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Visibility is an important atmospheric parameter that is gaining increasing global attention. This study introduces a
back-propagation neural network method based on genetic algorithm optimization to obtain visibility directly using light
detection and ranging (lidar) signals instead of acquiring extinction coefficient. We have validated the performance of the
novel method by comparing it with the traditional inversion method, the back-propagation (BP) neural network method,
and the Belfort, which is used as a standard value. The mean square error (MSE) and mean absolute percentage error
(MAPE) values of the genetic algorithm-optimized back propagation (GABP) method are located in the range of 0.002 km2–
0.005 km2 and 1%–3%, respectively. However, the MSE and MAPE values of the traditional inversion method and the BP
method are significantly higher than those of the GABP method. Our results indicate that the proposed algorithm achieves
better performance and can be used as a valuable new approach for visibility estimation.
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1. Introduction
Visibility is an important atmospheric parameter that has

attracted increased attention in recent years. The decline in
atmospheric visibility caused by increased aerosol emissions
has become an important environmental issue in China.[1]

Low visibility is a dominant problem in areas close to air-
ports, which affects aviation safety during take-off and land-
ing. Low-visibility weather conditions also limit road traffic
and lead to navigational accidents, especially in the narrow
areas of straits or rivers. Consequently, detecting visibility
is critical for transportation security. The most fundamental
definition of visibility is a measure of the ability of unaided
human eye to identify distant objects.[2] However, the visibil-
ity determined by subjective ground observers involves sig-
nificant uncertainty and varies from person to person. With
advances in technology, modern methods used to measure vis-
ibility rely primarily on instrumentation. For example, trans-
missometers (Vaisala, Finland) and scatterometers (Belfort,
USA) have been used at airports and along highways. Light
detection and ranging (lidar), as an active remote sensing tech-
nology, has been widely used in the areas of laser transmis-
sion, climate prediction, aerosol radiance force effects, and
atmospheric environment measurements.[3,4] Several studies
have investigated the potential application of lidar to visibility
detection.[5–9] In this paper, we proposed a new method to ac-
quire visibility based on lidar signal using genetic algorithm-
optimized back propagation (GABP) algorithm. Our results

are in good agreement with the data of Belfort meter, which
indicates that the visibility can be obtained directly using our
proposed approach without calculating the extinction coeffi-
cient.

2. Traditional lidar method for visibility detec-
tion
Each of the instruments described above calculates visi-

bility from an acquired extinction coefficient. This paper fo-
cuses on the use of lidar to detect visibility, with instrumenta-
tion measurements (Belfort) assumed to be the standard value.
The Klett and Fernald methods are commonly used to invert
extinction coefficients based on a lidar signal.[3,10] In the Klett
method used in this study, the extinction coefficients are rep-
resented as follows:[3]

σ(z) =
exp[(S−Sm)/k]

{σ−1
m +(2/k)

∫ zm
z exp[(S−Sm)/k]dz′}

. (1)

where k depends on lidar wavelength and aerosol features (we
assume k = 1), z is the lidar detection range, zm is the detection
range at the calibration point, σm is the extinction coefficient
at the calibration point and the value of this point is acquired
by Broyden algorithm,[11] S is the range-corrected lidar sig-
nal, and Sm is the range-corrected lidar signal at the calibra-
tion point. Figure 1 is the lidar system used in this study that
is described by Sun et al.[12]

Figure 2 shows an experimental image in Hefei with high
concentrations of aerosol particles illuminated in the air. The
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lidar has excellent range resolution in the near region and
could be suitable for visibility detection. The Belfort visibility
meter measures extinction coefficients at small distances. We

have calculated the visibility using the mean value of the first
two extinction coefficients acquired from the lidar in order to
approach the method used in the Belfort.
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Fig. 1. Schematic diagram of lidar system.

Fig. 2. The experimental image.
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Fig. 3. Visibility obtained by the traditional method and Belfort.

