, it has been shown that in this situation, the ordinary least-squares 65 

(OLS) regression leads to biased estimates of the slope and offset (Draper and Smith, 1998). This problem has clearly been 

overlooked in the aforementioned IWV intercomparison literature. This may be at least one reason for the variety of slope 

results found in these studies (with slope being either bigger or smaller than one). Comparing slope and offset results from 

different studies, such as done, e.g., in Buehler et al., 2012, may therefore be hazardous as different and sometimes wrong 

regression methods have been used. Only few of these studies stated explicitly that they used a regression method accounting 70 

for errors in both variables (e.g., Buehler et al., 2012; Bock et al., 2014, 2021). Using such a method also poses the problem 

of correctly specifying the uncertainties in both variables. Lack of such information for some of their data sets led Buehler et 

al., 2012, to apply OLS regression and to state that constant error estimates do not affect the regression results, which is wrong 

(see Appendix C). Instead, Bock et al., 2014 and 2021, used approximate error estimates, e.g. 5% or 10% for radiosonde or 

satellite data, rather than assuming no errors in the x variable. In this paper, we use the three-way error analysis of O’Carroll, 75 

et al., 2008, to specify the uncertainties of our data sets, and the regression method of York et al., 2004, which accounts for 

errors in both variables. 

 Section 2 of this paper reviews the impact of a height difference on the bias, slope, and offset estimates in the case of 

an idealized exponentially decaying water vapour density profile and in the case of a real atmosphere observed by radiosondes. 

The similarities and differences implied by two types of profiles are highlighted. Section 3 proposes an improved vertical 80 

correction method based on a multiple linear regression approach, instead of using one single 𝛾 parameter as done in past 

studies. The method builds on a climatology derived from radiosonde data. In Section 4 we discuss two application examples 

where IWV measurements from a network of GPS stations in a tropical mountainous area are to be inter-compared and used 

for the inter-validation with collocated satellite MWR measurements. Both applications make use of the new method and the 

derived radiosonde climatology. Section 5 discusses further applicability of the method and concludes. 85 

2 Variation of bias, slope, and offset parameters as a function of height difference 

2.1 Idealized case of an exponentially decaying water vapour density profile 

Before analysing the results from real data, it is instructive to consider the idealized case of a water vapour density profile 

decaying exponentially with height (Eq. (A1)). This model has often been used to describe the state of the mean atmosphere 

(e.g., ITU, 2017) and is related to the notion of water vapour scale height (see Appendix A).  90 

Let us consider the situation of two instruments, A and B, located at sites with different heights, ℎ𝐴 and ℎ𝐵, which are 

observing IWV in an idealized atmosphere described by Eq. (A1). In the absence of any instrumental bias and noise, the IWV 

observations are related by: 

𝐼𝑊𝑉𝐵 = 𝐼𝑊𝑉𝐴 × exp(−𝛾(ℎ𝐵 − ℎ𝐴)) ,         (1) 
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where 𝛾 > 0 is the vertical decay rate of water vapour, which is related to the water vapour scale height by the relation 𝐻𝑣 =95 

1/𝛾. If ℎ𝐵 > ℎ𝐴 we have 𝐼𝑊𝑉𝐵 < 𝐼𝑊𝑉𝐴, i.e. the IWV content at higher altitude is lower than the IWV content at lower altitude. 

If the observations from station A and B are directly compared without any correction, we will observe a negative bias, ∆=

𝐼𝑊𝑉𝐵 − 𝐼𝑊𝑉𝐴 < 0, a slope smaller than one, 𝛼 < 1, and a null offset, 𝛽 = 0, where the slope and offset are estimated by a 

linear regression using the model 𝑦 = 𝛼𝑥 + 𝛽, with 𝑦 = 𝐼𝑊𝑉𝐵 and 𝑥 = 𝐼𝑊𝑉𝐴 (see Appendix B). 

To be a bit more general, we can assume that the observations contain some amount of random noise and consider 100 

that we have 𝑛 pairs of observations, (𝑥𝑖 , 𝑦𝑖), 𝑖 = 1. . 𝑛, from which the bias, slope and offset parameters are estimated. The 

bias writes: 

∆=
1

𝑛
∑ (𝑦𝑖 − 𝑥𝑖)
𝑛
𝑖=1 = 𝜇𝑦 − 𝜇𝑥 ,          (2) 

where 𝜇𝑥 and 𝜇𝑦 denote the sample means of the two data series. From Eq. (1), and introducing 𝑓(∆ℎ) = exp(−𝛾∆ℎ), with 

∆ℎ = ℎ𝐵 − ℎ𝐴, the bias can be expressed as: 105 

∆= −𝜇𝑥 × [1 − 𝑓(∆ℎ)] = −𝜇𝑥 × [1 − exp(−𝛾∆ℎ)] ≈ −𝜇𝑥𝛾∆ℎ,       (3) 

The first right-hand side (rhs) will be used later to describe the more general atmospheres. The second rhs is valid only in the 

case of the exponentially decaying water vapour profile. It expresses that the bias is proportional to the mean IWV content at 

the reference site, 𝜇𝑥, and that it is negative given that 𝛾 > 0 and ∆ℎ > 0. The last rhs, is the approximate relation valid for a 

thin layer (typically, |∆ℎ| < 200 m, see Appendix A), and expresses that, to the first order, the bias is proportional to 𝜇𝑥, 𝛾, 110 

and ∆ℎ. This last expression has been used in past studies (e.g., Bock et al., 2005; Buehler et al., 2012) to estimate the vertical 

moisture decay rate, �̂� = −∆ × (𝜇𝑥∆ℎ)
−1, and to correct IWV observations for the height difference between sites. The slope 

and offset parameters estimated from the linear regression establish a second relation between 𝜇𝑥 and 𝜇𝑦 given by Eq. (B3), 

which can be rewritten in the case of the exponential water vapour profile as: 𝜇𝑦 = 𝛼𝜇𝑥 + 𝛽 = 𝜇𝑥 × 𝑓(∆ℎ). Since this relation 

must be valid for any 𝜇𝑥, it comes out that: 115 

𝛼 = 𝑓(∆ℎ) = exp(−𝛾∆ℎ) ≈ 1 − 𝛾∆ℎ,         (4a) 

𝛽 = 0.              (4b) 

The second rhs of Eq. (4a) expresses that 𝛼 < 1, given that ∆ℎ > 0, and the third rhs that, to the first order, 𝛼 decays linearly 

with the height difference, with a rate equal to 𝛾. 

Figure 1 illustrates the main characteristics of the bias and slope variations with height in the case of the idealized 120 

exponential water vapour profile, along with the asymptotic limits and the thin layer linear approximations. It is important to 

note that not only the bias is changing when the depth of the atmospheric layer ∆ℎ is changing (|∆| is increasing when |∆ℎ| is 

increasing), but also the slope (|𝛼 − 1| is increasing when |∆ℎ| is increasing).  

Equations (3) and (4a) recall also that both the bias and slope parameters depend on the atmospheric profile through 

the 𝛾 parameter which may be of relatively local nature and may thus be changing from one region to another and varying with 125 
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time, e.g. seasonally. Moreover, in real atmospheres, the vertical distribution of water vapour is expected to be more complex 

than represented by an exponential model with a constant vertical decay rate. 

 

2.2 Real case from radiosonde observations 

Figure 2 illustrates the monthly mean water vapour profiles observed by a tropical radiosonde station (Le Raizet, Guadeloupe, 130 

France, WMO code 78897), over the year 2020. It can be seen that the water vapour is decaying approximately exponentially, 

although the vertical decay rate is not strictly constant as a function of height and time. This model is nevertheless reasonable 

in the lower troposphere, e.g., from the surface up to a height of 2 km (Fig. 2b). In this altitude range, we expect Eq. (1) to be 

a good approximation of the vertical variation of IWV. Figure 2c illustrates the link between 𝑥 = 𝐼𝑊𝑉(ℎ𝑠) and 𝑦 = 𝐼𝑊𝑉(ℎ𝑠 +

∆ℎ) , where 𝐼𝑊𝑉(ℎ𝑠) = ∫ 𝜌𝑣(ℎ)𝑑ℎ
∞

ℎ𝑠
 and 𝐼𝑊𝑉(ℎ𝑠 + ∆ℎ) = ∫ 𝜌𝑣(ℎ)𝑑ℎ

∞

ℎ𝑠+∆ℎ
, and where 𝜌𝑣(ℎ)  is the observed radiosonde 135 

water vapour profile, ℎ𝑠 is the station height, and ∆ℎ is varied between 200 m and 1000 m by step of 200 m. For each layer,∆ℎ, 

the points (𝑥, 𝑦) align roughly on a straight line. For ∆ℎ = 200 m, the line is closest to the 1:1 line (shown in grey) and the 

scatter around the best fit line is the smallest (RMSE = 0.224 kg m-2), while for ∆ℎ = 1000 m, the line is farthest from the 1:1 

line and the scatter around the best fit line is the largest (RMSE = 0.976 kg m-2). It is interesting to note that for a given 

layer,∆ℎ, the points remain close to the straight line throughout the year, despite the quite large seasonal excursion in IWV 140 

shown by the different colours in the figure. The data points for March are shown as light blue dots and the data points for 

September as orange dots. These two months show the smallest and largest mean IWV values,  𝜇𝑥, of 33 kg m-2 and 51 kg m-2, 

respectively.  

Figure 3 shows the variations of the bias, offset, and slope parameters fitted from these data, as a function of ∆ℎ. The 

bias (Fig. 3a) and the fractional bias (∆ 𝜇𝑥⁄ ) (Fig. 3d) follow reasonably well the exponential decay predicted by the second 145 

rhs of Eq. (3), but the lines do not actually align perfectly from one month to another, because of the small seasonal variations 

in the humidity profile. The monthly variation is even more visible in the slope and offset plots (Figs. 3b and c). However, 

each monthly curve for the slope may be reasonably well modelled by an exponentially decaying function described by the 

second rhs of Eq. (4a). Regarding the offset, the purely exponentially decaying water vapour profile predicts 𝛽 = 0, which is 

clearly not verified in the real atmosphere. However, all three parameters together follow the relationship described in 150 

Appendix B, i.e. 𝛼 < 1 and ∆< 0 implies that 𝛽 > ∆. Figure 3c, shows that 𝛽 actually follows closely the variation of ∆ as a 

function of ∆ℎ, while verifying 𝛽 > ∆. Figures 3b and 3c, also recall that the slope and offset estimates are correlated to each 

other, i.e. higher slopes are associated with smaller offsets (Walpole et al., 2012). Figures 3e and f show the standard errors of 

the 𝛼 and 𝛽 parameters estimated by OLS, given by Eqs. (C4) and (C5a, b). They are increasing with ∆ℎ as expected from the 

increased scatter of the post-fit residuals (Fig. 2c). In the next Section we will establish a model describing the behaviour of 𝛼 155 

and 𝛽 as a function of ∆ℎ that will be used to correct the observations 𝑥 made at a height ℎ𝐴 to conform to the observations 𝑦 

made at height ℎ𝐵 = ℎ𝐴 + ∆ℎ. 
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3. Derivation of an empirical correction model from radiosonde observations  

In the previous Section we have seen that the bias, ∆, and the slope, 𝛼, are dependent on the depth, ∆ℎ, of the layer between 

the two considered IWV observations. Especially, |∆| and |𝛼 − 1| are both increasing when |∆ℎ| is increasing, both in the real 160 

and in the idealized, exponentially decaying, atmosphere. Whereas the offset 𝛽 = 0 in the idealized atmosphere, it is generally 

𝛽 ≠ 0 in the real atmosphere. The main difference between the idealized and real atmospheres is that the vertical moisture 

decay rate 𝛾 is dependent on the height (and time) in the latter, whereas it is by definition constant in the former (although a 

time variation could also be modelled in the idealized atmosphere). We must thus derive a correction formula based on a more 

complex model than just a constant 𝛾. Moreover, a pure rescaling correction, 𝑥𝑐 = 𝑓𝑐(∆ℎ) × 𝑥, as discussed in Appendix B, 165 

does not allow to correct simultaneously the bias and slope, and does not change the offset. Instead, we propose to use a linear 

correction model such as expressed by Eqs. (B8) and (B9). Therefore, we need good estimates for both 𝛼 and 𝛽, which are 

generally not known at the location and time of interest but may be derived from a climatology. Hereafter, we propose to use 

high-resolution radiosonde observations to derive such a climatology. 

The proposed approach is to model the slope and offset with two independent functions of ∆ℎ: 170 

−log(𝛼) = 𝐴(∆ℎ),            (5a) 

𝛽 = 𝐵(∆ℎ),             (5b) 

which are represented by polynomials: 

𝐴(∆ℎ) = ∑ 𝑎𝑖∆ℎ
𝑖𝑝

𝑖=1            (6a) 

𝐵(∆ℎ) = ∑ 𝑏𝑖∆ℎ
𝑖𝑞

𝑖=1            (6b) 175 

Note that the polynomials have no intercepts in order to satisfy the constraints 𝐴(0) = 0 and 𝐵(0) = 0. Figures 3b and 3c 

suggest that the order of the polynomials does not need to be very high. For example, coefficient 𝑎1 can be identified with the 

vertical moisture decay rate, 𝛾, in analogy with Eq. (4a). The higher order terms help to model the deviations from linearity 

observed in Fig. 3b and 3c. 

