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Remote sensing of atmospheric duct parameters

using simulated annealing∗
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Simulated annealing is one of the robust optimization schemes. Simulated annealing mimics the annealing process

of the slow cooling of a heated metal to reach a stable minimum energy state. In this paper, we adopt simulated

annealing to study the problem of the remote sensing of atmospheric duct parameters for two different geometries of

propagation measurement. One is from a single emitter to an array of radio receivers (vertical measurements), and

the other is from the radar clutter returns (horizontal measurements). Basic principles of simulated annealing and its

applications to refractivity estimation are introduced. The performance of this method is validated using numerical

experiments and field measurements collected at the East China Sea. The retrieved results demonstrate the feasibility of

simulated annealing for near real-time atmospheric refractivity estimation. For comparison, the retrievals of the genetic

algorithm are also presented. The comparisons indicate that the convergence speed of simulated annealing is faster

than that of the genetic algorithm, while the anti-noise ability of the genetic algorithm is better than that of simulated

annealing.
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1. Introduction

Non-standard electromagnetic propagation due to
the formation of the lower atmospheric sea duct com-
monly occurs in maritime radar applications. Under
this condition, some fundamental system parameters
of seaborne radars can significantly deviate from their
original values which are specified for standard refrac-
tive conditions. Knowledge of the refractivity infor-
mation enables more accurate assessment of the per-
formance of both the communications and the radar
systems. Conventional methods for the refractive in-
dex measurements consist of detecting the height de-
pendence of temperature, pressure and humidity with
radiosondes, microwave refractometers, or rocketson-
des have some drawbacks, such as expensive and/or
difficult deployment.[1]

Richter[2] pointed out that the temporal and spa-
tial variations of radar echoes are related to the tem-
poral and the spatial variations of the refractivity pro-
file, which motivates the research of the atmospheric
refractivity estimation based on the radar clutter re-
turns, i.e., refractivity from clutter (RFC). The advan-
tage of the RFC is that it provides a synoptic char-

acterization of the refractive index structure over the
spatial extent of the radar and overcomes the neces-
sity for additional data and/or sensing devices. In
addition, the RFC has an additional advantage of be-
ing able to sense the range-varying refractivity at a
temporal sampling rate that can track changes in at-
mospheric conditions. However, inferring the refrac-
tivity profile from the radar clutter is a complex in-
verse problem, because the relationship between the
refractivity profile parameters and the radar clutter is
clearly nonlinear and ill-posed. It is difficult to obtain
analytical solutions according to current theories. The
global-optimization method might be a good choice
to acquire approximate solutions. Rogers et al.[3] in-
ferred the evaporation duct height from radar data
under the assumption of range-independent environ-
ment and sea clutter radar cross sections by using a
nonlinear least square inversion procedure. Gerstoft et
al.[4] proposed the use of the genetic algorithm (GA)
to estimate the refractivity. In their work, the authors
presented a method to model both the range- and the
height-dependent refractivity of the environment us-
ing a total of 11 parameters,[4] and some prior con-
straints were imposed to increase the accuracy of the
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results over the coverage area of the radar.[5] Barrios[6]

utilized the rank correlation between the observed
clutter power and the density of the modeled ray
paths to estimate the surface-based duct parameters.
Vasudevan et al.[7] exploited the inherent Markovian
structure of the fast Fourier transform to the parabolic
equation approximation and used a particle filtering
approach to retrieve the range-dependent atmospheric
refractivity profile.[7] Yardim[8] adopted the Markov
chain Monte Carlo (MCMC) sampling approach, the
hybrid of the GA-MCMC method, and the Kalman
Filters to investigate the RFC problem. Through es-
tablishing many pre-computed modeled radar returns
for different environments in a database, Douvenot et
al.[9,10] obtained real-time profiles based on the find-
ings of the optimal environment from the database.
More detailed information about the RFC technique
can be found in Refs. [11]–[14].

Besides the radar clutter returns, point-to-point
microwave measurements have also been proposed for
the refractivity estimation. Gingras et al.[15] intro-
duced basic concepts for electromagnetic matched-
field processing techniques and performed a sim-
ulation of simultaneously localizing an EM emit-
ter and estimating the atmospheric duct parameters
from synthetic complex-valued field measurements.
Tabrikian and Krolik[16] proposed using the point-
to-point field measurements to estimate the surface-
based duct parameters through the maximum a pos-
teriori method. Gerstoft et al.[17] quantified the per-
formance of matched-field processing methods for re-
mote sensing of the refractivity structure using the
signal strength measurements from a single emitter to
an array of radio receivers. Valtr and Pechac[18] put
forward a usage of the field measurements at a re-
ceiver site of a terrestrial point-to-point link in terms
of the angle-of-arrival spectra to retrieve the vertical
refractivity structure. Zhao et al.[19] investigated the
possibilities of refractive index profile retrieval using
field measurements at an array of radio receivers via
the variational adjoint approach.

