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Pronounced Impact of Salinity on Rapidly 
Intensifying Tropical Cyclones
Karthik Balaguru, Gregory R. Foltz, L. Ruby Leung, John Kaplan, Wenwei Xu, 
Nicolas Reul, and Bertrand Chapron

ABSTRACT: Tropical cyclone (TC) rapid intensification (RI) is difficult to predict and poses a formi-
dable threat to coastal populations. A warm upper ocean is well known to favor RI, but the role 
of ocean salinity is less clear. This study shows a strong inverse relationship between salinity and 
TC RI in the eastern Caribbean and western tropical Atlantic due to near-surface freshening from 
the Amazon–Orinoco River system. In this region, rapidly intensifying TCs induce a much stronger 
surface enthalpy flux compared to more weakly intensifying storms, in part due to a reduction in 
SST cooling caused by salinity stratification. This reduction has a noticeable positive impact on 
TCs undergoing RI, but the impact of salinity on more weakly intensifying storms is insignificant. 
These statistical results are confirmed through experiments with an ocean mixed layer model, 
which show that the salinity-induced reduction in SST cold wakes increases significantly as the 
storm’s intensification rate increases. Currently, operational statistical–dynamical RI models do 
not use salinity as a predictor. Through experiments with a statistical RI prediction scheme, it is 
found that the inclusion of surface salinity significantly improves the RI detection skill, offering 
promise for improved operational RI prediction. Satellite surface salinity may be valuable for this 
purpose, given its global coverage and availability in near–real time.
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Rapid intensification (RI) of tropical cyclones (TCs), defined as the 95th percentile of 24-h 
over-water intensity changes, or an increase in intensity of at least 30 kt (1 kt ≈0.51 m s−1)  
in a 24-h period, is extremely difficult to predict. The challenge is at the forefront of 

operational TC forecasting (Gall et al. 2013). Considering that all category 4 and 5 TCs in the 
Atlantic undergo RI during their lifetimes (Kaplan and DeMaria 2003), the significance of 
RI is disproportionately high relative to the low chance of occurrence (Lee et al. 2016). The 
hyperactive 2017 Atlantic TC season was extremely destructive, with several intense TCs 
making devastating landfalls after undergoing RI (Rahmstorf 2017; Balaguru et al. 2018; 
Klotzbach et al. 2018). In 2018, TCs Florence and Michael underwent unanticipated explosive 
RI in the eastern Atlantic and in the Gulf of Mexico, before impacting the Carolinas and 
the Florida panhandle, respectively (Avila 2019). More recently, in August 2019 TC Dorian 
underwent RI to the north of the Caribbean Sea before scything through the Bahamas. 
With RI of TCs projected to rise in coastal regions just before landfall under climate change 
(Emanuel 2017), there is a critical need to improve our understanding of the phenomenon.

TCs intensify by extracting heat energy from the ocean. Sea surface temperature (SST) 
under the core of the storm, and processes that govern its evolution, therefore play a critical 
role in TC intensification (Emanuel 1999; Cione and Uhlhorn 2003). When over the ocean, 
a TC’s intense winds induce vertical mixing and sea surface cooling that acts as a negative 
feedback on the storm’s intensity, causing upper-ocean density stratification to affect the 
storm’s intensification (Price 1981; Bender and Ginis 2000; Cione and Uhlhorn 2003). While 
some studies suggest that processes typically favoring TC intensification are also responsible 
for RI (Kowch and Emanuel 2015), others indicate that we need to improve our understanding 
of mechanisms governing RI (Rozoff and Kossin 2011).

For operational forecasting of RI, some of the best performing models are statistical 
(Kaplan et al. 2015). In these models, environmental parameters that influence RI are com-
bined using statistical techniques such as linear discriminant analysis, logistic regression, 
or Bayesian methods in order to predict the chance of RI occurrence (Kaplan et al. 2010; 
Rozoff and Kossin 2011; Kaplan et al. 2015). Typically, SST and tropical cyclone heat poten-
tial (TCHP), metrics for the warmth of the ocean surface and the depth of the warm water 
reservoir (Shay et al. 2000), respectively, are used to represent the ocean in these models 
(Kaplan et al. 2010, 2015). Though SST and TCHP include effects of upper-ocean thermal struc-
ture, they do not incorporate salinity impacts on ocean stratification (Balaguru et al. 2015). 
This leads to the following question: Does salinity play a role in RI? In the western tropical 
Atlantic, near-surface ocean stratification is substantially enhanced by the freshwater lens 
of the Amazon–Orinoco River system, which acts to inhibit TC-induced oceanic mixing 
and SST cooling (Balaguru et al. 2012; Grodsky et al. 2012). While several previous studies 
have shown varying degrees of salinity impact on TC intensification (Balaguru et al. 2012; 
Grodsky et al. 2012; Reul et al. 2014; Newinger and Toumi 2015; Androulidakis et al. 2016; 
Yan et al. 2017; Rudzin et al. 2019; Hlywiak and Nolan 2019), its specific role in RI has not 
been evaluated.