The estimates of the polynomial coefficients, for each of the two models, are derived by a linear regression method, 180 

according to the generic linear model equation: 𝒛 = 𝑿𝜽, where 𝒛 is the vector of dependent variables, 𝑿 the design matrix, and 

𝜽 the vector of parameters (Walpole et al., 2012). The elements, 𝑧𝑘, of vector 𝒛 correspond either to the observed slope values, 

−log(𝛼𝑘), or to the offset values, 𝛽𝑘, for thedifferent layers, ∆ℎ𝑘, 𝑘 = 1. .𝑚. The elements of the design matrix are 𝑋𝑖𝑘 =

(∆ℎ𝑘)
𝑖, and the parameters 𝜃𝑖 = 𝑎𝑖, with 𝑖 = 1. . 𝑝, in the case of the slope model, and 𝜃𝑖 = 𝑏𝑖, 𝑖 = 1. . 𝑞, in the case of the 

offset model. Note that here we estimate the slope and offset coefficients independently of each other. Another approach might 185 

be to consider both variables simultaneously in a multivariate linear regression (Christensen, 2001) which is possible here 

since both variables are described by similar functional models, (6a) and (6b). A few tests of this approach revealed that both 

the estimates and their standard errors were identical to the monovariate solutions. So we decided to stay with the monovariate 

linear regression approach which is simpler to implement and faster to run. 



7 

 

The quality of the fitted models depends on the number of observations, 𝑚, and the choice of the polynomial orders, 190 

𝑝 and 𝑞. Indeed, larger layers would require to include higher order terms to adequately fit the deviations from linearity. The 

number of observations depends on the vertical sampling of the radiosonde profiles. Since we are using high-resolution 

radiosonde data, we can set a regular vertical sampling of ∆ℎ=25 m, i.e. ∆ℎ𝑘 = 𝑘 × ∆ℎ. Considering two different maximal 

thicknesses of ∆ℎ𝑚 = 500 m and ∆ℎ𝑚 = 1000 m, this leads to 𝑚=20 and 𝑚=40, respectively.  

The order of the polynomials can be either fixed to predetermined values or determined automatically by a stepwise 195 

linear regression method (Hocking, 1976). The stepwise regression selects the best model by adding/removing terms to/from 

the model. The selection can be based on the p-value of the F-statistic associated to the change in the sum of squared errors 

(SSE) that results from adding or removing a term. Other types of criteria such as the Akaike Information Criterion (AIC), the 

Bayesian Information Criterion (BIC), or the adjusted coefficient of determination �̅�2, can be used as well (Draper and Smith, 

1998). A few trials with different values for 𝑝 (resp. 𝑞), revealed that all the aforementioned criteria (SSE, AIC, BIC, and  �̅�2) 200 

lead to very consistent results, and that the quality of the model is generally improved when 𝑝 (resp. 𝑞) is increased. However, 

we also noticed that when 𝑝 > 5 (resp. 𝑞 > 5), the regression failed due to poor conditioning of the normal matrix, 𝑿𝑇𝑿. We 

consequently limited the regression to maximum orders 𝑝 = 5 (resp. 𝑞 = 5). The SSE criterion was used with the following 

limits for the p-values: when pval < 0.05, the term is added during the forward step, while when pval > 0.10 the term is removed 

during the backward step. This method is, e.g., implemented in the stepwiselm function available in Matlab (2017). 205 

Another aspect of the implementation of the linear regression method is whether we consider the data as 

homoscedastic (the observations have constant variance) or heteroscedastic (the observations have different variance). Figures 

3e and 3f suggest that a heteroscedastic model is plausible: the standard errors, 𝜎𝑘,𝛼 and 𝜎𝑘,𝛽, of the “observations”, 𝛼𝑘 and 

𝛽𝑘, are generally increasing with 𝑘. Heteroscedasticity can be simply accounted for by specifying a diagonal weight matrix, 

𝑾, where the diagonal elements are 𝑊𝑘𝑘 = 𝑤𝑘,𝛼 for the slope and 𝑊𝑘𝑘 = 𝑤𝑘,𝛽 for the offset, which are computed here from 210 

the standard errors, i.e., 𝑤𝑘,𝛼 = (𝜎𝑘,𝛼/𝛼𝑘)
−2 and 𝑤𝑘,𝛽 = (𝜎𝑘,𝛽)

−2. Note that the relative standard error is used in the case of 

the slope, because we use log(𝛼) and not 𝛼 in the regression. 

We conducted a large number of trials for different values of the model parameters: 𝑝 = 1. .5, 𝑞 = 1. .5, 𝑚=20 and 

𝑚=40 (maximum layer depths of 500 and 1000 m), weighted or un-weighted regression, and different data sets: monthly or 

yearly input data (i.e. 𝛼 and 𝛽 fitted month by month or from a full year of radiosonde profiles). We also compared the 215 

regression results from different radiosonde stations to assess the robustness of the method as well as the spatial variability of 

the fitted parameters. The results from the different trials were inter-compared on the basis of two quality criteria: the standard 

error of the regression, also called the root mean square error (RMSE), and the standard error (SE) of the estimates (Draper 

and Smith, 1998). The RMSE quantifies the dispersion of the observed values, 𝑧𝑘, around the predicted values, �̂�𝑘, adjusted 

for the degrees of freedom: 220 

𝑠𝑒 = [
1

𝑚−𝑝
∑ �̂�𝑘

2�̂�𝑘
𝑚
𝑘=1 ]

1/2

            (7) 
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where �̂�𝑘 = 𝑧𝑘 − �̂�𝑘 is the prediction error and 𝑚 − 𝑝 is the degrees of freedom in the case of the slope (𝑚− 𝑞 in the case of 

the offset). The SE of the estimates is obtained from the variance-covariance matrix 𝑸: 

𝑆𝐸(𝜃𝑖) = 𝜎𝑒 × (𝑄𝑖𝑖)
1/2           (8) 

where 𝜎𝑒 is the standard deviation of the errors in the “observations”, an estimate of which is given by �̂�𝑒 = 𝑠𝑒, and 𝑸 depends 225 

only on the regressors, 𝑿𝒊, and the weights, 𝑊𝑘𝑘. In the case of the OLS, 𝑸 = (𝑿𝑇𝑿)−1, while in the case of the weighted 

least-squares (WLS), 𝑸 = (𝑿𝑇𝑾𝑿)−1. It is straightforward to show that in the case of OLS, a simple polynomial model such 

as expressed by Eq. (6a) and limited to the order 𝑝 =1, leads to (𝑋11)
2 ≈

𝑚3

3
∆ℎ2 when the terms in 𝑚2 and smaller order are 

neglectedfor large 𝑚. This result indicates that the SE of the parameters varies as 𝑚−3/2. We may thus expect some benefit 

from performing the regression over more elevated layers, e.g. with 𝑚=40 compared to 𝑚=20, although the final SE also 230 

depends on the standard error of the regression, 𝑠𝑒, which may is expected to be increasing when more elevated layers are 

included.  

The results obtained from the trials are summarized below: 

 The RMSE is decreased when the order of the model (𝑝 or 𝑞) is increased. This result is expected as a higher order model 

better fits the real data. 235 

 The RMSE is increased with WLS compared to OLS. This is a statistical property of OLS compared to WLS, i.e. OLS 

generally better fits the original data than WLS (Draper et al., 1998). 

 The SE of the estimates is increased when the order of the model is increased. This result is expected from the fact that 

more parameters are estimated with the same number of observations.  

 The SE of the estimates is decreased with WLS compared to OLS. This result is expected because OLS is no longer the 240 

best linear unbiased estimator when the errors in the data are not equal (Draper et al., 1998). 

 Both the RMSE and the SE are increased when more elevated layers (up to 1000 m compared to 500 m) are considered, 

despite the increase in the number of observations (𝑚=40 compared to 𝑚=20). 

The above results were found valid for both variables (𝑧𝑘 = −log(𝛼𝑘) and 𝑧𝑘 = 𝛽𝑘), both time samplings (monthly and 

yearly), and also the different stations considered. They suggest to use preferably high order polynomials (e.g., 𝑝 = 𝑞 = 5), 245 

WLS estimation, and a limited vertical extent of the regression adapted to the application(e.g. 500 m), i.e. verifying the 

condition that the fitted model is not used beyond the fitting range. The fine tuning of the regression parameters can be further 

made by checking the errors in the bias, slope and offset parameters after correction (see Figs. 5 and 6, discussed below). Apart 

from the setting of the regression model, an additional important point is to choose a proper time and space sampling. 

Figure 4 shows the estimates for parameters 𝑎1 and 𝑏1, to illustrate the variability in time and space, at three stations 250 

located in the Caribbean region (78526 is located 531 km to the north-west from 78897, on Puerto-Rico island, and 78954 is 

located 417 km to the south from 78897, on Barbados island). The temporal variations at each of the three sites are significant 

(compared to the error bars) but correlated between the sites. These results indicate that: (i) it may be preferable to use monthly 



9 

 

regression coefficients rather than yearly, and (ii) the radiosonde climatology derived from one site may be applied to distant 

sites to some extent (e.g. a few hundreds of kilometres apart). We further checked investigated the first point by analysing the 255 

IWV error after correction bias after correction, ∆𝑐= 𝜇𝑦 − 𝜇𝑥,𝑐, as a function of the height difference, ∆ℎ, for monthly and 

yearly coefficients. The correction model is expressed by Eqs. (B8) and (B9), where 𝑓𝑐 and 𝑔𝑐 are derived from the predicted 

values for �̂� and �̂� according to Eqs. (5) and (6): 

𝑓𝑐 = exp(−∑ �̂�𝑖∆ℎ
𝑖𝑝

𝑖=1 )           

 (9a) 260 

�̂�𝑐 =∑ �̂�𝑖∆ℎ
𝑖𝑞

𝑖=1            

 (9b) 

Figure 5 compares the IWV correction errors for monthly and yearly shows the results when the coefficients, �̂�𝑖 and �̂�𝑖,  are 

fitted by WLS, with 𝑝 = 𝑞 = 5, and a vertical range limited to 500 m. Larger dispersion is clearly observed with the yearly 

model, with significant seasonal variation with an amplitude increasing with ∆ℎ. To quantify the impact of the second point, 265 

we used the model fitted for station 78954 to correct the data for station 78897. The resulting bias increased to 0.6 kg m-2. 

Finally,  

Figure 6 gives more information shows the corresponding errors in the bias, slope and offset parameters after correction for 

the model with monthly coefficients. The monthly mean bias remains negligible, |∆𝑐| < 0.02 kg m-2, and independent of the 

height difference, which demonstrates that the correction regression model is well fittedparameterized. The standard deviation 270 

is increasing with the height difference up to 0.5 kg m-2 when ∆ℎ = 500 m (this quantifies the dispersion observed in Fig. 5a). 