Simulated annealing (SA) is a technique which
has attracted significant attention, as it is suited for
optimization problems of large scale, especially for the
case where a desired global extremum is hidden among
many poorer local extrema. SA was first proposed by
Kirkpatrik et al.[20] A description of the annealing of
a molten metal motivates this algorithm. For a slowly
cooling process, the inherent random fluctuation in en-
ergy allows the annealing system to escape from the

local energy minimum to achieve the global minimum
energy state. The SA is largely independent of the
priori values and can escape from the local optimum
to approach the global optimum by the uphill and
the downhill moves, and it also makes few stringent
assumptions regarding the functions that need to be
optimized.[21]

The rest of this paper will proceed in the following
manner. The atmospheric duct models are introduced
in Section 2. In Section 3, a brief description of the
theory of the SA is presented. In Section 4, the imple-
mentations of the SA for the atmospheric refractivity
estimation are given, the vertical measurements (from
a single emitter to an array of radio receivers) and the
horizontal measurements (from radar clutter returns)
are discussed, and the retrieved results are compared
with those of the GA. Finally, the basic conclusion is
summarized in Section 5.

2. Atmospheric duct models

At microwave frequencies, the atmospheric refrac-
tivity N can be expressed as

N =
77.6
Ta

(
p +

4810e

Ta

)
, (1)

where p is the barometric pressure in hPa, Ta is the
absolute temperature in K, and e is the partial va-
por pressure of water in hPa. From Eq. (1), there
are two effects that can break the normal situation of
an approximate linearity decrease of the refractivity
in the troposphere. The first is an abrupt decrease of
the water vapour pressure with height, which occurs
mostly in a narrow layer over the water surface and
results in the so called evaporation duct. The second
is a dramatic inverse increase of the temperature with
height causing the surface-based or the elevated duct
in various ranges of heights. As a tool in examining re-
fractive gradients and their effect on the propagation,
a modified refractivity M is often used,

M = N +
z

ae
× 106, (2)

where z is the height above the earth’s surface, and ae

is the earth’s radius. The M is useful for identifying
trapping layers, since the signal trapping occurs for all
negative M gradients.

The three most typical ducts, the evaporation,
the surface-based and the elevated ducts, are shown
in Fig. 1.
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Fig. 1. Most common ducts.

The evaporation duct refractivity profiles can be
constructed for thermally neutral conditions by using
the log linear evaporation duct formula given by Hit-
ney et al.,[22] in which the evaporation duct height
(EDH) is the unique parameter to determine the duct
strength. The EDH is defined by ∂M/∂z = 0. The
surface-based and elevated duct structures can be sim-
ply depicted by using a tri-linear refractivity pro-
file, which is parameterized into 3 basic parameters,
namely, base height, thickness, and M -deficit.[23] The
base height is defined as the height from the surface of
the earth to the lower boundary of the trapping layer.
The thickness is defined as the distance between the
lower and the upper boundaries of the trapping layer.
The M -deficit is the difference between the modified
refractivity values at the two boundaries of the trap-
ping layer. The difference between the surface-based
and the elevated ducts is that for the surface-based
duct, the modified refractivity value at the top of the
trapping layer is less than that at the surface, while
for the elevated duct, the modified refractivity value
at the top of the trapping layer is greater than that
at the surface.

A more complicated vertical refractivity profile
model consisting of 5 parameters for mixed ducts can
be found in Refs. [4] and [5].

3. Inversion algorithm: simulated

annealing

SA is a technique for combinatorial optimization
problems, and it is robust against being trapped into
the local minimum. For a global maximum case, the
SA procedure begins with generating a random initial
solution x = (x1, x2, . . . , xn), and the corresponding
objective function value f(x) is recorded. A new so-

lution x′ is chosen by varying each element of x,

x′
i = xi + ri · vi, i = 1, . . . , n, (3)

where ri is a uniformly distributed random number
from [−1, 1], vi is the i-th element of v, and v is the
step length for x. The function value f(x′) is then
computed. If f(x′) is greater than f(x), x′ is ac-
cepted, and the algorithm moves uphill. If f(x′) is
less than or equal to f(x), the Metropolis criterion[24]

is used to determine the acceptance of x′. The prob-
ability

ps = exp
[
f(x′) − f(x)

