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Important Data Characteristics:
. Water vapor is calculated as a fraction, the x-axis for the water vapor profile is a percent |1 Improved tropospheric water vapor sounding as shown in figure 8d
« Water vapor expressed on a log-scale with height difference.
2. Water vapor sounding improved by about 5-15%
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3. Temperature sounding improved by about 0.2-2 K

 Each pressure level is composed of 9118 data points
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Figure 6 - Horizontal cross-sections at 840 hPa of hurricane Felicia at 24hr. Both
figures (a and b) are the bias calculations of ATMS and HyMS, respectively, from the
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This algorithm takes the CRTM output (which is in brightness temperature) and calculates
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