The relationship between visibility and atmospheric ex-
tinction coefficients depends on the physical properties of the
hydrometeor and the wavelength as follows:[13]

σ =
3.912

V

(
λ

550 nm

)−q

. (2)

where σ (in unit of km−1) is the extinction coefficient, V (in
unit of km) represents the visibility, λ (in unit of nm) denotes

the detection wavelength, and q is an empirical correction fac-
tor given by

q =


1.6 (V > 50 km),
1.3 (6 km <V < 50 km),
0.16V +0.34 (1 km <V < 6 km),
V −0.5 (0.5 km <V < 1 km),
0 (V < 0.5 km).

(3)

Finally, visibility is obtained using Eq. (2), as shown in Fig. 3.

3. New method for visibility detection
As demonstrated in Fig. 3, visibility detected using lidar

is in excellent agreement with the Belfort measurements. This
supports the viability of the lidar system and the accuracy of
the acquired signal. However, some variables are replaced by
empirical or hypothetical values for the convenience of calcu-
lation during inversion of the extinction coefficient, which in-
troduces uncertainty and errors in the calculation.[3] The high
degree of visibility similarity between lidar and Belfort sug-
gests that a new method can be developed to calculate visi-
bility without the need to invert extinction coefficients. We
propose the use of a neural network model with autonomous
learning functions for visibility calculation. By learning the
sample patterns, the internal mechanisms between the infor-
mation can be distributed and stored in the network. A back
propagation (BP) neural network method, developed using
steepest gradient descent, can then be used to solve for visi-
bility. Its primary function is to modify the weights between
layers to minimize total error in the network.[14] The network
learning process is a backward propagation of errors, and the
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process of updating the weights and threshold coefficients is
constantly updated. However, the primary flaw of this BP
algorithm is that it has a tendency to fall into local optimal
solutions because the initial thresholds and weights are gen-
erally initialized to random numbers over a certain range.[15]

The genetic algorithm (GA) is a highly-parallel and adap-
tive detection technique which was developed from the the-
ory of biological evolution in nature.[16,17] GA can preserve
highly adaptable environmental gene characteristics and elimi-
nate low-adaptation genetic features by distinguishing individ-
ual genetic changes in the simulation of individual organisms.
Consequently, we propose a genetic algorithm-optimized back
propagation network for visibility calculation. The structure of
the GABP method is described in Fig. 4.

input layer hidden layer output layer

GA optimized

ωij ωjk

Fig. 4. The structure of the GABP neural network.

In the BP neural network, the signal is input through the
input layer, calculated in the hidden layer, and results are ob-
tained from the output layer. The output signal is then com-
pared with the expected output value to calculate the corre-
sponding error. The network is corrected from the back to
the front based on the resulting error. During this process,
the thresholds and connecting weights between layers are ad-
justed using the error gradient descent method. The process
of weight adjustment for each forward propagation layer and
back-propagation error is implemented periodically until the
output error for the BP algorithm is below an acceptable level,
as determined by the user or learning epochs established by
the algorithm. The purpose of using GA to optimize the orig-
inal thresholds and weights in the BP algorithm is to optimize
the BP algorithm for improved output performance. Funda-
mentally, the network is represented by the original thresh-
olds, individual weights, and calculation errors in the BP neu-
ral network, defining an individual fitness value. Optimal ini-
tial thresholds and weights are identified through selection,
crossover, and mutation operations to identify the most suit-
able individual. This completes the network training process.

In this study, GA is used to modify weights and thresholds in
the BP algorithm, and GA can also be used to identify learning
parameters and network structures.[15] A GABP flow chart is
shown in Fig. 5.
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algorithm of neural 
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Fig. 5. A flow chart for GABP.

The network architecture is assumed to be n–s–m (n in-
puts, s neurons in the hidden layer, and m outputs). The term
xi represents the input signal, f1 is the transfer function for the
hidden layer, ωi j represents the connection weight from the
input layer to the hidden layer, and θ j represents the threshold
value of the hidden layer. The term b j represents the output of
the hidden layer, f2 is the transfer function of the output layer,
ω jk indicates the connection weight from the hidden layer to
the output layer, and θk represents the threshold value for the
output layer. These values are used to produce the algorithm
output yk.[15] The output of the jth neuron in the hidden layer
is given by

b j = f1

( n

∑
i=1

ωi jxi−θ j

)
(i = 1,2, . . . ,n; j = 1,2, . . . ,s) . (4)