Irma, the strongest TC from the 2017 Atlantic TC season based on maximum sustained 
winds, reached a peak intensity of 155 kt and maintained category 5 strength longer than any 
other TC in the world (Rahmstorf 2017; Klotzbach et al. 2018). Between 4 and 6 September, 
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Irma underwent a phase of RI to the east of the Caribbean Islands before making destructive 
landfalls in the Leeward Islands of the West Indies, Cuba, and the Florida Keys. The upper-
ocean state just before TC Irma formed on 30 August suggests that as the storm moved west 
of 50°W, it encountered an increasingly favorable ocean (Figs. 1a,b). SSTs exceeded 28°C and 
TCHP was higher than 50 kJ cm−2 in much of the western Atlantic. The largest values of SST 
and TCHP, exceeding 29°C and 100 kJ cm−2, respectively, were found in the northwestern  
Caribbean Sea and near the entrance to the Gulf of Mexico. The spatial variability of sea sur-
face salinity (SSS), on the other hand, is dominated by the freshwater plume of the Amazon– 
Orinoco River system, stretching approximately from 50° to 70°W and from the South American 
coast to 25°N (Fig. 1c). Irma appears to have traversed the plume when it underwent RI. The 
storm commenced strengthening just to the west of 50°W and subsequently entered a phase 
of RI, centered around 55°W, where it increased in intensity from category 3 to category 5 
(Fig. 1c). During this period, SST and TCHP increased by about 1°C and 30 kJ cm−2, respec-
tively (Figs. 1d,e). However, the TC also encountered nearly a 2 psu drop in salinity between 
50° and 55°W when it underwent RI (Fig. 1f).

Matthew, the most powerful TC from the 2016 season (Stewart 2017), also appears to have 
undergone RI over low-salinity plume waters to the north of Venezuela in the Caribbean Sea 
[see Figs. ES1a,b in the online supplemental material (https://doi.org/10.1175/BAMS-D-19-0303.2)]. 
A brief examination of along-track conditions for Gonzalo (2014), a category 4 TC that caused 
widespread destruction in the Leeward Islands and Bermuda, indicates that it also underwent 

Fig. 1. (a) SST (°C) and (b) TCHP (kJ cm−2) on 29 Aug, and (c) SSS (psu) averaged between 19 and 
27 Aug, with the track of TC Irma (2017), color coded by its intensity, overlaid. The legend shown 
above (a) corresponds to the strength of Irma based on the Saffir–Simpson hurricane wind scale. 
SST is from the satellite-based REMSS product, TCHP is based on HYCOM, and SSS is obtained 
from SMOS satellite. Along-track (d) SST (°C), (e) TCHP (kJ cm−2), and (f) SSS (psu) for TC Irma. The 
circles in (d)–(f) represent the 24-h intensity change at various 6-h locations, with black denoting 
non-RI and color denoting RI. The legend shown above (d) corresponds to the magnitude of 24-h 
intensity change experienced by Irma.
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RI while over the freshwater plume near Puerto Rico (Figs. ES1c,d; Domingues et al. 2015). 
Similarly, Igor, an intense category 4 TC from the 2010 season likely intensified rapidly over 
the northern tip of the Amazon River plume (Reul et al. 2014). Hence, this preliminary ex-
amination of a few TCs raises the following question: Can the influence of the ocean on RI be 
attributed mostly to the upper-ocean thermal structure, or does salinity also play an important 
role? In this study, using a combination of observations and numerical model simulations, 
we explore the potential role of salinity in RI.

Methods
Data. Atlantic TC best track data (HURDAT2) for the period 2002–18, obtained from the Na-
tional Hurricane Center (www.nhc.noaa.gov; Landsea and Franklin 2013), are used to identify 
storm locations and to derive TC intensification rates. We use daily optimally interpolated SST  
from Remote Sensing Systems (www.remss.com) for the period 2002–18 at a 9 km spatial reso-
lution to estimate prestorm SST (defined as SST three days before the storm’s arrival) and 
TC-induced cold wakes or SST cooling (estimated as the difference between SST on the day 
of the TC and the prestorm SST) along the storms’ tracks. This product combines data from 
all available infrared and microwave satellites. Daily objectively analyzed air–sea fluxes 
(OAFlux; Yu et al. 2008), obtained from http://oaflux.whoi.edu for the period 2002–18, are used 
to estimate the enthalpy flux at the air–sea interface under TCs. Enthalpy flux is computed 
as the sum of latent and sensible heat fluxes on the day of the TC. Although the product is 
available at a spatial resolution of 1°, it has been used to understand air–sea heat fluxes 
under TCs previously (Balaguru et al. 2012). All data are obtained beginning in 2002, when 
the satellite-based Remote Sensing Systems SST data are made available.