The slope and offset after correction are significantly improved compared to Fig. 3, and get very close to the ultimate objective 

(𝛼𝑐 = 1 and 𝛽𝑐 = 0). We note that a smaller order of the polynomials could be chosen with the vertical range of 500 m, e.g. 

order 3 still achieves |∆𝑐| < 0.1 kg m-2, |𝛼𝑐 − 1| < 0.005, and |𝛽𝑐| < 0.15 kg m-2. When the vertical range is raised to 1000 m, 

order 4 or 5 are recommended to achieve the same level of accuracy in ∆𝑐, but 𝛼𝑐 and 𝛽𝑐 are slightly degraded. 275 

In conclusion, the proposed correction method is able to reduce almost perfectly the impact of the height difference 

on the IWV observations and achieve ∆𝑐≈ 0, 𝛼𝑐 ≈ 1, and 𝛽𝑐 ≈ 0, when a proper regression model is monthly coefficients are 

used. The correction model is expressed by Eqs. (B8) and (B9), where 𝑓𝑐 and 𝑔𝑐 are derived from the predicted values for �̂� 

and �̂� given by Eqs. (5) and (6). The estimates of the correction model write: 

𝑓𝑐 = exp(−∑ �̂�𝑖∆ℎ
𝑖𝑝

𝑖=1 )            (9a) 280 

�̂�𝑐 =∑ �̂�𝑖∆ℎ
𝑖𝑞

𝑖=1             (9b) 
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4. Applications 

4.1 GPS vs. GPS inter-comparison  

We will consider here the case of the permanent GPS network in Guadeloupe analysed by Bock et al., 2021, in the framework 285 

of EUREC4A, for the period from 1 January to 29 February 2020. It is composed of 15 stations located on 4 islands, in a region 

bounded by 62°W - 61°W and 15.75°N - 16.75°N. The station elevations range from 1 m to 418 m (see Table 1). The ultimate 

goal of this inter-comparison is to determine the consistency between the IWV measurements from these GPS stations and to 

check for biases and non-linearities. Therefore, the IWV data need to be corrected for the height differences. We will here 

consider both the simple scaling factor model, based on (A5), and the new model based on (9a) and (9b). These correction 290 

models will be referred to as v1 and v2 in the following, and the uncorrected data will be denoted v0. The model coefficient 

in v1 is taken to 𝛾 = 4 ∙ 10−4  m-1 consistent with Bock et al., 2007, for the tropics. In v2, we will use the coefficients 

determined from the radiosonde climatology derived in the previous section from the radiosonde station 78897 which is located 

on the Guadeloupe island, close to the GPS station ABMF. The bias, slope, and offset parameters derived from the inter-

comparisons for the different data versions will be denoted ∆𝑣, 𝛼𝑣, and 𝛽𝑣, with 𝑣 = 0, 1, 2, respectively. 295 

Figure 7 shows the results of the inter-comparison of two stations at very different elevations: ABMF, ℎ𝐴 = 15 m, and 

HOUE, ℎ𝐵 = 418 m. It is seen that the initial bias of ∆0= −7.29 kg m-2, is quite large but consistent with the values predicted 

from the radiosonde data (Fig. 3) for such a large height difference. Both correction models reduce significantly the bias, 

although v1 has some residual bias, ∆1= −2.35  kg m-2, whereas v2 achieves ∆2= −0.50  kg m-2, i.e. almost perfect 

correction. Figure 7 also compares the slope and offset results estimated by two different regression methods: Figs. 7a, b, and 300 

c used the OLS method, i.e. assuming no errors in the x variable, and Figs. 7d, e, and f used the York et al., 2004, method. 

With the latter method, the formal errors provided by the GPS data processing software were used as “obsevation errors”, after 

a rescaling by factor of 5 to be consistent with the traditionnally assumed uncertainty of 1.5 kg m-2 for GPS IWV data (Bock 

et al., 2021). The initial slope and offset amount to 𝛼0 = 0.92 and 𝛽0 = −4.63 kg m-2 with the OLS estimator, and 𝛼0 = 0.97 

and 𝛽0 = −6.34 kg m-2 with the York estimator. The latter values are more in line with the values found from the radiosonde 305 

data (Fig. 3) and predict a higher slope. It is well known that the OLS slope estimator is biased low (towards zero) when the 

x-variable contains random errors (Edland, 1996). This feature is clearly observed with all three data versions shown in Fig. 7. 

The results also verify the relationship between bias, slope, and offset sketched in Fig. B1, whatever the estimator. After 

correction with model v1, the slope becomes 𝛼1 = 1.08 with the OLS estimator and 1.15 with the York estimator, while 

correction with model v2 achieves 𝛼2 = 0.95 with the OLS estimator and 1.01 with the York estimator. Both estimators find 310 

that model v1 over-corrects slightly the data (𝛼1 > 1). On the other hand, v2 performs much better, and achieves almost a 

perfect slope (𝛼1 ≈ 1) with the York estimator. Regarding the offset, we see that the value is unchanged with model v1, as 

predicted from (B7), whereas model v2 achieves nearly perfect correction (𝛽2 ≈ 0). These results are highly consistent with 

those found in Section 3 from the radiosonde data. Regarding the initial question, we can state the IWV measurements from 
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stations HOUE and ABMF are fairly consistent after the vertical correction. The residual bias and offset after correction are 315 

fairly within the error bars of the technique (Bock et al., 2013; Ning et al. 2016). 

Figure 8 presents the results for 105 inter-comparisons made of pairs of stations from the set of 15 stations of this 

network ordered by positive height differences, ∆ℎ > 0. The plots compare the bias, offset and slope for the uncorrected (v0) 

and the corrected (v1 or v2) data. Only the results from the York estimator are shown here. As expected, the uncorrected results 

show a general tendency towards larger negative biases, decreasing slope and larger negative offset when ∆ℎ is increased. 320 

There are, however, some exceptions, namely the comparisons involving station CBE0 (altitude of 374 m), for which the biases 

and offsets are slightly less negative, and the slopes are slightly farther from one, than observed with the other stations, 

especially compared to station HOUE which is located higher (418 m) and should thus have more pronounced effects. After 

correction with model v1, the biases and slopes are globally improved for all comparisons, while the offsets are unchanged, as 

expected with this model. The mean bias is reduced from −1.67 kg m-2 to −0.24 kg m-2 but some bias remains in the higher 325 

altitude inter-comparisons involving HOUE (Fig. 8a). In contrast, model v2 achieves a better bias correction for HOUE (Fig. 

8d). The results with model v2 also confirm the bias in the CBE0, which was already suspected from the uncorrected data. The 

problem with station CBE0 is further confirmed by the slope analysis, with model v2 indicating 𝛼2  < 1 for these inter-

comparisons (Fig. 8e), and large positive offsets (Fig. 8f). The correction with model v1 is not able to lead to these conclusions 

because the slopes are globally over-corrected for many stations (Fig. 8b) and the offsets are unchanged (Fig. 8c). Figures 8e 330 

and f also detect scale errors and anomalous offsets for a number of other inter-comparisons, namely when ∆ℎ is close to zero.  

Figure 9 provides further insight into the consistency between stations, with significance tests computed according to 

the t-statistics given in Appendix C. It is evident that CBE0 has an anomalous positive IWV bias about 2 kg m-2 compared to 

all other stations (Fig. 9a, red curve, well above the other curves), a slope too low (Fig. 9b, red curve below the other curves), 

and a too large offset (Fig. 9c). Figures 9b and 9c reveal a second outlying station, BOUL, with a too high slope (Fig. 9b, light 335 

blue curve, about 0.12 above the other stations) and a too low offset (Fig. 9c). These anomalies could neither be detected from 

the uncorrected data, nor from the data corrected with model v1. Further investigation is needed to understand the issues in the 

IWV estimates for these two stations. Table 2 reports the median and the smallest absolute values for each station. Apart from 

stations CBE0 and BOUL, all other stations have median biases smaller than ± 0.53 kg m-2, median slopes in the range 0.97-

1.02, and median offsets smaller than ± 0.77 kg m-2. These numbers demonstrate a very good consistency between IWV 340 

measurements retrieved from the different GPS stations of this network. The dispersion of results is believed to be due to 

station-dependent errors. The smallest absolute values quantify the best agreement between nearby GPS stations, which is < 

0.1 kg m-2 between all stations, except CBE0 which has a large bias, and BOUL which has a slope significantly different from 

1.0. 

4.2 GPS vs. MWR satellite inter-validation 345 

GPS and MWR measurements of IWV are often used together for the inter-validation of the two techniques (Bock et al., 2007; 

Mears et al., 2015; Wentz, 2015; Ho et al., 2018). Microwave radiometer measurements are adversely affected by rain whereas 
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GPS measurements are not. On the other hand, the GPS IWV estimates have uncertainties linked with data processing models 

and conversion from propagation delay to IWV (Bock et al., 2013; Ning et al., 2016; Bock et al., 2021). The intercomparison 

of both types of measurements is thus instructive for detecting and quantifying their mutual uncertainties. 350 

Microwave radiometer measurements are traditionally made over the world’s oceans where they achieve their highest 

accuracy. The intercomparison with GPS measurements is thus possible only for coastal stations and stations located on small 

islands. Although the MWR data are missing over land and over island’s footprint, due to “land contamination”, the high 

resolution (0.25°x0.25°) of the RSS v7.0 data set used here (Mears et al., 2015) allows to get enough valid measurements for 

comparison with the GPS stations on the Guadeloupe islands discussed in Sect. 4.1. Table 3 shows the mean distance between 355 

the GPS stations and the nearest MWR satellite grid-points within the 7 x 7 pixels surrounding each station. On average over 

all stations, the mean distance is 33.6 km for AMSR2, 82.3 km for F18, 26.9 km for GMI, and 37.6 km for Windsat. The 

difference in distance is due to the difference of footprints of the satellite instruments, F18 having the largest footprint (69 km 

x 43 km), and GMI the smallest (18 km x 11 km). For the intercomparison, MWR IWV data from the 7 x 7 pixels are 

interpolated to the location of the GPS sites by a Delaunay triangulation method (Press et al., 2007) and corrected vertically 360 

using the same method as for the GPS – GPS comparison discussed in Section 4.1. The height difference is here equal to the 

height of the GPS station, since the MWR data are valid on the mean sea level. The bias, slope, and offset parameters are 

derived as in the GPS – GPS comparison. The regression with the York et al., 2004, method, needs to specify correctly the 

uncertainties of the measurements from the two data sets, or at least to represent correctly the ratio of their mean uncertainties 

(see Appendix C). As mentioned above, the formal error rescaled by a factor of 5 is used for GPS. For MWR, we surmise that 365 

the horizontal interpolation from the gridded data will introduce some representativeness difference with the GPS point 

measurements that we should take into account. We first computed the standard deviation of all valid IWV values from the 7 

x 7 pixels. It amounted to ~ 2.2 kg m-2 on average over all sites and satellites. This values seemed too high to be used directly 

as a measure of uncertainty of the MWR data. However, the variations over time of the standard deviation are thought to 

correctly reflect the changes in the local atmospheric state, weather conditions, and measurement noise. In a second step, we 370 

made a three-way error analysis between GPS, MWR, and ERA5 IWV data, following O’Carroll et al., 2008. This was done 

with the GPS station BCON, on Barbados island (Bock et al., 2021). For this station, the number of valid MWR pixels was 

higher than at all other sites of Caribbean GPS network, with an average of 46 valid pixels out of 49. This comparison is thus 

believed to provide a good estimate of the precision of the MWR data with negligible representativeness errors. We found the 

following standard error estimates for the three data sets: 𝜎𝐺𝑃𝑆 = 1.06 kg m-2; 𝜎𝑀𝑊𝑅 = 0.67 kg m-2; 𝜎𝐸𝑅𝐴5 = 1.82 kg m-2, for 375 

AMSR2. Nearly similar values were found for the other satellites. According to these numbers, the GPS IWV data are slightly 

noisier than the MWR data, which seems plausible, although the MWR and ERA5 standard errors might be slightly 

underestimated given that MWR radiances are assimilated into ERA5, i.e. errors are correlated. Finally, we rescaled the GPS 

formal errors and the MWR standard deviations to match these three-way error values, on average, for each satellite. The 

resulting “measurements errors” were then used in the York fit.  380 
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Figure 10 shows the results of the GPS – MWR comparisons, where the bias, slope, and offset parameters were 

retrieved for the whole year 2020. The number of collocations here is much smaller than for the GPS – GPS comparisons 

(between 200 and 400 for the GPS – MWR comparisons compared to more than 4000 nearly 8000 for the GPS – MWR GPS 

comparisons over the full year). The median GPS – GPS results, determined as in Sect. 4.1,  for the full year are superposed 

to emphasize the high correlation with the GPS – MWR intercomparisons (the Pearson correlation coefficients reported in 385 

each plot). Regarding, the biases, especially, the variations from station to station are about ± 0.5 kg m-2 (if we except CBE0) 

from both intercomparisons. They are thought to be GPS station-specific errors (due to, e.g., multipath and/or field of view 

limitations). The large bias in CBE0 is confirmed with the MWR validation but station BOUL appears not to be an outlier here 

(for this station, the slope and offset estimates computed over the full year are closer to normal values, but inspection of 

monthly statistics revealed a drift throughout the year, the origin of which is not explained so far as no equipment change could 390 

be incriminated). All three versions of the comparisons also reveal a systematic mean bias between GPS and MWR IWV data 

of about 0.7 kg m-2 (0.67 kg m-2 with respect to AMSR2), with GPS being drier than MWR. A similar mean bias was previously 

observed by Mears et al., 2015, on global long-term averages including more GPS sites and satellites. Whether this bias is 

imbedded in the GPS or MWR retrievals is not clear at the moment. The mean difference between the different satellite 

estimates is, comparatively, slightly smaller: AMSR2 and Windsat agree almost perfectly, while GMI has a slight moist bias 395 

of +0.2 kg m-2 compared to either AMSR2 or Windsat, and F18 has a slight dry bias of –0.4 kg m-2 compared to the AMSR2. 

The slope estimates show more scatter between sites and satellites, although the mean GPS – MWR values agrees very well 

with the GPS – GPS values. Similar to the findings of Sect. 4.1, the classical correction (v1) does not preserve the slopes and 

leads to large overestimations for the stations are higher altitudes. Again, the new correction (v2) achieves almost perfect 

slopes, both for the GPS – GPS and the GPS – MWR comparisons.  400 

Following the IWV inter-comparisons, statistical tests (Appendix C) were applied to sort those comparisons which 

show biases and offsets significantly different from zero and slopes significantly different from one. Test results with p-values 

< 0.01 are highlighted in Fig. 10 for all comparisons. It can be noted that most biases are significant, but not all slopes and 

offsets. Indeed, the standard errors for the latter parameters remain relatively high, despite one full year of data was used here. 