T

]
(4)

is computed and compared with a uniformly dis-
tributed random number p′ between 0 and 1. If ps

is greater than p′, x′ is accepted, and the algorithm
moves downhill. Otherwise, x′ is rejected. The cal-
culation of probability ps relies on the temperature
parameter T , which plays a similar role to the tem-
perature in the physical annealing process. To avoid
getting trapped at a local optimum point, the rate of
temperature reduction should be slow. The following
method to reduce the temperature is usually used,

Tnew = βTold, 0 < β < 1. (5)

At the beginning of the SA, most worsening solutions
may be accepted. At the end, only improving ones are
likely to be allowed. This can help the procedure jump
out of a local optimum. The algorithm may be termi-
nated after the satisfaction of a certain error tolerance
or after a pre-specified run time.

The performance of SA generally depends on the
initial temperature T0, the reduction rate β, and the
Metropolis sampling stability. If the initial tempera-
ture is too low, the area containing the optimum might
be missed; if too high, an excessively large area will be
searched. Usually, T0 could be set to be several times
the maximum difference between the objective func-
tions calculated by two possible solutions. According
to Eq. (6), the objective function value f varies from
(0, 1]. Thus, T0 is set to be 1 in this paper. Con-
sidering the execution time and the annealing (not
quenching) process, we set the reduction rate β to be
0.85 (suggested by Goffe et al.[25]). The simulated an-
nealing code used in this paper is the SIMANN.[26]

4. Refractivity estimation

In the following, SA is first introduced to retrieve
the refractivity parameters using the signal strength
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measurements from a single emitter to an array of
radio receivers (vertical measurements), and then it
is used to investigate the refractivity estimation from
the radar clutter returns (horizontal measurements).
Since vertical measurement data are not available,
numerical experiments are performed for the verti-
cal measurement estimation. The horizontal measure-
ment estimation is validated by using the field mea-
surements collected at the East China Sea.

4.1.Vertical measurement estimation

The geometry of the observations adopted in this
paper was proposed by Gingras et al.,[15] while the
retrieval method adopted by them was the genetic al-
gorithm.

In our simulation, an omnidirectional point source
operating at 1 GHz with a height of 50 m is used. The
receive antenna is a vertical array that contains 50 el-
ements. Two strategies are considered: i) an element
spacing of 1 m with the first element at 1 m above the
mean sea level and a total aperture of 49 m, and ii) an
element spacing of 2 m with the first element at 2 m
above the mean sea level and a total aperture of 98 m.
The distance between the source and the receivers is
set to be 90 km. The propagation environment is a
surface-based duct. The nominal values for the vari-
able parameters are set as: M -deficit 49 M units, base
height 250 m, and layer thickness 50 m. The surface
value is set to be 339 M units, and the gradients at the
surface and above the duct are set to be the standard
modified refractivity gradient of 0.118 M units/m.

In the SA optimization, the retrieval process is
to estimate the fit of the replica fields (predicted
propagation measurements) with the real observation
data. In our simulation, the real observation data
at each receive-antenna element and the replica fields
are both replaced by the modeled propagation losses
L = (L1, L2, . . . , Ln), which are derived from the split-
step Fourier algorithm used to solve the parabolic
equation.[27] The objective function could be defined
as

f(m) =
1

1 + φ(m)
= max!, (6)

φ(m) =
1
n

√
e(m)eT(m), (7)

e(m) = Lobs − Lrep(m) − (L̄obs − L̄rep), (8)

where m is the vector of the refractivity parameter,
and L̄obs and L̄cal are the mean values of Lobs and
Lrep, respectively. Owing to the fact that available

measurements are often contaminated by noise, 10%
additive white Gaussian noise is added to the synthetic
field measurements. The propagation code used in
this paper is the advanced propagation model (APM),
which combines the capabilities of radio physical op-
tics and the terrain parabolic equation model in a rel-
atively fast code.[28]

To control the convergence status, the termina-
tion condition could be set as

1 − f(m) < ε, (9)

where ε is a given small positive real number used to
determine the retrieval accuracy. Douvenot et al.[9]

pointed out that operational applications of the re-
fractivity estimation necessitate the short computa-
tion time, less than 10 min, to avoid errors due to
the temporal evolution of the atmosphere. Therefore,
when the computation time reaches 10 min and equa-
tion (9) is still unsatisfied, the algorithm will be ter-
minated compulsively. Our computation equipment is
a ThinkPad R400 equipped with dual CPUs (P8600,
2.40 GHz) and 2 GB EMS memory bank.