Along-track TCHP is calculated using vertical ocean temperature profiles from HYCOM Global 
Ocean Forecast System version 3.1 reanalysis (Chassignet et al. 2007). In addition to TCHP, 
prestorm ocean temperature and salinity profiles are used to calculate ocean density, tem-
perature, and salinity stratification along TC tracks. HYCOM reanalysis is available at 3-hourly 
frequency and at an eddy-resolving 8 km spatial resolution from www.hycom.org. The vertical 
resolution in the upper 100 m varies from 2 to 10 m, with higher resolution close to the surface. 
We extract data at daily frequency for our calculations. As for prestorm SST, various parameters 
are obtained from HYCOM three days before the storm’s arrival. To validate our main results 
based on HYCOM, we use vertical ocean temperature and salinity profiles from version 3.4.2 of 
the Simple Ocean Data Assimilation (SODA) reanalysis (Carton et al. 2018), available at a 0.5° 
spatial resolution and as 5-day means from www.soda.umd.edu. In the upper 100 m, the verti-
cal resolution is approximately 10 m. TCHP, ocean stratification, and SSS are obtained from 
SODA over the 5-day period prior to the storm’s arrival. The HYCOM and SODA 3.4.2 reanalyses 
are available for the periods 1994–2015 and 1980–2017, respectively. In this study, data are 
used beginning in 2004 since the availability of Argo floats makes estimates of the ocean sub-
surface more reliable over this period (Baker et al. 2019). Nine-day mean SSS measurements 
from the Soil Moisture and Ocean Salinity (SMOS) satellite (Boutin et al. 2017), available from  
www.catds.fr at a resolution of 0.25° and for the period 2010–17, are used to estimate prestorm 
ocean salinity along TC tracks. These data are used to provide an independent validation of 
HYCOM, and to show the potential value of satellite SSS for prediction. Prestorm SSS is calcu-
lated as the SSS averaged over the 9-day period prior to the storm. Note that the time periods 
for various datasets differ slightly in order to maximize the data used for different analyses.

We explore the impact of salinity on vertical mixing and thus TC-induced SST cool-
ing by using the Price–Weller–Pinkel (PWP) one-dimensional ocean mixed layer model 
(Price et al. 1986). Model input data are composed of 20 Argo float temperature and salinity 
profiles within the region 10°–20°N, 70°–50°W during August–October 2016–18 (“PWP 
model experiments” section).
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Developmental data for various predictors of the Statistical Hurricane Intensity Prediction 
Scheme Rapid Intensification Index (SHIPS-RII) were obtained from http://rammb.cira.colostate.
edu/research/tropical_cyclones/ships/developmental_data.asp. These data describe the large-scale TC 
environment and are derived from gridded operational global analyses (DeMaria et al. 2005). 
We combine these developmental data and salinity with a statistical model (“Significance 
of salinity for RI prediction” section) to understand the value of salinity for predicting RI.

Calculations. TCHP is calculated as the integral of the temperature from the surface to the 
depth of the 26°C isotherm:

	 ( )[ ]ρ= −∫
Z26

0

TCHP 26pC T z dz ,� (1)

where ρ is the seawater density, Cp is the seawater specific heat capacity, T(z) is the sea-
water temperature as a function of water depth, and Z26 is the depth of the 26°C isotherm 
(Shay et al. 2000). Temperature, salinity, and density stratification are defined as the differ-
ence between the respective variable at a depth of 100 m and the surface value. The above 
calculations are performed using data from HYCOM and SODA. Track locations contaminated 
with land effects are excluded from our analysis. Intensity change over a period is calculated 
as the difference between the intensity at the end of that period and the initial intensity.

PWP model experiments. The forcings for the PWP model are the surface heat and mois-
ture fluxes, which here are set to zero throughout the model integrations, and wind stress 
(Balaguru et al. 2015). The model’s mixed layer entrains successively deeper water until the 
bulk Richardson number exceeds 0.65. Vertical mixing is then performed beneath the mixed 
layer until the gradient Richardson number between each level is greater than 0.25.

The model was initialized with vertical profiles of temperature and salinity from Argo floats 
in the western tropical Atlantic and eastern Caribbean Sea (10°–20°N, 50°–70°W) during 
August–October 2016–18. Based on a decorrelation length scale for salinity in the western 
tropical Atlantic of about 3° (Sena Martins et al. 2015), we chose 20 profiles to approximately 
represent the range of salinity conditions found in this region. Most of the 20 included pro-
files exhibit strong salinity stratification in the upper 50 m. Two sets of experiments were 
conducted, each initialized with one of the 20 Argo profiles. The first set of experiments was 
initialized with observed temperature and salinity, the second with observed temperature 
and vertical mean salinity at every depth. In addition, we varied the model’s wind forcing 
to test the impact of intensification rate on salinity-induced SST cooling as described below.

The model was forced with winds from TCs with idealized surface circulations: The sur-
face wind field was assumed to be axisymmetric, with the wind speed a function only of the 
storm’s maximum wind speed, radius of maximum winds (rm), and distance from the storm’s 
center (DeMaria 1987) as follows:

	
( )

        = −           

1
exp 1

b

m

m m

r r
V r V

r b r
.� (2)

Here, V(r) is the tangential wind as a function of distance r from the storm center and rm is 
the radius of maximum tangential winds (Vm). We used a constant value of 0.9 for b in this 
equation, giving a radius of 23 kt (12 m s−1) winds of ~200 km. For all simulations, an rm of  
50 km was used. With these parameters and the storm’s translation speed of 5 m s−1 (9.7 kt), the 
wind speed was calculated as a function of time along a north–south axis running through 
the storm’s center while accounting for the translation velocity. As the storm moves north-
ward, the wind speed therefore increases from 25 kt to wtot =	#𝑤𝑤! + 9.7!  as the northern 
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eyewall passes, where w is the storm’s maximum rotational wind speed in knots and wtot is 
the magnitude of the vector sum of the maximum rotational velocity and translation veloc-
ity. The wind speed then goes to zero in the eye and back up to wtot in the southern eyewall, 
here referred to as the second rm.