For example, several slopes of the GPS – F18 comparisons deviate notably from one, but are not significant (mean standard 405 

error of 0.0193), while they are significant for the GPS – GPS intercomparison (mean standard error of 0.0029). These results 

indicate that not only accurate vertical correction (model v2) and correct specification of the measurement errors are crucial 

to diagnose biases and scaling errors but also the sample size. 

5. Discussion and conclusions 

In this paper we have shown that the model traditionally used for the correction of the IWV difference due to the 410 

vertical displacement between observation sites has two shortcomings. First, it induces a bias in the slope estimate and, 

correlatively, in the offset estimate, with slopes being over-estimated when the IWV measurements from the lower site are 
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corrected (see, e.g., Fig. 10e). Second, it does not change the offset estimate, which remains generally close to the uncorrected 

bias value (Figs. 10a, c, and f). We have proposed an improved correction model (Eq. (B8)) based on two terms, 𝑓𝑐 and 𝑔𝑐, 

which overcomes these limitations. This model relies on a multi-linear regression of slope and offset (Eq. (B9)) as a function 415 

of the height difference (Eqs. (5, 6)). We have shown that high-resolution radiosonde data are capable of providing accurate 

estimates of the parameters (𝑎𝑖 , 𝑏𝑖) of this model on a monthly basis. The correction model reduces the bias, slope, and offset 

to negligible mean errors (bias < ± 0.02, slope – 1 < ± 0.004, offset < ± 0.1) for height differences up 500 m, with a standard 

deviation smaller than 0.5 kg m-2. The errors are expected to increase slightly for larger height differences (e.g. we found bias 

< ± 0.08, slope – 1 < ± 0.025, offset < ± 0.5, for a height difference of 1000 m with the data from radiosonde station 78897). 420 

The method has been successfully applied to the correction of GPS IWV data from a network of stations in a tropical 

mountainous area, with altitudes ranging from the sea level up to more than 400 m. Corrected data allowed to diagnose 

anomalous biases and scaling errors at two sites, which could not be detected in the raw measurements or when the traditional 

correction method was applied. The method was also applied to inter-validation of IWV from satellite MWR measurements 

and GPS measurements in the same region. The corrected data confirmed the significant bias and anomalous slope for one of 425 

the GPS stations (CBE0, bias close to 2 kg m-2, and slope close to 0.98). The reason why the second station (BOUL) did not 

show up in this comparison is that the errors decreased over time, possibly linked with several equipment changes that were 

reported during 2020 at this site. Some dispersion was also observed between the four satellite data that were compared, with 

F18 showing more scatter as well as a smaller number of available collocations. We suspect that the larger footprint of the 

MWR instrument on board this satellite induced larger representativeness differences, since pixels located farther from the 430 

GPS stations have been used. F18 might also have slightly more land contamination than the other satellites do. However, 

when the results from the four satellites were averaged together, they were in very good agreement with the GPS-only results. 

 This study also emphasized the need for using a regression method that accounts for errors in both variables and for 

correctly specifying these errors. Not doing so is known from least-squares theory to result in biased slope and offset estimates, 

as well as biased standard errors and inconsistencies in subsequent significance tests. These issues were discussed in Appendix 435 

C, with Monte Carlo simulations, and illustrated in Sect. 4.1, for the case of the GPS – GPS intercomparison.  It was namely 

shown that the regression method of York et al., 2004, works well as soon as the ratio of the uncertainties in both variables is 

properly specified. Stated differently, it appears not necessary to provide absolute uncertainties but only relative ones. This is 

fortunate as the former are usually not known, unless an absolute calibration technique is involved. In this study, we have 

successfully used a triple collocation method to estimate the relative errors in the GPS and MWR data, using ERA5 as the 3rd 440 

data set. This approach provides generally satisfying results as long as the representativeness errors in all data sets are small, 

or at least similar (Stoffelen, 1998; O’Carroll et al., 2008). In our case, the MWR and ERA5 have similar spatial resolutions 

which may induce representativeness errors of similar magnitude compared to the GPS observations which are of more local 

nature. We also attempted to combine GPS, satellite MWR, and radiosonde observations but the triple collocation failed in 

this case. However, the combination of collocated GPS, radiosonde, and ground-based MWR measurements from the Barbados 445 
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Cloud Observatory during the EUREC4A campaign worked well. In this case, we found the following error estimates: 𝜎𝐺𝑃𝑆 = 

0.93 kg m-2, 𝜎𝑅𝑆 = 0.65 kg m-2, and 𝜎𝑀𝑊𝑅 = 1.53 kg m-2. This new estimate for the GPS errors is fairly consistent with the one 

found with the satellite MWR and ERA5 data reported in Sect 4.2. It is also consistent with the estimate reported by Cimini et 

al., 2012, of 0.94 kg m-2. The other two errors seem plausible as well, especially the higher value for the ground-based MWR 

data which were shown to contain excessive noise during the first weeks of the campaign (Bock et al., 2021). 450 

 The improved vertical correction method described in this paper can be easily applied to any other region for which 

high resolution vertical profiles of water vapour are available. Such profiles can be provided by radiosonde observations but 

also by numerical weather model outputs or by reanalyses. A few additional trials showed that with a vertical resolution of 

100 m, very good results are still achieved (e.g., bias error smaller than 0.1 kg m-2). In this study, the model parameters have 

been derived on a monthly basis, which seems well adapted to correct data sets which cover at least one month of 455 

measurements. We also tested separate model adjustments and corrections for the 00UTC and 12UTC profiles, but the results 

we not significantly different. In the future, we plan to derive the model parameters on a global grid from the ERA5 reanalysis 

which provides a stable and accurate climatology of the water vapour distribution. The global correction grid will be useful to 

provide more accurate inter-comparisons and inter-validations of global IWV data sets from various techniques. 

Data availability.  460 

The high-resolution radiosonde data used in this work were retrieved from the University of Wyoming web site 

(http://weather.uwyo.edu/upperair/bufrraob.shtml, last access: January 2022). The GPS IWV data are available from AERIS, the French 

national data and service portal for the atmosphere (https://www.aeris-data.fr/, last access: January 2022), under DOI 

https://doi.org/10.25326/79 (Bock, 2020). The satellite MWR data are freely available via ftp from https://www.remss.com/missions/ after 

registration. 465 

Appendix A: Correction model based on an exponential profile  

The distribution of water- vapour density in the atmosphere is generally highly variable, but may be approximated by the 

equation: 

𝜌𝑣(ℎ) = 𝜌0𝑒𝑥𝑝(−𝛾ℎ) ,           (A1) 

where 𝛾 > 0 is the mean vertical decay rate of water vapour, also sometimes expressed as the inverse of the water vapour scale 470 

height, 𝐻𝑣 = 1/𝛾, 𝜌0 is the ground-level water-vapour density, and ℎ is the geometric height. Standard values for 𝐻𝑣 and 𝜌0 

are 𝐻𝑣= 2 km and 𝜌0 = 7.5 g m-3, or alternatively 𝛾 = 5 ∙ 10−4 m-1 (ITU, 2017). 

It follows from Eq. (A1) that the IWV above a height ℎ𝐴 is simply: 

𝐼𝑊𝑉(ℎ𝐴) = ∫ 𝜌𝑣(ℎ)𝑑ℎ =
∞

ℎ𝐴

𝜌0

𝛾
𝑒𝑥𝑝(−𝛾ℎ𝐴) ,         (A2) 

The IWV in the layer in between two stations, A and B, at heights, ℎ𝐴 and ℎ𝐵, writes: 475 

http://weather.uwyo.edu/upperair/bufrraob.shtml
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∆𝐼𝑊𝑉 = ∫ 𝜌𝑣(ℎ)𝑑ℎ =
ℎ𝐵
ℎ𝐴

𝜌0

𝛾
[exp(−𝛾ℎ𝐴) − exp(−𝛾ℎ𝐵)],       (A3) 

Equation (A3) can be used to correct the IWV measurements from station A to conform to the height of station B, in an additive 

way: 𝐼𝑊𝑉𝐴,𝑐 = 𝐼𝑊𝑉𝐴 − ∆𝐼𝑊𝑉, where 𝐼𝑊𝑉𝐴 = 𝐼𝑊𝑉(ℎ𝐴). Combining Eqs. (A2) and (A3) shows that the correction is actually 

multiplicative in nature:  

𝐼𝑊𝑉𝐴,𝑐 = 𝐼𝑊𝑉𝐴 × exp(−𝛾(ℎ𝐵 − ℎ𝐴)) ,         (A4) 480 

Here we can define 𝑓𝑐(∆ℎ) as the correction factor which, applied to 𝐼𝑊𝑉𝐴, conforms to the height ℎ𝐵: 

𝑓𝑐(∆ℎ) = exp(−𝛾∆ℎ)           (A5) 

where ∆ℎ=ℎ𝐵 − ℎ𝐴, is the height difference between station A and station B. 

When |∆ℎ| is small, or more rigorously when |𝛾∆ℎ| ≪ 1, Eq. (A5) can be approximated by 𝑓𝑐(∆ℎ) ≈ 1 − 𝛾∆ℎ, 

which leads to a widely-used form of the IWV correction (Bock et al., 2005; Morland et al., 2006a, b; Buehler et al., 2012): 485 

𝐼𝑊𝑉𝐴,𝑐 ≈ 𝐼𝑊𝑉𝐴 − 𝛾 ∙ ∆ℎ ∙ 𝐼𝑊𝑉𝐴.           (A6) 

Equation (A6) has traditionally been used to estimate 𝛾 from the IWV observations at different heights, e.g. for two stations 

at heights ℎ𝐴 and ℎ𝐵: 

𝛾 ≈
(𝐼𝑊𝑉𝐴−𝐼𝑊𝑉𝐵)

∆ℎ∙𝐼𝑊𝑉𝐴
            (A7) 

which expresses the idea that 𝛾 represents the fractional IWV variation over a height ∆ℎ (Bock et al., 2005). The range of 490 

validity for the approximate formulations expressed by Eqs. (A6) and (A7) to hold can be estimated from the condition |𝛾∆ℎ| <

0.1, which leads to |∆ℎ| < 200 m, if we use 𝐻𝑣 =
1

𝛾
= 2 km. For larger height differences, it is recommended to use the exact 

formulations (A4) and (A8): 

𝛾 = −
1

∆ℎ
log (

𝐼𝑊𝑉𝐵

𝐼𝑊𝑉𝐴
)           (A8) 

Appendix B: Link between bias, slope, and offset parameters 495 

Let us assume that we have 𝑛 observations, (𝑥𝑖 , 𝑦𝑖), 𝑖 = 1. . 𝑛, corresponding to paired measurements of the same physical 

quantity coming from the same instrument at two different sites or from two different instruments at the same site. The 

difference in the observation conditions is assumed to lead a bias,∆, and a scaling error that can be represented by a linear fit 

slope, 𝛼, and offset, 𝛽, defined as: 

∆= 𝜇𝑦 − 𝜇𝑥 ,            (B1) 500 

where 𝜇𝑥 and 𝜇𝑦 are the sample means of 𝑥 and 𝑦, and the slope and offset parameters are derived from the linear regression 

model: 

𝑦 = 𝛼𝑥 + 𝛽,            (B2) 
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Thanks to the linearity of the mean operator, the (B2) relationship is also verified for the means: 

𝜇𝑦 = 𝛼𝜇𝑥 + 𝛽 ,            (B3) 505 

Note that since {𝑥𝑖} and {𝑦𝑖} are both obtained from measurements, they are usually both subject to errors. There exist robust 

methods to estimate optimally 𝛼  and 𝛽  in the presence of errors in both variables (e.g. Mandel, 1984; Macdonald and 

Thompson, 1992; York et al., 2004). Note also that, depending on which of 𝑥 and 𝑦 is considered as the reference, the opposite 

relationship may sometimes be used, 𝑥 = 𝛼′𝑦 + 𝛽′, which relates to (B2) by  

𝛼′ = 1/𝛼,             (B4a)  510 

𝛽′ = −𝛽/𝛼.            (B4b) 

Note that Eq. (B4a and b) are in general not verified when the estimation method does not account for errors in both variables. 

Equations (B1) and (B3) recall that the parameters ∆, 𝛼, and 𝛽 are inter-related through 𝜇𝑥 and 𝜇𝑦. It is instructive to 

discuss the different cases of interest for the interpretation of experimental results. These cases are described below and 

illustrated in Fig. B1: 515 

 Case n°1: 𝛼 = 1. In this case, the two observation series have only a bias and no scaling error, and it follows from 

Eqs. (B1) and (B3) that 𝜇𝑦 = 𝜇𝑥 + 𝛽 and 𝛽 = ∆.  

