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 10 

The 2022 globally averaged lower-tropospheric temperature (LTT) anomaly was +0.26°C (+0.17 11 

to +0.37°C) higher than the 1991–2020 average, ranking among the nine warmest years on 12 

record (fourth to ninth warmest, depending on the dataset). Long-term warming of the 13 

troposphere is consistent with our understanding of greenhouse warming. Other factors, such as 14 

volcanic eruptions, decadal variability, and solar activity also modulate the long-term warming 15 

trend (Christy and McNider 2017; Po-Chedley et al. 2022). Interannual variations in global LTT 16 

are dominated by the El Niño-Southern Oscillation, which has largely been in a La Niña state 17 

since August 2020 (see section 4b; Figs. 2.b.5.1a,b). As with the year 2021, the depression of 18 

atmospheric temperature due to La Niña combined with the background warming trend (Table 19 

2.b.5.1) produced a year that was warmer-than-average, but not record-breaking.  20 

 21 

La Niña events are accompanied by a distinct pattern of tropospheric temperature anomalies, 22 

which are evident in the annual average departures in both 2022 (Plate 2.1) and 2021 (see Plate 23 
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2.1f in Blunden and Boyer 2022). La Niña conditions over late 2021 through 2022 contributed to 24 

record-breaking LTT values over the North and South Pacific Ocean, China, and parts of South 25 

Asia. Persistent summertime heatwaves during June to August contributed to record-breaking 26 

tropospheric temperatures over Europe in 2022. Large positive total column water vapor 27 

anomalies were collocated with the anomalous tropospheric warmth (Plate 2.1.z; section 2.d.2). 28 

Overall, the global LTT was above average across 70% of the globe, with 6% of Earth 29 

experiencing the highest temperatures since the start of the record in 1979 (Plate 2.1; Fig. 30 

2.b.5.1c). In contrast, 1% of Earth experienced its coldest year on record.  31 

 32 

Atmospheric temperature data are derived from balloon-borne radiosonde measurements, 33 

satellite-based microwave soundings, and atmospheric reanalyses (Table 2.b.5.1). Each dataset 34 

employs different strategies to remove biases and drifts from sources of atmospheric temperature 35 

data. Across datasets and measurement techniques, there is good agreement on interannual 36 

timescales (Fig. 2.b.5.1a; Supp. Fig. A2.b.5), but structural uncertainty leads to non-negligible 37 

difference in long-term warming trends (Table 2.b.5.1).  38 

 39 

One issue in the construction of tropospheric temperature microwave records is that short-term 40 

trends from overlapping satellites do not always agree after estimated biases are removed. For 41 

example, tropospheric warming inferred from the Microwave Sounding Unit (MSU) onboard the 42 

NOAA-14 satellite exceeds that from Advanced MSU (AMSU) data from NOAA-15. Reliance 43 

on data from NOAA-14 (NOAA-15) results in larger (smaller) estimates of tropospheric 44 

warming (Mears and Wentz 2016; Santer et al. 2021). A new version of the NOAA STAR 45 

dataset treats data from the latest microwave sounding instruments (AMSU and the Advanced 46 
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Technology Microwave Sounder) as a reference with which to calibrate earlier data from earlier 47 

MSU instruments (Zou et al. 2021, 2023). This decision has the effect of substantially reducing 48 

global TTT warming over 1979 to 2021 (from 0.23°C decade−1 to 0.14°C decade−1; Zou et al. 49 

2023). Changes in the estimated rate of warming of a few hundredths of a degree per decade are 50 

common when tropospheric temperature datasets are updated. These changes illustrate the 51 

challenges and pronounced structural uncertainty in constructing records of tropospheric 52 

warming.  53 

 54 

General circulation models (GCMs) tend to simulate greater tropospheric warming than satellite 55 

observations over 1979 to present, particularly in the tropics (McKitrick and Christy 2020; Po-56 

Chedley et al. 2021; Zou et al. 2023). Observed tropical sea surface warming, which is closely 57 

coupled to tropospheric warming, is also smaller than the average warming in GCMs (Eyring et 58 

al. 2021). Two factors likely contribute to faster-than-observed model warming: biases in the 59 

prescribed model forcing and biases in the GCM response to greenhouse gas forcing. For 60 

example, Fasullo et al. (2022) shows that a discontinuity in the biomass-burning aerosol forcing 61 

prescribed to models in Phase 6 of the Coupled Model Intercomparison Project (CMIP6) results 62 

in inflated warming in version 2 of the Community Earth System Model—an issue that may 63 

affect other CMIP6 GCMs. Several GCMs also exceed the likely range of estimates of climate 64 

sensitivity (Forster et al. 2021)—the global surface warming response to a doubling of 65 

atmospheric carbon dioxide—which in turn contributes to overestimates of historical warming 66 

(Scafetta 2023). Multidecadal internal variability has also reduced observed warming since 1979 67 