We performed a control simulation in which the maximum wind was set to 60 kt, the ap-
proximate mean intensity of all TCs in the western tropical Atlantic (10°–30°N, 60°–100°W). 
We then conducted an experiment in which the wind profile was decreased linearly along 
the track (starting with no change at t = 0) so that the maximum wind speed at the second 
rm, located 250 km, or about 14 h, from the start of the integration, was 40 kt. A similar ex-
periment was conducted so that the maximum wind speed at the second rm was 20 kt. The 
percentage reduction in wind speed was held constant from the second rm until the end of 
the integration time period, which was 24 h. Similar experiments were performed in which 
the maximum wind was increased to either 80 or 100 kt. In total, 200 model runs were per-
formed (20 different initial profiles, each with observed and vertical mean salinity, and for 
five different TC wind scenarios).

Significance of salinity for RI prediction. To quantify the relevance of salinity for RI, we 
perform binary classification using the statistical scheme of logistic regression. A statisti-
cal binary classification model combines several parameters to predict a binary-dependent 
variable, which in this case is the occurrence of RI. The SHIPS-RII predictors used are previ-
ous 12-h intensity change or persistence (PER), 850–200 hPa vertical wind shear within a 
500 km radius after vortex removal (SHRD), 200 hPa divergence within a 1,000  km radius 
(D200), percent areas with total precipitable water <45 mm within a 500 km radius and ±45° 
of the upshear SHIPS wind direction (TPW), second principal component of GOES-IR imagery 
within a 440 km radius (PC2), standard deviation of GOES-IR brightness temperature within a 
50–200 km radius (SDBT), potential intensity (POT), TCHP, inner-core dry-air predictor (ICDA), 
and initial intensity (VMX0) (Kaplan et al. 2015). These 10 predictors are available for each 
6-hourly TC track location. Among them, SHRD, D200, POT, TCHP, and ICDA are averaged 
over the 24-h forecast period (Kaplan et al. 2015). Two sets of predictions are performed: one 
using only these 10 predictors, the other including SSS as an additional predictor.

First we divide the dataset, which contains the various SHIPS-RII predictors and SSS es-
timated for the corresponding 6-hourly locations, into two subsets: one for cases in which 
TCs underwent RI and another for cases in which TCs did not undergo RI. Next we choose 
fractions of the data from the two subsets (specified later in this section) and combine them 
into the training set. The remaining data from the two subsets are then combined into a test 
set. We train the classification model on the training set and use the trained model to make 
predictions for the test set.

Based on the predictions for the test set, we estimate the skill of the model using four 
different metrics: probability of detection (POD), false alarm ratio (FAR), area under the 
receiver operating characteristic (AUROC), and the Brier score (BS). A true positive (TP) is 
defined as a situation when the model correctly predicts the occurrence of RI. A true nega-
tive (TN) is defined as a situation when the model correctly predicts the nonoccurrence of 
RI. A false positive (FP) is defined as an event where the model incorrectly predicts that an 
RI will occur, while a false negative (FN) is defined as an event where the model incorrectly 
predicts that an RI will not occur. With these definitions, the various metrics used to assess 
the model (www.cawcr.gov.au/projects/verification/) are calculated as follows. The POD indi-
cates the number of correctly predicted RI events out of the total number of actual RI events  
[TP/(TP + FN)]. The FAR represents the number of times RI was wrongly predicted to occur 
out of the total number of times the model predicted RI [FP/(TP + FP)]. AUROC, obtained by 
plotting the false positive rate [FP/(FP + TN)] on the x axis and the true positive rate (POD) 
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on the y axis, represents the ability of the model to separate the occurrence and nonoccur-
rence of RI. Finally, the BS is estimated as the mean squared difference between predicted 
probabilities and actual outcomes (Wilks 2011). Higher values of POD and AUROC, and lower 
values of FAR and BS indicate more skill.

To test model sensitivity, we use three different fractions of the data for the training set 
(55%, 60%, and 65%). In each case, we first use the various SHIPS-RII predictors as features 
to make predictions. Next, we include SSS along with those predictors to predict RI. All fea-
tures are scaled between 0 and 1 before use in the model (Kaplan et al. 2010). If the inclusion 
of SSS increases the POD and AUROC and decreases the FAR and BS, then salinity is said to 
have improved the model performance. A Student’s t test for difference of means is used to 
ascertain the statistical significance of the improvement in prediction. The Logistic model has 
been implemented using the “Scikit-learn” machine learning library in the Python program-
ming language (http://scikit-learn.org). When implementing the model, we use the condition that 
the class weights are “balanced,” which ensures that the weights are inversely proportional 
to the class frequencies. In other words, the model is penalized more when it fails to predict 
an RI event when compared to a non-RI event. Using this approach allows the model to be 
trained for handling relatively rare events such as RI.