 Case n°2: 𝛼 > 1. In this case, the two series have a scaling error, where the range of 𝑦𝑖values is larger than the range 

of 𝑥𝑖values. It also follows from Eqs. (B1) and (B3) that 𝛽 < ∆. Depending on the sign of ∆ there is an additional 

constraint or not on 𝛽, namely:  520 

(a) if ∆> 0, then 𝛽 can be either positive or negative, with 𝛽 < ∆. 

(b) if ∆< 0, then 𝛽 can be only negative, i.e., 𝛽 < ∆< 0. 

 Case n°3: 𝛼 < 1. In this case, the two series have a scaling error, where the range of 𝑦𝑖values is smaller than the 

range of 𝑥𝑖values, and it follows from Eqs. (B1) and (B3) that 𝛽 > ∆. Again, there may be an additional constraint 

on 𝛽: 525 

(a) if ∆> 0, then 𝛽 can be only positive: 𝛽 > ∆> 0. 

(b) if ∆< 0, then 𝛽 can be either positive or negative, with 𝛽 > ∆. 

 

Let us now analyse the impact of applying a rescaling of the reference series, {𝑥𝑖}, in order to correct it for difference 

in the observation conditions with respect to the tested series {𝑦𝑖}. We denote the corrected series by {𝑥𝑖,𝑐}, with 𝑥𝑖,𝑐 = 𝑓𝑐 × 𝑥𝑖. 530 

In the case of IWV vertical correction, the scaling factor 𝑓𝑐 could be computed from Eq. (A5) under the hypothesis of a vertical 

distribution of water vapour following an exponential law. The bias, slope, and offset parameters, after correction, are denoted 

respectively as ∆𝑐, 𝛼𝑐, and 𝛽𝑐, and write: 

∆𝑐= 𝜇𝑦 − 𝑓𝑐𝜇𝑥 ,            (B5) 
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𝛼𝑐 =
𝛼

𝑓𝑐
 ,             (B6) 535 

𝛽𝑐 = 𝛽,             (B7) 

Equations (B5) and (B6) follow from the fact that 𝜇𝑦 = 𝛼𝜇𝑥 + 𝛽 = 𝛼𝑐𝑓𝑐𝜇𝑥 + 𝛽𝑐 must hold for every 𝜇𝑥. A crucial question is 

to check if this correction method can achieve a perfect bias correction and scaling simultaneously, i.e. ∆𝑐= 0 and 𝛼𝑐 = 1.  

Let us first check the conditions for achieving a zero bias, ∆𝑐= 0. This result is achieved if and only if 𝑓𝑐 = 𝜇𝑦 𝜇𝑥⁄ . 

From this condition, it follows that 𝛼𝑐 = 𝛼
∆−𝛽

∆𝛼−𝛽
. The only possibility to simultaneously achieve ∆𝑐= 0 and 𝛼𝑐 = 1 is actually 540 

that 𝛼 = 1, i.e. when the data have initially only a bias but no scaling error. In all other cases, the final slope will be different 

from one, and it can be either larger or smaller than the initial slope, i.e. in some cases, the slope can be degraded (getting 

farther from one). These situations depend again on the initial values of 𝛼 and ∆: 

 case n°1: if ∆> 0, then 𝛼𝑐 < 𝛼. If, in addition, 𝛼 < 1 then 𝛼𝑐 < 𝛼 < 1, i.e. the slope is degraded. If, instead, 𝛼 > 1, 

then 𝛼𝑐 < 𝛼 can lead to an improvement in the slope but there is no guarantee that 𝛼𝑐 will be close to one. 545 

 case n°2: if ∆< 0, then 𝛼𝑐 > 𝛼. If, in addition, 𝛼 > 1 then 𝛼𝑐 > 𝛼 > 1, i.e. the slope is degraded. If, instead, 𝛼 < 1, 

then 𝛼𝑐 > 𝛼 can lead to an improvement in the slope but there is no guarantee that 𝛼𝑐 will be close to one. 

The above analysis shows that, except when 𝛼 = 1, the final slope will be different from one, and in some cases, depending 

on the sign of the initial bias, it will be degraded. 

Let us now check the conditions for achieving a unity slope, 𝛼𝑐 = 1. This result is achieved if and only if 𝑓𝑐 = 𝛼. 550 

From there it results that ∆𝑐= 𝛽, i.e. the sign and magnitude of the final bias will depend on the sign and magnitude of the 

initial offset. Unless 𝛽 = 0, the final bias will generally be different from zero, i.e., it is in general not possible to achieve a 

zero bias if the reference data are corrected by a simple scaling factor that would achieve a final slope of one. 

Instead of a simple rescaling correction model, we propose to use a linear correction model which includes both a 

scaling factor, 𝑓𝑐, and an intercept, 𝑔𝑐: 555 

 𝑥𝑖,𝑐 = 𝑓𝑐 × 𝑥𝑖 + 𝑔𝑐           (B8) 

For our application to IWV vertical correction, both 𝑓𝑐 and 𝑔𝑐 would depend on the height difference, ∆ℎ. Following the same 

reasoning as for the simple scaling model, it is straightforward to show that the condition to achieve both a zero bias, ∆𝑐= 0, 

and an unity slope, 𝛼𝑐 = 1, after correction writes: 

𝑓𝑐 = 𝛼 and 𝑔𝑐 = 𝛽           (B9) 560 

Indeed, substituting (B9) into (B8), and expressing the bias ∆𝑐= 𝜇𝑦 − 𝜇𝑥,𝑐, and the linear fit equation 𝜇𝑦 = 𝛼𝑐𝜇𝑥,𝑐 + 𝛽𝑐, after 

correction, we find ∆𝑐= 0, 𝛼𝑐 = 1, and 𝛽𝑐 = 0, which is the desired result. 
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Appendix C: Statistical properties of the bias and straight line fitted parameters 

The classical straight line fitting problem can be formalized as follows. Let us assume the linear model 

𝑌 = 𝛼𝑥 + 𝛽 + 휀𝑌,           (C1) 565 

where 𝑌 is the response variable, 𝑥 the independent variable, 𝛼 and 𝛽 the slope and intercept, and 휀𝑌 a random variable of zero 

mean and variance 𝜎 ,𝑌
2 , representing the error in 𝑌. When 𝑥 is known without error, the ordinary least squares (OLS) solution 

is found by minimizing the sum of squared errors, 𝑆𝑆𝐸 = ∑ 𝑒𝑖
2𝑛

𝑖=1 , where 𝑒𝑖 = 𝑦𝑖 − �̂�𝑖 and �̂�𝑖 = �̂�𝑥𝑖 + �̂� is the predicted value 

from the fitted line. In this case, the errors represent the vertical distance of the best fit line to the data points. The OLS solution 

for 𝛼 and 𝛽 has a simple analytical formulation (Walpole, 2012): 570 

𝛼𝑂𝐿𝑆 =
∑ (𝑥𝑖−�̅�)(𝑦𝑖−�̅�)
𝑛
𝑖=1

∑ (𝑥𝑖−�̅�)
2𝑛

𝑖=1
,           (C2a) 

𝛽𝑂𝐿𝑆 = �̅� − 𝛼𝑂𝐿𝑆�̅�.           (C2b) 

The variance of the OLS estimators is given by (Walpole, 2012): 

𝜎𝛼,𝑂𝐿𝑆
2 =

1

∑ (𝑥𝑖−�̅�)
2𝑛

𝑖=1
𝜎 ,𝑌
2 ,           (C3a) 

𝜎𝛽,𝑂𝐿𝑆
2 =

∑ 𝑥𝑖
2𝑛

𝑖=1

∑ (𝑥𝑖−�̅�)
2𝑛

𝑖=1
𝜎 ,𝑌
2 .           (C3b) 575 

An unbiased estimate of 𝜎 ,𝑌
2  is given by (Walpole, 2012): 

𝑠 ,𝑌
2 =

𝑆𝑆𝐸

𝑛−2
= ∑

(𝑦𝑖−�̂�𝑖)
2

𝑛−2

𝑛
𝑖=1            (C4) 

From there, it is customary to compute the standard errors of the estimates as:   

𝑠𝑒𝛼,𝑂𝐿𝑆
2 =

1

∑ (𝑥𝑖−�̅�)
2𝑛

𝑖=1

𝑠 ,𝑌
2 ,           (C5a) 

𝑠𝑒𝛽,𝑂𝐿𝑆
2 =

∑ 𝑥𝑖
2𝑛

𝑖=1

∑ (𝑥𝑖−�̅�)
2𝑛

𝑖=1
𝑠 ,𝑌
2 .           (C5b) 580 

Assuming that the errors 휀𝑌,𝑖  are normally distributed, it follows that the estimators 𝛼𝑂𝐿𝑆  and 𝛽𝑂𝐿𝑆  are also normally 

distributed, and that (𝑛 − 2)𝑠 ,𝑌
2 /𝜎 ,𝑌

2  is a chi-squared variable with 𝑛 − 2 degrees of freedom. Hypothesis testing of the fitted 

parameters is then done using the following statistics: 

𝑡𝛼,𝑂𝐿𝑆 =
𝛼𝑂𝐿𝑆−𝛼0

𝑠𝑒𝛼,𝑂𝐿𝑆
            (C6a) 

𝑡𝛽,𝑂𝐿𝑆 =
𝛽𝑂𝐿𝑆−𝛽0

𝑠𝑒𝛽,𝑂𝐿𝑆
            (C6b) 585 



20 

 

which both have t-distributions with 𝑛 − 2 degrees of freedom. In (C6a) and (C6b), 𝛼0 and 𝛽0 are the values assumed in the 

null hypotheses. Typically, one wants to test H0: 𝛼𝑂𝐿𝑆 = 1 against H1: 𝛼𝑂𝐿𝑆 ≠ 1, and H0: 𝛽𝑂𝐿𝑆 = 0 against H1: 𝛽𝑂𝐿𝑆 ≠ 0. The 

associated p-values are then computed from the t-cumulative distribution function (CDF): 

𝑝𝛼,𝑂𝐿𝑆 = 2 ∙ 𝑡𝑐𝑑𝑓(−|𝑡𝛼,𝑂𝐿𝑆|, 𝑛 − 2)          (C7a) 

𝑝𝛽,𝑂𝐿𝑆 = 2 ∙ 𝑡𝑐𝑑𝑓(−|𝑡𝛽,𝑂𝐿𝑆|, 𝑛 − 2)          (C7b) 590 

When 𝑥 is observed with error, a second observing equation applies: 

𝑋 = 𝑥 + 휀𝑋,            (C8) 

where the observed quantity 𝑋 of the unknown variable 𝑥, now contains a random error 휀𝑋, and the OLS solution (C2) is no 

longer optimal. Indeed, the slope estimate will typically have negative bias (see Draper and Smith, 1998, Eq. (3.4.10) for an 

expression of the bias) and this will bias the intercept estimate in return. 595 

The solution of the regression of 𝑌 on 𝑋 with errors in both variables, can be found by minimizing the sum of squared 

errors in both variables: 𝑆𝑆𝐸 = ∑ [𝑤(𝑥𝑖)(𝑥𝑖 − �̂�𝑖)
2 + 𝑤(𝑦𝑖)(𝑦𝑖 − �̂�𝑖)

2]𝑛
𝑖=1  where 𝑤(𝑥𝑖)  and 𝑤(𝑦𝑖)  are the weights of the 

observations, and �̂�𝑖 and �̂�𝑖 are the predicted values. Weights have been included here to follow the formalism of York et al., 

2004. They would typically be computed from the assumed uncertainties, 𝑢, in the measurements, e.g. 𝑤(𝑥𝑖) = 1/𝑢𝑖,𝑥
2  and 

𝑤(𝑦𝑖) = 1/𝑢𝑖,𝑦
2 . Note that in the special case of unit weights, the solution is the straight line that minimizes the sum of the 600 

squares of the perpendicular distances to the observed points (Macdonald and Thompson, 1992). Finding the solution of this 

problem is not straightforward and many different, often approximate, solutions have been proposed in the literature (see e.g. 

the discussion in Press et al., 2007). In this work, we use the iterative algorithm approach proposed by York et al., 2004, which 

includes also equations for the standard errors of the fitted parameters. The equations are more complex than those of the OLS 

solution and will not be repeated here. The standard errors of the York estimators can be likewise used with Eqs. (C6-7) for 605 

hypothesis testing. However, here we want to emphasize that the formulations of the standard errors given by York et al., 2004, 

need to be rescaled by the goodness of fit factor √𝑆𝑆𝐸/(𝑛 − 2), where 𝑆𝑆𝐸 is the residual sum of squares given above. This 

rescaling is important to retrieve realistic values of the standard errors and thus the test statistics and the subsequent p-values. 

If the uncertainties in the measurements have been properly specified, this quantity should be close to 1.  