(Po-Chedley et al. 2022), which contributes to the difference between observed and simulated 68 
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warming. Aside from these factors, it is also possible that observational biases may affect 69 

observed tropospheric warming (Santer et al. 2021).  70 

 71 
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Tables 181 

Table 2.b.5.1. Temperature trends (units of °C decade−1) for global lower tropospheric 182 
temperature (LTT) and tropical tropospheric temperature (TTT) over the periods 1958–2022 and 183 
1979–2022. NASA MERRA-2 data begins in 1980 and NOAA STAR v5.0 TLT begins in 1981. 184 
UW and NOAA STAR do not produce LTT products. 185 
   LTT (90°S–90°N) TTT (20°S–20°N) 

Start Year 1958 1979 1958 1979 

Radiosonde NOAA RATPAC vA2 
(Free et al. 2005) 

0.18 0.22 0.17 0.18 

RAOBCORE v1.9 
(Haimberger et al. 2012) 

0.16 0.17 0.13 0.15 

RICH v1.9  
(Haimberger et al. 2012) 

0.18 0.20 0.18 0.19 

Satellite UAH v6.0 
(Spencer et al. 2017) 

– 0.13[1] – 0.12 

RSS v4.0 
(Mears and Wentz, 
2016) 

– 0.21 – 0.16 

UW v1.0 
(Po-Chedley et al. 2015) 

– – – 0.16 

NOAA STAR v5.0 
(Zou et al. 2023) 

– 0.13[1] – 0.10 

Reanalysis ERA5 
(Hersbach et al. 2020) 

– 0.18 – 0.15 

JRA-55 
(Kobayashi et al. 2015) 

0.17 0.18 0.16 0.14 

NASA MERRA-2 
(Gelaro et al. 2017) 

– 0.19 – 0.17 

Median 0.17 0.18 0.16 0.15 
[1] The vertical sampling in UAH and STAR LTT is slightly different from other datasets and results in temperature 186 
trends that are approximately 0.01°C decade−1 smaller than other datasets. 187 
 188 

 189 

 190 

 191 

 192 

 193 
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Figures 194 

 195 

Plate 2.1. Annual average of RSS and UAH lower-tropospheric temperature anomalies for 2022. 196 

Hatching denotes regions in which 2022 was the warmest year on record. 197 

 198 
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 199 

Fig. 2.b.5.1. Time series of (a) global average lower tropospheric temperature (LTT; °C) 200 

anomalies, (b) central Pacific (Niño 3.4 region) sea surface temperature anomalies (°C), and (c) 201 

percentage of Earth experiencing record high (red) and low (blue) LTT values, according to RSS 202 

and UAH LTT datasets for the period 1979–2022. Bold lines in (a) represent the annual average 203 

values (across datasets) for reanalysis (teal) and satellite (blue) data. Monthly values for 204 

individual datasets are also plotted with thinner and lighter lines for context. The climatological 205 

base period for (a) and (b) is 1991–2020. Niño 3.4 anomalies are calculated using the HadISST1 206 

dataset (Rayner et al. [2003]). STAR data is not included in the satellite LTT time series because 207 

the time series begins in 1981 (versus 1979 for RSS and UAH data).  208 
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 209 

Fig. A2.b.5.1. Monthly average global lower tropospheric temperature (LTT) anomalies for (a) 210 

radiosonde, (b) satellite, and (c) reanalysis datasets. Time series are smoothed using a 12-month 211 

running average. Annual averages are displayed for the RATPAC dataset. Anomalies are with 212 

respect to a 1991–2020 base period. 213 

 214 

 215 

 216 

 217 
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Datasets 218 

RATPAC vA2: https://www1.ncdc.noaa.gov/pub/data/ratpac/ 219 

RICH v1.9: https://srvx1.img.univie.ac.at/webdata/haimberger/v1.9/ 220 

RAOBCORE v1.9: https://srvx1.img.univie.ac.at/webdata/haimberger/v1.9/ 221 

UAH v6.0: https://www.nsstc.uah.edu/data/msu/v6.0/ 222 

UW v1.0: https://pochedls.github.io/ 223 

RSS v4.0: http://www.remss.com/measurements/upper-air-temperature/ 224 

NOAA STAR v5.0: 225 

https://www.star.nesdis.noaa.gov/pub/smcd/emb/mscat/data/MSU_AMSU_v5.0/Monthly_Atmos226 

pheric_Layer_Mean_Temperature/  227 

MERRA-2: https://gmao.gsfc.nasa.gov/reanalysis/MERRA-2/data_access/ 228 

JRA-55: https://rda.ucar.edu/datasets/ds628.1/ 229 

ERA5: https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels-230 

monthly-means 231 

Niño 3.4 data: https://psl.noaa.gov/gcos_wgsp/Timeseries/Nino34/  232 
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