We first use the SHIPS-RII predictors along with SSS from HYCOM for the 12-year period 
2004–15. Next, to assess the value of satellite salinity for RI prediction, and to serve as an 
independent validation, we perform the same analysis using salinity from SMOS for the 
period 2010–17.

Results
We begin by examining the role of the ocean in TC intensification, focusing on RI. The domain 
of analysis is the region from 40° to 100°W and from 10° to 30°N. Nearly 90% of all locations 
where TCs underwent RI during the period 2002–18 are found in this domain, making it ap-
propriate for our analysis. Figure 2a shows the anomalous mean prestorm SSTs, anomalous 
mean TC cold wakes, and anomalous mean enthalpy fluxes at the air–sea interface for various 
intensification rate thresholds. For instance, the anomalous mean SST corresponding to a 
threshold of 5 kt (24 h)–1 represents the difference between the mean SST for all 6-hourly track 
locations where the storm intensified by 5 kt or higher in 24 h and the SST averaged over all 
6-hourly track locations. Similarly, the anomalous mean TC cold wake represents the mean 
SST cooling over all locations where the intensification rate exceeds a value minus the mean 
SST cooling over all locations. When computing the anomalous mean, we subsample data 
so that the initial intensity of the storm and its translation speed are statistically indifferent 
between the two sets. In other words, data are selected such that ranges for storm strength 
and forward moving speed are similar in the two datasets. Doing so allows us to remove the 
effects of the storm state and isolate the impacts of the ocean on TC intensification.

In general, the role of the ocean increases with the intensification rate of the TC (Fig. 2a), 
in line with past work (Lloyd and Vecchi 2011). While the anomalous mean enthalpy fluxes 
are not statistically significant for lower intensification rate thresholds, they are highly sig-
nificant for larger intensification rate thresholds. For the 25 kt (24 h)−1 threshold and RI, the 
anomalous enthalpy fluxes are about 7.5 and 9.5 W m−2 higher, respectively. This indicates 
that for RI, the flux of heat from the ocean into the atmosphere becomes more important com-
pared to weaker intensification rates. The enthalpy flux under the TC is critically dependent 
on the SST under the core of the storm (Cione and Uhlhorn 2003), which is a combination of 
the prestorm SST and the sea surface cooling induced by the TC. As expected, the anomalous 
mean prestorm SST increases with the TC’s intensification rate. The anomalous mean SST is 
not significantly higher for all intensification rates greater than zero, but for RI the prestorm 
SST is about 0.3°C higher on average.
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Interestingly, the anomalous mean cold wakes become increasingly weaker with increasing 
intensification rates, as noted in previous studies (Lloyd and Vecchi 2011; Vincent et al. 2014). 
Note that a positive value for the anomalous mean wake does not indicate SST warming under 
a TC, but rather that the cold SST wake is weaker when compared to the mean wake. While 
the anomalous mean wake is not statistically significant for all intensification rates or the 
median intensification threshold [greater than or equal to 5 kt (24 h)−1], for RI the anomalous 
mean cold wakes are significantly weaker by about 0.15°C. Thus, conditions in the ocean 
subsurface that cause a weakening of the cold TC wake likely play an important role in RI. 
These differences in cold wakes are likely due to those in upper-ocean stratification because 
we have subsampled our data to remove the effects of the storm state. Since both the vertical 
temperature and salinity structure jointly determine the ocean density stratification, it is 
important to evaluate which parameter dominates. To this end, we predict the upper-ocean 
density stratification using the normalized temperature and salinity stratification. Based on 
the regression coefficients (Figs. 2b,c), we can divide our domain broadly into two regions:  
1) a western region where variability in the ocean thermal structure tends to dominate that in 
density (10°–30°N, 70°–100°W), and 2) an eastern region where salinity significantly modu-
lates density stratification (10°–30°N, 40°–70°W). The western region includes the western 
Caribbean Sea and the Gulf of Mexico. In this region, warm upper-ocean features such as the 
Loop Current, and the eddies shed by it, induce variations in the ocean thermal structure. 
In the eastern region, freshwater outflow from the Amazon–Orinoco River system imposes 
significant constraints on the near-surface ocean density stratification.