In addition, it is useful to describe how the bias estimates can be tested. Especially, we want to test the null hypothesis: 610 

H0: ∆= 0 against H1: ∆≠ 0, where ∆ is computed as ∆= �̅� − �̅�. The difficulty here is with standard error of ∆ when both 

variables have errors. It can be shown that the mean and variance of the ∆ estimator are: 𝐸(∆) = (𝛼 − 1)�̅� + 𝛽 and 𝑉𝑎𝑟(∆) =

𝜎∆
2 =

𝜎 ,𝑋
2 +𝜎 ,𝑌

2

𝑛
, respectively. The problem here is that 𝜎 ,𝑋

2  and 𝜎 ,𝑌
2  are unknown. It may be conjectured that 𝑠𝛿

2 = ∑
(𝛿𝑖−�̅�)

2

𝑛−1

𝑛
𝑖=1  

is a proper estimator of the variance of 𝑌 − 𝑋, with 𝛿𝑖 = 𝑦𝑖 − 𝑥𝑖 and 𝛿̅ = �̅� − �̅�, and that 
𝑠𝛿
2

𝑛
 may be used as an estimator of 
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𝜎∆
2. However, it can be shown that 𝐸(𝑠𝛿

2) = (1 − 𝛼)2∑
(𝑥𝑖−�̅�)

2

𝑛−1

𝑛
𝑖=1 + 𝜎 ,𝑋

2 + 𝜎 ,𝑌
2  and that the first term is typically dominant 615 

over the latter two, i.e. this estimator of 𝜎∆
2 is biased. Instead, we propose to use (C4) as an estimator of 𝜎 ,𝑌

2  and a similar 

estimator for 𝜎 ,𝑋
2 :  

𝑠 ,𝑋
2 = ∑

(𝑥𝑖−�̂�𝑖)
2

𝑛−2

𝑛
𝑖=1             (C9) 

where �̂�𝑖 =
𝑦𝑖−�̂�

�̂�
 is the predicted value for 𝑥𝑖. It can be shown that 𝐸(𝑠 ,𝑌

2 ) ≈ 𝛼2𝜎 ,𝑋
2 + 𝜎 ,𝑌

2  and 𝐸(𝑠 ,𝑋
2 ) ≈ 𝜎 ,𝑋

2 +
𝜎 ,𝑌
2

𝛼2
. Since in 

our applications, 𝛼 is usually close to one, and the two error variances are comparable, 𝜎 ,𝑋
2 ≈ 𝜎 ,𝑌

2 , both estimators will only 620 

depart slightly from 𝜎 ,𝑋
2 + 𝜎 ,𝑌

2 . In consequence, we propose to average the two estimates, and use  

𝑠∆
2 =

𝑠 ,𝑋
2 +𝑠 ,𝑌

2

2𝑛
             (C10) 

as an estimator of 𝜎∆
2 = 𝑉𝑎𝑟(∆). Note that the OLS and York estimators predict different values of 𝑠∆

2 because 𝑠 ,𝑋
2  and 𝑠 ,𝑌

2  

depend on the estimated values of 𝛼 and 𝛽. The test statistic and subsequent p-value for ∆ can be computed in a similar manner 

as for 𝛼 and 𝛽, although the statistic does not exactly follow a t-distribution in this case. 625 

The performance of the OLS and York regression methods have been evaluated based on Monte Carlo tests. The main 

goals were to evaluate: i) the impact of errors in x on the OLS estimator, ii) the impact of mis-specification of the errors in the 

two variables with the York estimator, iii) the performance of the test statistic for the bias. We simulated 𝑚 = 105 data sets, 

each composed of 𝑛 = 41pairs of observations, (𝑥𝑖,𝑦𝑖), 𝑖 = 1. . 𝑛, where 𝑥𝑖 = 10. .50 by step of 1 plus a random value from 

a normal distribution, 𝑁(0, 𝜎𝑋
2), and 𝑦𝑖 = 𝛼�̃�𝑖 + 𝛽 plus a random value from a normal distribution, 𝑁(0, 𝜎𝑌

2), where �̃�𝑖 is the 630 

true (noise-free) value of 𝑥𝑖. Table C1 presents the results for different cases where the true noise variances, 𝜎𝑋
2 and 𝜎𝑌

2, were 

changed, and the assumed variances, 𝑢𝑥
2 and 𝑢𝑦

2, were either correctly specified or not (note that the latter are used only in the 

York fit). All these simulations were run with 𝛼 = 1and 𝛽 = 0. We also run simulations for other values of 𝛼and 𝛽, but the 

conclusions were unchanged, e.g., with 𝛼 = 0.8and 𝛽 = 5.0 we did not observe any significant difference in the results 

compared to those presented in Table C1. Note that the SE values for ∆ reported in Table C1 were computed with the York 635 

estimates of 𝛼 and 𝛽. We observed that they were consistent with the values computed with the OLS estimates to 0.01 or better 

(OLS values greater than York values) and consequently led to the same hypothesis test results on average.  

The performance of the estimators was assessed in terms of bias (difference between the mean estimate and the truth), 

variance (the consistency between the observed standard deviation, STD, and the mean standard error, SE), and the correctness 

of the 5% significance level (the value 𝑝0.05 reported in Table C1 is the fraction of simulations with p-values < 0.05). The 640 

results are summarized below: 

 𝜎𝑋
2 = 0, when no errors are simulated in x (case n°1), the OLS and York methods yield identical results 

(mean, STD, SE, 𝑝0.05) 



22 

 

 𝜎𝑋
2 > 0, the OLS estimates of slope and offset are biased (𝛼𝑂𝐿𝑆 < 1 and 𝛽𝑂𝐿𝑆 > 0) and the magnitudes of the 

biases depend on the strength of the noise:  645 

o when 𝜎𝑋 = 1 (cases n°2, 3, 4, 6, 8), the biases are small:  𝛼𝑂𝐿𝑆 ≈ 0.993, 𝛽𝑂𝐿𝑆 ≈ 0.19, and 𝑝0.05 ≈

0.06, 

o when 𝜎𝑋 = 4 (cases n°5, 7), the biases are larger: 𝛼𝑂𝐿𝑆 ≈ 0.90, 𝛽𝑂𝐿𝑆 ≈ 2.9, and 𝑝0.05 ≈ 0.5, 

o when 𝜎𝑋 is proportional to X (cases n°9, 10), the biases take intermediate values: 𝛼𝑂𝐿𝑆 = 0.93 −

0.98, 𝛽𝑂𝐿𝑆 = 0.5 − 1.9, and 𝑝0.05 = 0.1 − 0.2, 650 

o when 𝜎𝑌 > 𝜎𝑋 (cases n°6, 8), the mean values are unchanged, but STD and SE increase, and 𝑝0.05 

is improved (compare, e.g., cases n°2 and 6). 

 𝜎𝑋
2 > 0, the York estimates are unbiased in all cases, except when the uncertainties are mis-specified and 

they are dissimilar in both variables: 

o when 
𝑢𝑋

𝑢𝑌
≠

𝜎𝑋

𝜎𝑌
  (cases n°3, 5, 6), the biases amount to 𝛼𝑌𝑜𝑟𝑘 − 1 = ±0.05, 𝛽𝑌𝑜𝑟𝑘 = ±1.5, 𝑝0.05 =655 

0.14 − 0.18 in cases n°5, 6, but they are much smaller in case n°3.  

o when 
𝑢𝑋

𝑢𝑌
=

𝜎𝑋

𝜎𝑌
 (cases n°7, 8), all the biases vanish, although the specified uncertainties are smaller 

than the true errors. 

 The standard errors are consistent with the standard deviations in all cases. They increase when the noise 

increases. Note that the standard errors are relatively large in these simulations because the samples contain 660 

only 𝑛 = 41 values. Increasing 𝑛 by a factor of 10 (consistent with the GPS – MWR comparisons of Sect. 

4.2), would decrease SE by a factor of 10. A reduction of the SE would also imply that some of the slope 

and offset biases become significant (e.g. in case n°3). 

 The bias estimator, ∆= �̅� − �̅�, is “unbiased” in all cases (mean ≈ true value) and its SE estimator is consistent 

with the standard deviation (this confirms the validity of the SE estimator given by Eq. (C10)) with only a 665 

small bias when the noise variances are dissimilar (cases 5, 6: SE ≈ 0.62 compared to STD = 0.64) and 

subsequent impact on the 𝑝0.05 probabilities (𝑝0.05 = 0.13 - 0.18). 

Note that even when 𝜎𝑋
2 > 0 is constant, the OLS estimators and subsequent test statistics are biased. 

Figure C1 shows the distributions of the slope, offset and p-values from the hypothesis tests for cases n°5 and 7. The 

shapes of the distributions of the slope and offset resemble non-central t-distributions. Note the biases of the OLS estimators 670 

in both cases and the bias in the York estimators only in case n°5. The distributions of the p-values are expected to be flat 

(equal probability for all p-values), which is verified for the York fit in case n°7, and all other simulated cases, except for cases 

n°5 and 6, and to a lesser extent case n°3, when the error ratios are mis-specified. In case n°5 shown in the figure, it is seen 

that the small p-values have larger probability, which indicates that an excessive number of slope and offset estimates are 

biased. This happens more often with the OLS estimator. 675 



23 

 

Author contributions. OB initiated the study, proposed the new correction method, performed the comparisons, and wrote the paper. PB and 

CM processed the GPS data and MWR data used in this work, respectively. All three authors contributed to the interpretation and discussion 

of the results. 

Competing interests. The authors declare that they have no conflict of interest. 

Special issue statement. This article is part of the special issue “Analysis of atmospheric water vapour observations and their uncertainties 680 
for climate applications (ACP/AMT/ESSD/HESS inter-journal SI)”. It is not associated with a conference. 

Acknowledgments. The authors would like to thank Guillaume Gamelin (Meteo-France), for providing assistance in the quality checking of 

the high resolution radiosonde data of station Le Raizet, Guadeloupe, France. The authors are grateful to AERIS (https://www.aeris-

data.fr/), the French data and service centre for atmosphere, for providing the ERA5 reanalysis data. This work was developed in the 

framework of the VEGAN project supported by the CNRS program LEFE/INSU. 685 

References 

Bedka, S., R. Knuteson, H. Revercomb, D. Tobin, and D. Turner: An assessment of the absolute accuracy of the Atmospheric 

Infrared Sounder v5 precipitable water vapor product at tropical, midlatitude, and arctic ground‐truth sites: September 2002 

through August 2008, J. Geophys. Res., 115, D17310, doi:10.1029/2009JD013139, 2010.  

Bennartz, R., Höschen, H., Picard, B., Schröder, M., Stengel, M., Sus, O., Bojkov, B., Casadio, S., Diedrich, H., Eliasson, S., 690 

Fell, F., Fischer, J., Hollmann, R., Preusker, R., and Willén, U.: An intercalibrated dataset of total column water vapour 

and wet tropospheric correction based on MWR on board ERS-1, ERS-2, and Envisat, Atmos. Meas. Tech., 10, 1387–

1402, https://doi.org/10.5194/amt-10-1387-2017, 2017.  

Bock, O.: Reprocessed IWV data from ground-based GNSS network during EUREC4A campaign, 

https://doi.org/10.25326/79, 2020.  695 

Bock, O., C. Keil, E. Richard, C. Flamant, M.N. Bouin, Validation of precipitable water from ECMWF model analyses with 

GPS and radiosonde data during the MAP SOP, Q. J. R. Meteorol. Soc., 131, 3013–3036, 

https://dx.doi.org/10.1256/qj.05.27, 2005. 

Bock, O., M.-N. Bouin, A. Walpersdorf, J.P. Lafore, S. Janicot, F. Guichard, A. Agusti-Panareda: Comparison of ground-

based GPS precipitable water vapour to independent observations and Numerical Weather Prediction model reanalyses 700 

over Africa. Q. J. R. Meteorol. Soc., 133, 2011-2027, DOI: 10.1002/qj.185, 2007. 

Bock, O., Bosser, P., Bourcy, T., David, L., Goutail, F., Hoareau, C., Keckhut, P., Legain, D., Pazmino, A., Pelon, J., Pipis, 

K., Poujol, G., Sarkissian, A., Thom, C., Tournois, G., and Tzanos, D.: Accuracy assessment of water vapour measurements 

from in situ and remote sensing techniques during the DEMEVAP 2011 campaign at OHP, Atmos. Meas. Tech., 6, 2777–

2802, https://doi.org/10.5194/amt-6-2777-2013, 2013. 705 

Bock, O., P. Willis, J. Wang, and C. Mears: A high-quality, homogenized, global, long-term (1993–2008) DORIS precipitable 

water data set for climate monitoring and model verification, J. Geophys. Res. Atmos., 119, doi:10.1002/2013JD021124, 

2014. 



24 

 

Bock, O., Bosser, P., Flamant, C., Doerflinger, E., Jansen, F., Fages, R., Bony, S., and Schnitt, S.: Integrated water vapour 

observations in the Caribbean arc from a network of ground-based GNSS receivers during EUREC4A, Earth Syst. Sci. 710 

Data, 13, 2407–2436, https://doi.org/10.5194/essd-13-2407-2021, 2021. 