Figure 2 shows the results of the SA estimation for
the case of no measurement noise. The start and the
end points of each horizontal axis indicate the search
bounds of the model parameters. In each experiment,
the SA is run 100 times with different initial random
seeds and starting values for the model parameters.
Figure 2(a) shows the results with an antenna aper-
ture size of 49 m, and figure 2(b) is for the case with
an antenna aperture size of 98 m. For an error tol-
erance of ε = 0.001, the mean computation time is
242.3 s for the case shown in Fig. 2(a), and 198.4 s
for the case shown in Fig. 2(b). For comparison, fig-
ure 3 gives the results of the GA. The GA search
parameters are set to be population size 20, repro-
duction size 0.8, crossover probability 0.5, and muta-
tion probability 0.05. For the same error tolerance,
the mean computation time is 470.0 s for the case
shown in Fig. 3(a), and 526.7 s for the case shown
in Fig. 3(b). The probability distribution for each of
the three variable M-profile parameters indicates that
without the Gaussian noise, both algorithms can re-
trieve favourable model parameters, especially with
high confidence for the base height. Moreover, SA
has the advantage of fast convergence in comparison
with the GA. In the estimations, the mean computa-
tion time of 49 m aperture size is longer than that of
98 m aperture size when using SA, while an opposite
phenomenon occurs when using the GA.
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Fig. 2. Retrievals without Gaussian noise in measurement data by SA: (a1)–(a3) inversions of 49 m aperture size,

(b1)–(b3) inversions of 98 m aperture size.

Fig. 3. Retrievals without Gaussian noise in measurement data by the GA: (a1)–(a3) inversions of 49 m aperture

size, (b1)–(b3) inversions of 98 m aperture size.

Fig. 4. Retrievals with 10% Gaussian noise in measurement data by SA: (a1)–(a3) inversions of 49 m aperture size,

(b1)–(b3) inversions of 98 m aperture size.
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Fig. 5. Retrievals with 10% Gaussian noise in measurement data by the GA: (a1)–(a3) inversions of 49 m aperture

size, (b1)–(b3) inversions of 98 m aperture size.

Figure 4 shows the results of the SA estimation
for the case with 10% Gaussian noise added to the
measurement data. In this case, owing to the uncer-
tainty of the noise, the termination condition is only
controlled by the computation time of 10 min. Figure
5 shows the results of the GA. The probability distri-
butions of the retrieved parameters indicate that the
Gaussian noise makes the inversions become ill-posed.
Comparing Fig. 4 with Fig. 5, the retrieved results
of the GA are slight better than those of SA, which
means the anti-noise ability of the GA is superior for
the refractivity estimation. In both algorithms, the
inversion of 98 m aperture size is better than that of
49 m aperture size, even though both antenna arrays
have the same number of elements and the smaller ar-
ray samples a high-amplitude region of the signal field
more densely. This phenomenon demonstrates that
extensively special sampling could obtain more signal
field characteristics and is better than centralized sam-
pling. In Figs. 4 and 5, except for the base height, the
other two parameters are not concentrated around the
actual values. However, an approximate value might
be judged based on their distributions.

4.2.Horizontal measurement estimation

In horizontal measurement estimations, the field
measurement data collected at the East China Sea are
used to validate the remote sensing of refractivity from
the radar clutter returns using SA. Firstly, a forward
simulation of the observed radar clutter power should
be performed. By using the classical radar equation,
the observed radar clutter power could be calculated

as[4]

Pobs(r) = −2L(r,m) + 10 lg(r) + σ0(r) + C, (10)

where L is the propagation loss, r is the horizontal
distance, σ0 is the radar cross section (RCS) of the
sea surface at range r, and C is a constant taking into
account the radar parameters including wavelength,
transmitter power, antenna gain, etc. From Eq. (10),
it can be seen that if we want to obtain an accu-
rate radar sea clutter power Pobs, L and σ0 must be
calculated accurately. Here, L is generated from the
parabolic equation, and σ0 is calculated by using the
adjusted Barton model.[13] Gerstoft et al.[4] pointed
out that in the refractivity estimations, the horizontal
variations in the RCS computations are not critical.[4]

Thus, in our calculations, the RCS is assumed to be
range-independent. Using the radar clutter power,
equation (8) of the objective function should be mod-
ified to

e(m) = Pobs − Prep(m) − (P̄obs − P̄rep), (11)

where P̄obs and P̄cal are the mean values of Pobs and
Prep, respectively.