Fig. 2. (a) Anomalous mean prestorm SST (blue), cold wake (gray), and surface enthalpy flux (red) for 
Atlantic TCs as a function of intensification threshold. Anomalous mean represents the mean over all 
locations where the intensification rate exceeds a value minus the mean over all locations. While the 
total sample size is 2,674, sample sizes for various intensification thresholds are as follows: 1,641 [0 kt 
(24 h)–1], 1,305 [5 kt (24 h)–1], 988 [10 kt (24 h)–1], 709 [15 kt (24 h)–1], 493 [20 kt (24 h)–1], 307 [25 kt (24 h)–1], 
205 [30 kt (24 h)–1]. Concentric smaller dark circles indicate significance at the 95% level. (b) Coefficient of 
linear regression between density stratification and temperature stratification at a depth of 100 m. (c) As 
in (b), but for salinity stratification. Density, temperature, and salinity stratification have been normal-
ized by subtracting their respective means and dividing by their standard deviations. Dashed contours 
in (c) show the locations of RI. The boxes approximately represent the subregions used for the analysis 
shown in Fig. 3. SST is from the satellite-based REMSS product, enthalpy flux is based on OAFlux, and 
ocean stratification (density, temperature, and salinity) is calculated from HYCOM.
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To assess the impact of these 
spatial variations of tempera-
ture and salinity on TC RI, we 
compute TCHP, ocean stratifi-
cation (density, temperature, 
and salinity), and SSS along 
TC tracks for each region. We 
consider two intensification rate 
threshold scenarios: 1) a median 
intensification threshold with 
intensification rates greater 
than or equal to 5 kt (24 h)−1 and  
2) RI. As before, for each thresh-
old, we compute the anomalous 
mean TCHP, the anomalous 
mean ocean stratification (den-
sity, temperature, and salin-
ity) and the anomalous mean 
SSS. For the western region 
(Fig. 3a), none of the parameters 
is statistically significant for the  
median intensification thresh-
old, indicating the minimal role 
played by the ocean subsurface 
for weaker intensification rates. 
For RI, however, TCHP is highly 
significant and is larger by about 
9.6 kJ cm−2 on average (Fig. 3b). 
This increase in significance for 
TCHP at higher intensification 
rates is consistent with previous 
studies (Mainelli et al. 2008; Kaplan et al. 2015). In regions with a deep thermocline and 
weak vertical temperature gradients, TC-induced mixing brings less cold water into the mixed 
layer, causing a reduction in the cold wake magnitude and favoring TC intensification. In the 
Gulf of Mexico for instance, several historical TCs have intensified rapidly over warm Loop 
Current eddies, such as Opal (1995) and Katrina (2005) (Shay et al. 2000; Mainelli et al. 2008; 
Lin et al. 2013). Consequently, TCHP has been shown to be a useful metric of the upper-ocean 
thermal structure for forecasting RI (Mainelli et al. 2008; Kaplan et al. 2010, 2015).

In the eastern region, consistent with results from the western region, none of the oceanic 
parameters is statistically significant for the median intensification threshold (Fig. 3c). Even 
for RI, the anomalous mean TCHP and temperature stratification are not statistically signifi-
cant (Fig. 3d). Note, however, that here we are only examining the subsurface—the anomalous 
mean SST is always significant for RI. The anomalous mean density and salinity stratification 
are highly significant for RI cases (Fig. 3d). On average, the density and salinity stratification 
are significantly higher by about 0.18 kg m−3 and 0.27 psu, respectively. In other words, the 
difference between the 100 m depth and surface values for density and salinity are larger. 
Since the anomalous mean temperature stratification is not statistically significant for RI, we 
can safely attribute the enhanced density stratification during RI events to that in salinity.

The mean intensity of weakly intensifying TCs in the western Atlantic is about 20 kt lower 
than the mean for RI. Hence, mixing is relatively shallow for weakly intensifying TCs. Thus, 

Fig. 3. Anomalous mean TCHP (10 kJ cm−2), temperature stratification 
(TSTRAT; °C), density stratification (DSTRAT; kg m−3), salinity stratifica-
tion (SSTRAT; psu), and SSS (psu) in the (a),(b) western region and (c),(d) 
eastern region for cases where the 24-h intensity change is greater than 
or equal to (a),(c) 5 kt and (b),(d) RI. Anomalous mean represents the 
mean over all locations where the intensification rate exceeds a value 
minus the mean over all locations. The western region corresponds to 
10°–30°N, 70°–100°W and the eastern region corresponds to 10°–30°N, 
40°–70°W. For each parameter, when the mean of the subsampled data 
are statistically different from the total mean at the 95% level, it is in-
dicated with hatching. TCHP, ocean stratification (DSTRAT, TSTRAT, and 
SSTRAT), and SSS are based on HYCOM.
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even in the absence of strong stratification, the cooling induced at the surface is minimal and 
the ocean subsurface does not play an important role. On the other hand, at high intensifi-
cation rates such as RI, the mixing extends considerably deeper. In this situation, without 
strong stratification that can limit mixing, substantial surface cooling tends to occur that can 
counteract the intensification of the storm. The freshwater plume of the Amazon–Orinoco River 
system enhances water column stability, reduces the mechanical mixing induced by TCs, and 
lowers the cold wake magnitude (Balaguru et al. 2012; Grodsky et al. 2012; Reul et al. 2014; 
Newinger and Toumi 2015; Androulidakis et al. 2016; Yan et al. 2017; Rudzin et al. 2019; 
Hlywiak and Nolan 2019). The anomalous mean SSS is significantly lower by 0.32 psu for RI 
(Fig. 3d), further supporting the idea that much of the salinity stratification encountered dur-
ing RI is due to the low-salinity plume waters at the ocean surface. To test the robustness of 
our results, we performed similar analyses using the SODA 3.4.2 ocean reanalysis. Consistent 
relationships were obtained between ocean stratification and TC intensification, confirming 
the data independence of our main conclusions (Fig. ES2).