The output of the output layer can be expressed as

yk = f2

( s

∑
j=1

ω jkb j−θk

)
( j = 1,2, . . . ,s; k = 1,2, . . . ,m) . (5)

The network training process involves continuously modify-
ing the weights and thresholds to reduce the error between ex-
pected and output values until it is below a predefined goal
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(0.009). The algorithm can also run a predetermined number
of epochs (500). Lidar data are then inserted into the trained
network and visibilities are acquired. This study incorporates
four nodes in the input layer, representing two ranges and their
corresponding intensities. The number of nodes in the hidden
layer is determined using Eq. (6)[14]

N2 = 2×N1 +1. (6)

where N1 and N2 are the numbers of nodes in the input and hid-
den layers, respectively. The output layer contains one node
representing visibility. The transfer function f1 uses an S-type
tangent function (tansig), while f2 adopts an S-type logarith-
mic function (logsig).

neural network

input

layer layer
output

1

19

4

Fig. 6. A real neural network developed in Matlab.

Figure 6 shows a real neural network developed in Mat-
lab. The first 300 sets of data shown in Fig. 3 are used as
training data and the next 178 sets are used for calculative
data. This program produces different results each time it
runs thanks to the randomness of optimizing thresholds and
weights in the GABP method. The results of the two con-
secutive runs are shown in Figs. 7 and 8. The visibility ob-
tained by the GABP method, the traditional inversion method,
the BP method, and the Belfort method are compared in the
figures. There is a big difference between the traditional in-
version method and the standard value. In addition, the cor-
relation and absolute difference between visibility values ob-
tained by GABP and BP methods and their standard values are
acceptable.
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Fig. 8. A comparison between the BP and GABP methods for the second run.

The accuracy of these calculating results is quantitatively
assessed using two performance functions: mean squared er-
ror (MSE) and mean absolute percentage error (MAPE). The
corresponding expressions are as follows:[14]

MSE =
1
N

N

∑
n=1

(yn− ỹn)
2, (7)

MAPE =
1
N

N

∑
n=1

∣∣∣∣yn− ỹn

yn

∣∣∣∣×100%. (8)

where yn and ỹn represent the expected and calculating values
for the n-th data, respectively, and N represents the total num-
ber of data used for performance evaluation and comparison.

Table 1. Two continuous runs.

Method MSE/km2 MAPE /%

First run
BP 0.0116 3.9243

GABP 0.0038 2.2134
traditional 0.0285 7.0157

Second run
BP 0.0132 4.1305

GABP 0.0040 2.3043
traditional 0.0285 7.0157

Table 1 shows the results corresponding to the above two
continuous operating conditions. Both the MSE and MAPE
values for the traditional inversion and BP method are much
higher than those of GABP, which demonstrates the viability
of the GABP method. The program is then run one hundred
times consecutively and the number of times MSE and MAPE
appear in a range of numbers is tallied. Due to the fact that
the traditional inversion results remain constant as the number
of runs changes, we only show the relevant results of BP and
GABP methods in Figs. 9 and 10. Figure 9 shows MSE val-
ues for the GABP method, which are all located in the range
of 0.002 km2–0.005 km2. MSE values for the BP method are
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significantly higher than those of the GABP method, with the
highest MSE values in the range of 0.026 km2–0.029 km2.
Figure 10 shows MAPE values for the GABP method, which
are all located in the range of 1%–3%. MAPE values for the
BP method are higher than those of the GABP method, with
the highest MAPE values in the range of 6%–7%. Thus, the
GABP method outperforms the BP method after sufficient op-
timization of weights and thresholds, and is also better than
the traditional inversion method.
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4. Conclusion and perspectives

In conclusion, a novel GABP technique has been pro-
posed to calculate visibility based on return lidar signals.
Belfort visibility datasets are used as standard values to verify
the performance of GABP method compared with the tradi-
tional inversion and BP methods. Our results demonstrate that
the new proposed approach is a significant improvement. The
network topology introduced in this study is determined man-
ually. An alternative method for the neural network structure
optimization will be part of our future work.
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