Bokoye, A. I., A. Royer, N. T. O’Neill, P. Cliche, L. J. B. McArthur, P. M. Teillet, G. Fedosejevs, and J.-M. Theriault: 

Multisensor analysis of integrated atmospheric water vapor over Canada and Alaska, J. Geophys. Res., 108(D15), 4480, 

doi:10.1029/2002JD002721, 2003. 

Bokoye, A. I., Royer, A., Cliche, P., & O’Neill, N.: Calibration of sun radiometer–based atmospheric water vapor retrievals 715 

using GPS meteorology, Journal of Atmospheric and Oceanic Technology, 24(6), 964-979, 2007. 

Buehler, S. A., Östman, S., Melsheimer, C., Holl, G., Eliasson, S.,John, V. O., Blumenstock, T., Hase, F., Elgered, G., 

Raffalski,U., Nasuno, T., Satoh, M., Milz, M., and Mendrok, J.: A multi-instrument comparison of integrated water vapour 

measurements at a high latitude site, Atmos. Chem. Phys., 12, 10925–10943, doi:10.5194/acp-12-10925-2012, 2012. 

Christensen, R.: Advanced linear modeling: multivariate, time series, and spatial data nonparametric regression and response 720 

surface maximization, 2nd Edition, Springer-Verlag New York, https://doi.org/10.1007/978-1-4757-3847-6, 2001. 

Cimini, D., Pierdicca, N., Pichelli, E., Ferretti, R., Mattioli, V., Bonafoni, S., Montopoli, M., and Perissin, D.: On the accuracy 

of integrated water vapor observations and the potential for mitigating electromagnetic path delay error in InSAR, Atmos. 

Meas. Tech., 5, 1015–1030, https://doi.org/10.5194/amt-5-1015-2012, 2012.  

Courcoux, N. and Schröder, M.: The CM SAF ATOVS data record: overview of methodology and evaluation of total column 725 

water and profiles of tropospheric humidity, Earth Syst. Sci. Data, 7, 397–414, https://doi.org/10.5194/essd-7-397-2015, 

2015.  

Dousa, J., and M. Elias (2014), An improved model for calculating tropospheric wet delay, Geophys. Res. Lett., 41, 4389–

4397, doi:10.1002/2014GL060271.  

Draper, N. R., and Smith, H.: Applied Regression Analysis (Wiley Series in Probability and Statistics), 3rd Edition, Wiley-730 

Interscience, 1998. 

Du, J., Kimball, J. S., and Jones, L. A.: Satellite microwave retrieval of total precipitable water vapor and surface air 

temperature over land from AMSR2, IEEE Transactions on Geoscience and Remote Sensing, vol. 53, no. 5, pp. 2520-

2531, doi: 10.1109/TGRS.2014.2361344, 2015. 

Edland, S. D., Bias in slope estimates for the linear errors in variables model by the variance ratio method, Biometrics, 52, 735 

243-248, 1996. 

ITU: Recommendation ITU-R P.835-6 (12/2017), Reference standard atmospheres, https://www.itu.int/dms_pubrec/itu-

r/rec/p/R-REC-P.835-6-201712-I!!PDF-E.pdf (last access: 4 Dec. 2021), 2017. 

Ho, S.-P., Peng, L., Mears, C., and Anthes, R. A.: Comparison of global observations and trends of total precipitable water 

derived from microwave radiometers and COSMIC radio occultation from 2006 to 2013, Atmos. Chem. Phys., 18, 259–740 

274, https://doi.org/10.5194/acp-18-259-2018, 2018.  

https://doi.org/10.1007/978-1-4757-3847-6
https://www.itu.int/dms_pubrec/itu-r/rec/p/R-REC-P.835-6-201712-I!!PDF-E.pdf
https://www.itu.int/dms_pubrec/itu-r/rec/p/R-REC-P.835-6-201712-I!!PDF-E.pdf


25 

 

Hocking, R. R.: A Biometrics Invited Paper. The analysis and selection of variables in linear regression. Biometrics, 32(1), 1–

49. https://doi.org/10.2307/2529336, 1976. 

Macdonald, J.R., and Thompson, W. J.: Least‐squares fitting when both variables contain errors: Pitfalls and possibilities, 

American Journal of Physics 60, 66-73, https://doi.org/10.1119/1.17046, 1992. 745 

Mandel, J.: Fitting straight lines when both variables are subject to error. Journal of Quality Technology 16(1), 1-14, 1984. 

Matlab version 9.3 (R2017b): Natick, Massachusetts: The MathWorks Inc.; 2017. 

Mears, C. A., J. Wang, D. Smith, and F. J. Wentz: Intercomparison of total precipitable water measurements made by satellite-

borne microwave radiometers and ground-based GPS instruments, J. Geophys. Res. Atmos., 120, 2492–2504, 

doi:10.1002/2014JD022694, 2015. 750 

Mears, C. A., Smith, D. K., Ricciardulli, L., Wang, J., Huelsing, H., & Wentz, F. J.: Construction and uncertainty estimation 

of a satellite-derived total precipitable water data record over the world’s oceans. Earth and Space Science, 5, 197–210. 

https://doi.org/10.1002/2018EA000363, 2018. 

Morland, J., M. A. Liniger, H. Kunz, I. Balin, S. Nyeki, C. Mätzler, and N. Kämpfer, Comparison of GPS and ERA40 IWV 

in the Alpine region, including correction of GPS observations at Jungfraujoch (3584 m), J. Geophys. Res., 111 , D04102, 755 

doi:10.1029/2005JD006043, 2006a. 

Morland, J., Deuber, B., Feist, D. G., Martin, L., Nyeki, S., Kämpfer, N., Mätzler, C., Jeannet, P., and Vuilleumier, L.: The 

STARTWAVE atmospheric water database, Atmos. Chem. Phys., 6, 2039–2056, https://doi.org/10.5194/acp-6-2039-2006, 

2006b. 

Morland, J., Collaud Coen, M., Hocke, K., Jeannet, P., and Mätzler, C.: Tropospheric water vapour above Switzerland over 760 

the last 12 years, Atmos. Chem. Phys., 9, 5975–5988, https://doi.org/10.5194/acp-9-5975-2009, 2009.  

Ning, T., Wang, J., Elgered, G., Dick, G., Wickert, J., Bradke, M., Sommer, M., Querel, R., and Smale, D.: The uncertainty of 

the atmospheric integrated water vapour estimated from GNSS observations, Atmos. Meas. Tech., 9, 79–92, 

https://doi.org/10.5194/amt-9-79-2016, 2016.  

O’Carroll, A. G., Eyre, J. R., & Saunders, R. W.: Three-way error analysis between AATSR, AMSR-E, and in situ sea surface 765 

temperature observations, Journal of Atmospheric and Oceanic Technology, 25(7), 1197-1207, 2008. 

Pałm, M., Melsheimer, C., Noël, S., Heise, S., Notholt, J., Burrows, J., and Schrems, O.: Integrated water vapor above Ny 

Ålesund, Spitsbergen: a multi-sensor intercomparison, Atmos. Chem. Phys., 10, 1215–1226, https://doi.org/10.5194/acp-

10-1215-2010, 2010. 

Parracho, A. C., Bock, O., and Bastin, S.: Global IWV trends and variability in atmospheric reanalyses and GPS observations, 770 

Atmos. Chem. Phys., 18, 16213-16237, https://doi.org/10.5194/acp-18-16213-2018, 2018.  

Press, WH, SA Teukolsky, WT Vetterling et BP Flannery: Numerical Recipes: The art of scientific computing, Cambridge 

University Press, 2007, 3rd Ed., 1235 p., ISBN 978-0-521-88068-8, 2007. 

https://doi.org/10.2307/2529336
https://doi.org/10.1119/1.17046


26 

 

Schneider, M., Romero, P. M., Hase, F., Blumenstock, T., Cuevas, E., and Ramos, R.: Continuous quality assessment of 

atmospheric water vapour measurement techniques: FTIR, Cimel, MFRSR, GPS, and Vaisala RS92, Atmos. Meas. Tech., 775 

3, 323–338, https://doi.org/10.5194/amt-3-323-2010, 2010.  

Schröder, M., Lockhoff, M., Forsythe, J. M., Cronk, H. Q., Vonder Haar, T. H., & Bennartz, R.; The GEWEX water vapor 

assessment: results from intercomparison, trend, and homogeneity analysis of total column water vapor, Journal of Applied 

Meteorology and Climatology, 55(7), 1633-1649, 2016. 

Schröder, M., Lockhoff, M., Shi, L., August, T., Bennartz, R., Brogniez, H., Calbet, X., Fell, F., Forsythe, J., Gambacorta, A., 780 

Ho, S.-p., Kursinski, E.R., Reale, A., Trent, T., Yang, Q. The GEWEX water vapor assessment: overview and introduction 

to results and recommendations. Remote Sens., 11, 251. https://doi.org/10.3390/rs11030251, 2019. 

Stoffelen, A.: Toward the true near-surface wind speed: Error modeling and calibration using triple collocation, J. Geophys. 

Res., 103( C4), 7755– 7766, doi:10.1029/97JC03180, 1998. 

Sussmann, R., Borsdorff, T., Rettinger, M., Camy-Peyret, C., Demoulin, P., Duchatelet, P., Mahieu, E., and Servais, C.: 785 

Technical Note: Harmonized retrieval of column-integrated atmospheric water vapor from the FTIR network – first 

examples for long-term records and station trends, Atmos. Chem. Phys., 9, 8987–8999, https://doi.org/10.5194/acp-9-8987-

2009, 2009.  

Van Malderen, R., Brenot, H., Pottiaux, E., Beirle, S., Hermans, C., De Mazière, M., Wagner, T., De Backer, H., and Bruyninx, 

C.: A multi-site intercomparison of integrated water vapour observations for climate change analysis, Atmos. Meas. Tech., 790 

7, 2487–2512, https://doi.org/10.5194/amt-7-2487-2014, 2014.  

Vogelmann, H., Sussmann, R., Trickl, T., and Borsdorff, T.: Intercomparison of atmospheric water vapor soundings from the 

differential absorption lidar (DIAL) and the solar FTIR system on Mt. Zugspitze, Atmos. Meas. Tech., 4, 835–841, 

https://doi.org/10.5194/amt-4-835-2011, 2011.  

Walpole, R. E., Myers, R. H., Myers, S. L., & Ye, K.: Probability and statistics for engineers and scientists (Vol. 5). New 795 

York: Macmillan, 9th Edition, ISBN-13: 9780321629111, 2012. 

Wentz, F. J.: A 17-Yr climate record of environmental parameters derived from the Tropical Rainfall Measuring Mission 

(TRMM) Microwave Imager, Journal of Climate, 28(17), 6882-6902, 2015. 

York, D., N. Evensen, M. Martinez, and J. Delgado: Unified equations for the slope, intercept, and standard errors of the best 

straight line, Am. J. Phys., 72, 367–375, 2004. 800 

  

https://doi.org/10.3390/rs11030251
https://doi.org/10.1029/97JC03180


27 

 

 

Table 1: Height above sea level and number of IWV estimates (N) for 15 GNSS stations over the Guadeloupe islands (62°W-

61°W, 15.75°N-16.75°N), for the period from 1 January to 29 February 2020 (Bock et al. 2021). 

 PPTG LDIS DEHA DESI MAGT BOUL ABMF ABD0 ABER GOSI FFE0 MAGA FNA0 CBE0 HOUE 

Height 

(m) 
1 4 5 11 13 14 15 20 25 49 53 62 122 374 418 

N 1281 1439 1423 1208 1439 1199 1438 1380 1209 1165 1439 1191 474 752 1429 

 805 
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Table 2: Median values and smallest absolute values for the bias, slope (or slope – 1), and offset of GNSS IWV inter-

comparisons after correction for the height difference using the proposed model (v2). Data cover the period from 1 January to 

29 February 2020. Slope and offset are estimated with the York et al. 2004, method. Bias and offset values significantly 810 

different from 0, and slope values significantly different from 1, are highlighted depending on their p-value (* ≤ 0.05, ** ≤ 

0.01). Two anomalous stations (BOUL and CBE0) with large bias and offset values, and slope deviating from one, are 

highlighted in bold.  