To further understand the effect of salinity on TC RI, we perform a suite of idealized nu-
merical sensitivity experiments with the PWP one-dimensional ocean mixed layer model. 
The locations of the 20 different profiles of ocean temperature and salinity that were used to 
initialize the model are shown in Fig. 4a. All are in the region 10°–20°N, 50°–70°W, which 
is in close proximity to the Amazon–Orinoco plume. We use profiles during the months of 

Fig. 4. (a) Shaded: September mean surface salinity from SMOS. Colored squares: locations of Argo tem-
perature and salinity profiles used to initialize the one-dimensional PWP model. (b) Subsurface salinity 
from the floats at locations with matching colors shown in (a). (c) Zonal wind stress used to force the PWP 
model (meridional wind stress is always zero). For the control experiment, a maximum wind speed of 60 
kt was used (green). Other colors show profiles for which the wind speed was either linearly increased 
(purple, black) or decreased (blue, red) to reach wind speed indicated in the legend at the second radius of 
maximum wind (see “Methods” section for details). (d) Results from the model experiments, showing dif-
ference in SST cooling between the simulations with full salinity and constant salinity (positive values in-
dicate reduced cooling due to salinity stratification). The colors correspond to those of the wind profiles in  
(c) and shading indicates one standard error of the 20-member ensemble.
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August–October, the climatological peak of the Atlantic TC season. An examination of the 
vertical structure of these profiles reveals the significance of salinity for ocean stratification 
in this region (Fig. 4b). In many cases, the mixed layer is confined to a depth of 20–30 m, 
below which salinity increases rapidly, by as much as 3 psu, over a depth of 50–60 m. We 
subject these profiles to TC winds representing various intensification rates, as shown in 
Fig. 4c. Although a three-dimensional ocean model is needed to reproduce the full impact of 
the TC on the ocean, the one-dimensional version of the model can reasonably capture the 
main effects when an ensemble approach is used (Hlywiak and Nolan 2019).

The time evolution of the difference in the ensemble mean SST between the experiments 
initialized with and without salinity stratification shows that the impact of salinity on SST 
increases with the intensification rate (Fig. 4d). For the cases with intensification relative to the 
60 kt control simulation (purple and black curves in Fig. 4d), the inclusion of salinity reduces 
the TC-induced SST cooling by about 0.25°–0.3°C at hour 18. In contrast, for storms with less 
intensification (blue and red curves in Fig. 4d) the salinity-induced reduction in SST cooling 
is about 0.1°–0.15°C. The reduction in cooling caused by salinity stratification is about 0.1°C 
stronger for RI cases (black curve in Fig. 4d) compared to cases with no intensification (green 
curve in Fig. 4d), consistent with our earlier result (Fig. 2a). These results also indicate that 
the significance of salinity for RI is not due to collocated temperature features. If this were 
the case, the differences in SST cooling between the experiments with and without salinity 
would be close to zero.

Statistical RI prediction models have traditionally struggled more in the Atlantic than in 
some other basins (Kaplan et al. 2015). Since these models do not include a predictor based on 
salinity, and in light of the results in this study, we performed binary classification using logistic 
regression to evaluate the potential value of salinity for RI prediction. We conducted two sets 
of experiments. First, we used the various predictors included in SHIPS-RII to train the logistic 
model and predict the occurrence of RI. Next, we repeated this analysis with SSS included as an 
additional predictor. The main idea behind using SSS is to represent the effects of upper-ocean 
salinity stratification on TC-induced mixing. In the region influenced by the Amazon–Orinoco 
plume in the western tropical Atlantic, SSS primarily determines near-surface salinity stratifi-
cation. The correlation between SSS and salinity stratification along TC tracks for the eastern 
region based on HYCOM data are about 0.9, suggesting that the former is a good indicator of the 
latter. But to what extent does SSS serve as a proxy for ocean density stratification?

To understand the connection between SSS and density stratification, we plot the correlation 
between the two for various minimum-salinity thresholds (Fig. ES3a). As the SSS threshold 
increases, the correlation between salinity and stratification decreases. This suggests that 
variations in SSS more accurately reflect those in density stratification for lower values of 
SSS and that SSS is a poor predictor of density stratification at higher values. The transition 
occurs near 36 psu, which approximately represents the boundary of the Amazon–Orinoco 
River plume (Pailler et al. 1999). Thus, considering only SSS values below about 36 psu could 
possibly improve the ability of salinity to separate RI from non-RI. To elucidate this point, we 
compute the means for salinity with and without RI while masking out salinity higher than 
a certain threshold each time. The plot of t values for statistical significance of the differ-
ence between means shows that the maximum t value is achieved near a threshold of 36 psu  
(Fig. ES3b). This statistical evidence further supports the idea of masking out higher salinity 
values. Physically, by doing this we allow salinity to vary primarily within the region influ-
enced by the Amazon–Orinoco plume or other such locations with very fresh surface waters. 
We now use this masked SSS along with the other SHIPS-RII predictors in the logistic model. 
Results reveal that adding SSS to the logistic model significantly improves its skill (Table 1). 
The addition of SSS enhances the POD and AUROC, while lowering the FAR and the BS,  
reinforcing the value of salinity for RI prediction. Similar results are obtained when salinity 
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stratification is used instead of SSS, in 
agreement with the tight relationship 
between them in this region. Though we 
have demonstrated improvement in RI 
prediction using salinity from both re-
analysis and satellite, the relative merits 
of each deserve further study.