The experiment conducted at the East China Sea
is for the evaporation duct detection case. Modified
refractivity M for an evaporation duct can be deter-
mined at any height z by using the logarithmic linear
formula given by Hitney et al,[22]

M(z) = M0 + 0.125z − 0.125d ln[(z + z0)/z0], (12)

where M0 is the modified refractivity at the sea sur-
face, d is the evaporation duct height (EDH), and z0

is the Jeske’s roughness length of 1.5 × 10−4 m. The
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EDH generally varies between 0 m and 40 m. There-
fore, the search bounds of the EDH are set to be from
0 m to 40 m.

The parameters of the radar system used in the
experiment are shown in Table 1. Detailed descrip-
tions of the experiment can be found in Refs. [13] and
[29].

Table 1. Parameters of the radar system.

Parameter Value

Frequency 10 GHz

Beam width 0.7◦

Antenna height 10 m

Polarization HHa)

Range bin width 500 m

a) HH stands for horizontal-to-horizontal.

For the evaporation duct model, only one param-
eter, i.e., EDH, needs to be estimated. From the root
mean square error analysis by Wang et al.,[13] the ob-
served EDH is 13 m (see Fig. 7). In consideration of
the search bounds of the EDH, numerous iterations
become meaningless and unnecessary. In this section,
the termination condition is set to be 1 min. Figure
6 shows the probability distribution of the retrievals,
and Table 2 shows the statistics of the results. It can
be seen that for a given observation, SA has better
convergence than the GA. However, the final aim of
the refractivity estimation is not to give the exact re-
fractivity profile, but to propose a generic structure
that is able to render an approximation of the real at-
mospheric conditions.[9] From this point of view, both
retrievals are acceptable.

Table 2. Statistics of the retrieved results.

Methods Min/m Max/m Mean/m

SA 12.33 13.18 12.88

GA 12.12 13.76 12.82

Figure 7 shows an example of the retrievals. Fig-
ure 7(a) gives the observed refractivity profile (solid
line) and the mean value of the retrieved profiles by
the SA (dashed line). Figure 7(b) shows the observed
clutter power (solid line), the replica clutter power
computed by the retrieved profile (dashed line), and
the replica clutter power computed by the observed
profile (dotted line). From Fig. 7(b), it can be seen
that not only the replica power computed by the re-
trieved profile but also the replica power computed by
the observed profile does not match well with the ob-
served data. This phenomenon might be attributed
to the following reasons: 1) errors stem from the for-
ward model and the measurement noise, 2) the chosen

model for the refractivity is too simple, 3) the range-
independent assumption of the environment is not
valid, 4) the difficulty accurately computing the sea-
clutter RCS. However, through a simple least square
objective function, the best matching replica power
can be judged by examining the matching degree of
the peaks in the replica field.

Fig. 6. Retrieved evaporation duct heights from radar

sea clutter using (a) simulated annealing and (b) genetic

algorithm.

Fig. 7. (a) Modified refractivity profiles and (b) correspond-

ing radar clutter powers.
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It should be pointed out that the range bin width
is determined by the pulse width of the radar, and
the measured clutter is only one value in each range.
Hence we typically approximate the signal that is scat-
tered in a given range from the parabolic equation field
at 1 m above the surface. On the other hand, using
the parabolic equation to simulate the field measure-
ments in the troposphere cannot obtain correct results
for very short range. Therefore, the first 10 km of clut-
ter power data deviating from the source are ignored
in the inversion process.

5. Conclusion

In this paper, the problem of the remote sensing
of the atmospheric refractivity parameters using SA is
addressed. The inversion problem is investigated for
two different geometries of propagation field measure-
ments. The parabolic equation solved by the split-step
Fourier algorithm is used as the forward propagation
model. In the estimations, the retrieved results are
compared with those of the GA. Two scales of the re-
ceiver array are studied in the vertical measurement
inversions, and the results demonstrate that the in-
versions are satisfied under the no noise assumption,
and SA presents a rather faster convergence. For the
10% white Gaussian noise case, the inversions are cor-
rupted except for the base height. In the horizontal
measurement inversions, an evaporation duct profile
and the corresponding radar sea clutter collected at
the East China Sea are analysed. Though the replica
field did not match well with the observed data, from a
simple least square objective function, the best match-
ing signal power could be approached by examining
the degree of compliance of the locations of the maxi-
mum and the minimum in the replica field. The sim-
ulations and the real data results demonstrate the
applicability of SA for refractivity estimation. The
validations of SA in practical applications should be
tested further by more real data experiments.
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