 

 PPTG LDIS DEHA DESI MAGT BOUL ABMF ABD0 ABER GOSI FFE0 MAGA FNA0 CBE0 HOUE 

Median value 

Bias 

(kg m-2) 
-0.21** -0.41** 0.51** -0.53** 0.03 -0.04 0.29** -0.42** -0.12 0.21** 0.50** 0.11 0.05 2.01** -0.31** 

Slope 1.011* 0.965** 1.021* 0.970* 0.993 1.120** 1.011 0.984 0.999* 0.997 1.012 1.020 0.983 0.940** 1.008 

Offset 

(kg m-2) 
-0.57 0.70 -0.10 0.46 0.05 -4.09** -0.16 -0.10 -0.10 0.18 0.10 -0.77 0.64 3.73** -0.48 

Smallest absolute value 

Bias 

(kg m-2) 

0.05 0.02 0.01 0.08 0.01 0.01 0.04 0.02 0.09 0.04 0.01 0.09** 0.07 1.56** 0.05 

Slope – 1 0.001 0.004* 0.002 0.004* 0.002 0.065** 0.003 0.002 0.006* 0.000 0.001 0.004 0.003 0.027* 0.000 

Offset 

(kg m-2) 

0.11 0.04 0.00 0.04 0.03 2.33** 0.11 0.00 0.10 0.07 0.06 0.07 0.15 2.57** 0.11 

 815 
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Table 3: Mean distance between GPS stations and the nearest MWR satellite grid-point within the 7 x 7 box surrounding each 

station (MWR grid resolution 0.25°x0.25°). Units: km. NA=not available. 

 

 PPTG LDIS DEHA DESI MAGT BOUL ABMF ABD0 ABER GOSI FFE0 MAGA FNA0 CBE0 HOUE 

AMSR2 40.0 20.0 20.7 20.0 46.3 26.3 20.5 42.4 41.5 45.5 42.1 45.7 30.8 41.1 21.0 

F18 80.1 NA 73.8 NA 77.1 NA 81.9 93.5 93.8 82.5 82.2 76.3 NA 82.0 NA 

GMI 38.8 20.5 11.7 20.5 21.2 12.7 18.5 40.5 40.3 42.5 40.5 20.4 28.1 29.7 18.3 

Windsat 40.8 20.5 22.3 20.5 47.3 29.2 40.2 54.8 54.8 46.6 43.0 46.5 31.5 44.5 21.7 

 820 
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Table C1: Monte Carlo tests of linear regression using the ordinary least-squares (OLS) and the York et al. (2004) method. In 

all simulated cases, the true slope is 1 and true offset is 0. Noise is simulated in both variables according to the standard 

deviation values indicated in the first two columns. Each data set was run for 105 simulations. The OLS method assumes noise 

is present only in the y variable. The York method accounts for errors in both variables, with uncertainties specified in the 3rd 825 

and 4th columns. The other columns report the mean and standard deviation (STD) of estimated parameters (bias, slope, and 

offset), and their mean standard errors (SE). The column “p<0.05” indicates the fraction of results that have p-values smaller 

than 0.05. The expected value for the latter is 0.05. Mean values and “p<0.05” values which differ significantly from the 

expected values are highlighted in bold. 

 830 

      OLS 


Simulated 

noise

Assumed 

noise 
Bias Slope  Offset 

 x y ux uy mean STD SE p<0.05 mean STD SE p<0.05 mean STD SE p<0.05 

1 0 1 0 1 -0.0005 0.1561 0.1533 0.0507 1.0000 0.0132 0.0131 0.0495 -0.0011 0.4272 0.4231 0.0501 

2 1 1 1 1 0.0001 0.2207 0.2165 0.0500 0.9934 0.0186 0.0184 0.0659 0.1991 0.5984 0.5950 0.0636 

3 1 1 4 1 0.0015 0.2203 0.2170 0.0574 0.9935 0.0185 0.0185 0.0644 0.1964 0.5973 0.5954 0.0619 

4 1 1 4 4 0.0000 0.2207 0.2167 0.0513 0.9934 0.0185 0.0185 0.0656 0.1983 0.5980 0.5955 0.0633 

5 4 1 1 1 0.0013 0.6445 0.6261 0.1833 0.9038 0.0453 0.0491 0.4922 2.8825 1.4823 1.5955 0.4343 

6 1 4 1 1 -0.0002 0.6450 0.6261 0.1358 0.9937 0.0545 0.0539 0.0515 0.1890 1.7580 1.7385 0.0516 

7 4 1 1 0.25 0.0031 0.6431 0.6326 0.0508 0.9038 0.0453 0.0491 0.4933 2.8833 1.4820 1.5955 0.4330 

8 1 4 0.25 1 -0.0026 0.6441 0.6325 0.0525 0.9937 0.0543 0.0539 0.0517 0.1870 1.7503 1.7379 0.0507 

9 5% 5% 5% 5% -0.0007 0.3567 0.3499 0.0512 0.9831 0.0311 0.0294 0.1021 0.5087 0.7585 0.9490 0.0370 

10 10% 10% 10% 10% 0.0001 0.7130 0.7005 0.0549 0.9359 0.0597 0.0567 0.2175 1.9362 1.4757 1.8371 0.1256 

 

     York fit 


Simulated 

noise

Assumed 

noise 
Slope Offset 

 x y ux uy mean STD SE p<0.05 mean STD SE p<0.05 

1 0 1 0 1 1.0000 0.0132 0.0131 0.0495 -0.0011 0.4272 0.4231 0.0501 

2 1 1 1 1 1.0001 0.0188 0.0185 0.0514 -0.0032 0.6040 0.5969 0.0517 

3 1 1 4 1 1.0063 0.0188 0.0187 0.0576 -0.1860 0.6045 0.6022 0.0560 

4 1 1 4 4 1.0001 0.0187 0.0185 0.0511 -0.0044 0.6038 0.5974 0.0508 

5 4 1 1 1 0.9530 0.0513 0.0504 0.1805 1.4073 1.6586 1.6340 0.1620 

6 1 4 1 1 1.0527 0.0565 0.0556 0.1404 -1.5818 1.8132 1.7890 0.1269 

7 4 1 1 0.25 1.0029 0.0552 0.0543 0.0516 -0.0906 1.7783 1.7518 0.0511 

8 1 4 0.25 1 1.0004 0.0546 0.0539 0.0516 -0.0155 1.7611 1.7386 0.0507 

9 5% 5% 5% 5% 1.0002 0.0245 0.0243 0.0498 -0.0047 0.5383 0.5326 0.0508 

10 10% 10% 10% 10% 1.0014 0.0498 0.0483 0.0543 -0.0298 1.0897 1.0605 0.0541 
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Figure 1: Illustration of the variation of IWV as a function of height in the case of an idealized moisture profile with exponential 

vertical decay with a rate 𝛾 = 4 ∙ 10−4 m-1 (scale height 1/𝛾 = 2.5 km); (a) 𝑦 = 𝑥 ∙ exp(−𝛾∆ℎ) as a function of 𝑥 for a fixed 

∆ℎ > 0; (b) bias,∆= 𝜇𝑦 − 𝜇𝑥, as a function of ∆ℎ (Eq. (3)); (c) slope, 𝛼, as a function of ∆ℎ (Eq. (4)). The slant dashed lines 835 

in (b) and (c) represent the thin layer approximations (last right-hand sides of Eqs. (3) and (4), respectively).  
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Figure 2: Real water vapour profiles observed by radiosonde station 78897 (Le Raizet, Guadeloupe, France): (a) monthly mean 840 

profiles for year 2020; (b) similar to (a) for altitudes below 5 km; (c) IWV scatter plot, with upper-level IWV plotted on the y-

axis, and total column IWV on the x-axis, for five different height differences, ∆ℎ=200, 400, 600, 800, 1000 m. The radiosonde 

data include 00UTC and 12UTC soundings. The colour code indicated in (a) is valid for all plots. 
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Figure 3: Monthly mean estimates computed from the radiosonde observations shown in Fig. 2c, for ∆ℎ=25 to 1000 m, by step 

of 25 m: (a, d) bias,∆, and relative bias, ∆ 𝜇𝑥⁄ ; (b, c) slope and offset parameters fitted from Eq. (B2) by ordinary least-squares; 850 

(e, f) standard errors of the slope and offset parameters. 
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Figure 4: Monthly estimates of the polynomial coefficients for the slope (a) and the offset (b), according to Eqs. (6a) and (6b), 

respectively, limited to order 1. The different curves show results for three different radiosonde stations (labelled by their 

WMO codes: 78897, 78954, and 78526) and two regression methods (OLS and WLS). The OLS and WLS results are almost 

superposed and are not labelled. Note that for station 78526 only two months of observations (January and February) were 860 

available in 2020. The error bars indicate the 95% confidence interval for each estimated parameter. 
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Figure 5: IWV correction error, 𝑥𝑖,𝑐 − 𝑦𝑖, with: (a) monthly coefficients, and (b) yearly coefficients, as a function of time and 865 

height difference, ∆ℎ=25..500 m. Both models used polynomials of order 5 and weighted least-squares estimation. The time 

is colour-coded in (a), while the height difference is colour coded in (b). The dots aligned in filaments correspond to a given 

time and varying ∆ℎ, in both plots. 
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Figure 6: Monthly mean bias (a) and standard deviation of the IWV correction error (b) with the monthly coefficients up to 

order 5 and WLS, and slope (c) and offset (d) parameters, 𝛼𝑐 and 𝛽𝑐, of the best linear fit after correction, 𝑦𝑖 = 𝛼𝑐𝑥𝑖,𝑐 + 𝛽𝑐, as 

a function of time and height difference. The colour code for time is the same as in Fig. 2. 875 
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Figure 7: scatter plots of IWV observations from two GPS stations at different elevations (HOUE, 418 m, and ABMF, 15 m), 880 

before correction (a, d), after correction with a simple scaling factor model (b, e), and after correction with the proposed model 

fitted from a radiosonde climatology (c, f). The slope and offset parameters were either fitted by an ordinary least-squares 

method (a, b, c) or by the York et al. (2004) method accounting for errors in both coordinates (d, e, f). The data cover the 

period from 1 January to 29 February 2020, with a temporal resolution of 1 hour. 

 885 
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Figure 8: Variation of (a, d) bias, (b, e) slope, and (c, f) offset estimated from pairs of GPS stations as a function of between-

station height difference, ∆ℎ. The blue dots correspond to the results before correction, and the red dots after correction, with: 890 

(a, b, c) the scaling model, v1, and (d, e, f) the proposed model fitted from a radiosonde climatology, v2. The results include 

105 inter-comparisons with positive height differences, from a total of 15 GPS stations located over the Guadeloupe islands, 

for the period from 1 January to 29 February 2020. The grey vertical lines indicate the stations which have elevations above 

50 m, namely: FNA0 (122 m), CBE0 (374 m), and HOUE (418 m), the comparisons of which are also highlighted by ellipses 

in Fig. 8d. 895 
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Figure 9: (a) bias, (b) slope – 1, and (c) offset estimated from all (210) pairs of GPS stations after correction with model v2, 900 

for the period from 1 January to 29 February 2020. The station names along the x-axis refer to comparisons when the stations 

are in x while the colour code indicates comparisons when the stations are in y. The bias is always reported as ∆= 𝜇𝑦 − 𝜇𝑥 

and the linear regression as 𝑦 = 𝛼 ∙ 𝑥 + 𝛽. For example, station CBE0 has a positive bias (red curve) when considered in y, 

while it has a negative bias when considered in x. The comparison results from Fig. 8 were transformed using ∆′ = 𝜇𝑥 − 𝜇𝑦, 

and 𝛼′ and 𝛽′ according to Eqs. (B4a) and (B4b), when necessary. 905 
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Figure 10: Bias, slope, and offset results for GPS – GPS comparisons (blue line = median of all GPS comparisons from Fig. 9, 

except for the full year here) and for GPS – MWR comparisons from four different satellites (AMSR2, F18, GMI, and 910 

WINDSAT; black dashed line = mean of all satellite results), for all of year 2020. Slope and offset are estimated with York et 

al. (2004) method. Bias and offset values significantly different from 0, and slope values significantly different from 1, are 

marked with a circle (p-value ≤ 0.01). Pearson correlation coefficients between GPS – GPS and mean GPS – MWR results are 

indicated in the lower left angle of each plot.  
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 915 

Figure B1: Illustration of different cases of paired observations with perfect scaling (𝜶 = 1), imperfect scaling (𝜶 > 1 or 𝜶< 

1), and positive or negative bias (∆> 𝟎 or ∆< 𝟎). Each case has a different implication on the offset parameter 𝜷 obtained 

from a linear regression with the model 𝒚 = 𝜶𝒙 + 𝜷. The regression lines are shown as dashed lines, with red colour indicating 

negative offsets and blue colour indicating positive offsets. The 1:1 lines are shown as black solid lines. The distributions of 

data around the regression lines are represented schematically by the red and blue ellipses. 920 
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Figure C1: Monte Carlo tests of linear regression using the ordinary least-squares (OLS) and the York et al. (2004) method. 

The plots show the distributions of slope, offset, and respective p-values from the hypothesis tests (H0: slope equal to one, and 925 

H0: offset equal to zero, respectively). The dotted vertical lines indicate the mean values. Mean and standard deviation are 

reported in each plot. The true slope is 1 and the true offset is 0. (a-d) correspond to case n°5 from Table C1, and (e-h) 

correspond to case n°7. Each case is computed from 105 simulations (see Appendix C for further details).  

 