Summary and discussion
The significance of the upper-ocean 
thermal structure for RI is well known. 
Consequently, related metrics such as 
TCHP have traditionally been used to 
represent the ocean in statistical RI 
prediction models. However, the role of 
salinity in RI is less clear. In this study, 
using a suite of observations and numeri-
cal model simulations, we have shown 
that salinity plays an important role in 
RI in the eastern Caribbean Sea and the western tropical Atlantic where the surface salinity 
and upper-ocean salinity stratification are heavily constrained by the freshwater plume of 
the Amazon–Orinoco River system. This is unlike the western Caribbean Sea and the Gulf of 
Mexico where temperature features dominate the ocean’s impact on RI. Strong upper-ocean 
stratification is not particularly important for weaker intensification, where significant ver-
tical mixing and sea surface cooling do not occur. On the other hand, stratification plays a 
pivotal role for RI because a substantial increase in mixing and SST cooling are more likely 
to occur when stratification is weaker. These results are supported by simulations with the 
PWP ocean mixed layer model, where we demonstrate that the influence of salinity on RI is 
independent of that of temperature, and that the relevance of salinity for a TC increases with 
its intensification rate. Finally, we tested the value of surface salinity, a reasonable proxy for 
upper-ocean salinity stratification in the Amazon–Orinoco plume region, for RI prediction. 
Results indicate that the use of SSS may significantly improve models’ abilities to forecast RI.

Efforts to incorporate salinity stratification into metrics of TC-induced SST cooling have been 
made in the past (Price 2009; Shay and Brewster 2010; Vincent et al. 2012; Balaguru et al. 2015), 
and the results from this study emphasize the need for continued progress along these lines. 
SST and sea level derived from satellites are being used for estimation of upper-ocean heat 
content and RI forecasting (Goni and Trinanes 2003; Shay and Brewster 2010). But satellite 
salinity observations, which have been available for nearly a decade, have not been used in 
weather forecasting to date. Near-continuous measurements of SSS are available from the 
SMOS satellite since May 2010 and from NASA’s Soil Moisture Active Passive mission since 
April 2015 (Durack et al. 2016). Surface salinity measurements were also available from 
NASA’s Aquarius mission between August 2011 and June 2015. Given the strong influence 
of the Amazon–Orinoco plume in the western Atlantic and eastern Caribbean, we advocate 
the use of satellite salinity in statistical RI prediction models, based on its prospects for im-
proved forecasts (Table 1).

Though ocean reanalyses tend to do well in regions where they can assimilate a lot of 
in situ observations such as Argo profiles, satellite data can help in other regions where 
in situ measurements are relatively sparse (Tranchant et al. 2008; Lagerloef et al. 2010; 
Vernieres et al. 2014). For salinity, this is particularly true in regions near the coastline 
where surface salinity is heavily constrained by river runoff (Domingues et al. 2015; 

Table 1. Estimating the significance of salinity for RI predic-
tion in the North Atlantic. Results based on logistic model 
experiments. The first set of results (rows 1 and 2) is for the 
period 2004–15 using SSS from HYCOM ocean reanalysis. The 
second set of results (rows 3 and 4) is for the period 2010–17 
using SSS from SMOS. The domain of analysis is the eastern 
region. In each set, the first row contains average skill scores 
for the model based on the SHIPS-RII predictors only. The 
second row contains the average scores for the model with 
SSS as an additional predictor. Values in bold indicate that 
the improvement in model obtained by the addition of salin-
ity is statistically significant at the 95% level based on the 
respective scores.

POD FAR AUROC BS

SHIPS-RII 0.35 0.89 0.58 0.19

SHIPS-RII + SSS (HYCOM) 0.44 0.85 0.62 0.18

SHIPS-RII 0.53 0.77 0.70 0.18

SHIPS-RII + SSS (SMOS) 0.58 0.74 0.71 0.17
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Tranchant et al. 2008; Vernieres et al. 2014). It has been demonstrated that assimilating 
satellite salinity observations can significantly improve estimates of the upper-ocean state 
(Köhl et al. 2014; Toyoda et al. 2015; Vinogradova et al. 2019; Martin et al. 2019) and the cli-
mate of the Indo-Pacific region, including El Niño–Southern Oscillation (Hackert et al. 2014, 
2019). Thus, besides their use in statistical RI models, satellite salinity could potentially im-
prove ocean analyses used to initialize dynamical TC forecast models. Note that the results 
from the prediction model presented in this study are based on “perfect predictors” that are 
calculated from reanalyses in a “hindcast” mode. Though the results are very encouraging, 
further testing is required using real-time satellite and analysis data that are directly used 
in forecasts. We propose a study, along the lines of a Joint Hurricane Testbed, to further this 
cause and aid in the process of integrating salinity into operational RI forecasts.
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