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Abstract: The Met Office operates a ground based operational network of nine 

polarisation Raman lidars (aerosol profiling instruments) and sun photometers (column 

integrated information) across the United Kingdom (UK). An aerosol classification 

scheme using supervised machine learning has been developed. The concept of 

Mahalanobis (~normalized) distance to identify the aerosol type from individual 

Aerosol Robotic Network (AERONET) measurements including Extinction Angstrom 

Exponent, Absorption Angstrom Exponent, Single Scattering Albedo and Index of 

refraction is used for a subset of AERONET stations around the globe of known main 

aerosol types (training set). The aerosol types so far include marine, urban industrial, 

biomass burning and dust. The relation of particle linear depolarisation ratio (PLDR) 

and lidar ratio (LR) from the Raman lidar is used in synergy to validate the particle type. 

 

1. Introduction  

Aerosols play a significant role in Earth's 

climate system and air quality. The 

composition, size, and distribution of aerosols 

influence atmospheric processes, such as 

radiative forcing and aerosol cloud interaction 

[1]. Additionally, aerosols negatively impact 

human health in form of air pollution [2].   Thus, 

accurate aerosol classification and 

characterization are essential for understanding 

their impacts on climate, health, and 

ecosystems. The Aerosol Robotic Network 

(AERONET) is a globally distributed network 

of ground-based sun photometers, designed to 

measure aerosol optical properties with high 

precision and temporal resolution [3]. 

AERONET aerosol physical and optical 

properties have been used for aerosol 

classification before [e.g. 4-7]. Additionally, 

lidar observations show well established 

aerosol classification schemes based on lidar 

ratio (LR) and particle linear depolarisation 

ratio (PLDR) [8,9]. Recent advancements in 

machine learning techniques offer promising 

avenues automating aerosol classification 

processes and can be used for both lidar [10] 

and sun photometer data [11]. This paper 

presents an integrated approach for aerosol 

classification utilizing AERONET sun 

photometer data and the K nearest neighbor 

(KNN)  machine learning (ML) algorithm. By 

harnessing the rich dataset provided by 

AERONET, including an approach to utilize 

cloud screened level 1.5 data, we aim to 

enhance the efficiency and timeliness of aerosol 

classification, making it potentially available 

for nowcasting and/or model assimilation.   

2. Methodology 

Our aerosol clusters are based on geographical 

location [6] with predominant aerosol types 

rather than by composition or clustering 

analysis [4]. To build a training data set we 

assign a specific type of aerosol with a given 

location (like in [6,12]). Locations with 

predominantly urban industrial aerosols include 

major cities like Hamburg, Moscow Stennis, 

and GSFC (Goddard Space Flight Center 

NASA in Greenbelt, Maryland), Aerosols 

from biomass burning are expected at sites in 

the Amazon and Southern Africa: Mongu, 

Cuiaba, Etosha Pan, Alta Floresta. Dust is 

prevalent in Saudi Arabia, e.g. Solar Village, 

Dakar, Djou Gou, and Blida. Marine aerosols 

are found on islands and coastal locations, e.g. 

Lanai. For the mixed aerosol definition, 
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Figure 1: Examples of the aerosol clusters in 2-

dimenional representation. 

including but not limited to Asian cities (e.g. 

Pune, Osaka, Pokhara, Beijing), we follow the 

nomenclature of [13]. The KNN technique is 

then applied using the Mahalanobis distance 

[14], as it is independent of dimension and there 

is no limit to the number of variables that can be 

used to evaluate it [6]. We build a predictive 

model from AERONET data using a training 

data set according to the geographical aerosol 

classification mentioned above. As basis for our 

classification we use the relationship of 

Imaginary and Real    Refractive    Index,   

Absorption    Angstrom Exponents (AAE),  

Single Scattering Albedo (SSA),  and  

Extinction  Angstrom Exponent(EAE)   based 

on [6]. Examples of the clusters are shown in 

figure 1. The aim is to build a real time aerosol 

classification application that can be used in 

Nowcasting. As level 2.0 data is usually only 

available after 1-2 years (after a new calibration 

has been performed), it is important to analyze 

the properties as compared to more readily 

available level 1.5 (cloud screened) data. We 

found that the difference between level 1.5 and 

level 2.0 AERONET data was significant 

especially in SSA and AAE. Therefore, we 

defined an additional cluster, referred to here as 

‘QC screened’ from level 1.5 data with 
SSA<0.9 and AAE<0.4.  As seen in figure 1 

those properties were not/rarely found in the 

chosen reference clusters level 2.0 data. This is 

not a replacement of AERONET level 2.0 

screening but used as practical parametrisation. 

An additional criterion was included for marine 

aerosols using level 1.5 data, filtered EAE<1, as 

suggested in [15]. 

In a sensitivity study we split the training data 

set into 30% test data and 70% training data. We 

found that including 5 sites (with 5 different 

aerosol types) and K=13 showed the highest 

accuracy of 92% (figure 2), where accuracy is 

defined as fraction of correctly predicted 

aerosol type according to the initial assignment 

in the test dataset. 

 

Figure 2: Sensitivity study including various 

numbers of aerosol type specific sites and 

Quality Control (QC) screened cluster. 

 

Figure 3: Locations with specific dominant 

aerosol types chosen for the ML algorithm. 
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Therefore, the core of our model includes five 

AERONET sites with predominant aerosol 

types (figure 3): mixed aerosol (Pune), biomass  

burning (Mongu),  dust (Solar Village),  urban 

industrial (GSFC), and marine (Lanai). 

3. Results 

Here, we present more detailed data from 

October 2017 ([16] hurricane Ophelia). We 

selected two examples where both lidar and sun 

photometer data is available.  

 

Figure 4:Lidar volume linear depolarisation 

ratios for 15 and 16 October 2017 [16]. 

Table 1. Example Results of lidar (L)  
and sun photometer(SP) ML aerosol 

classification from two locations in the 
UK: Watnall (WA) and Loftus 

(LO)(Ma=marine, Mi=mixed, D=dust) 

Place 

Date 

Time 

Layer 

height 

(km) 

PL

DR LR 

Aerosol 

type 

    %  (sr) L 

SP 

ML 

LO 

15/10/

2017 

0.3 to 

1.1 km 2 27 Ma Mi 

3-3:30 

pm 

1.4 to 

2.45 km 26 27 D   

WA 

16/10/

2017 

0.3 to 

1 km 2 19.5 Ma Ma 

2:30-

3pm 

1 to 

1.5 km  6 19.5 Ma   

  

 1.95 to 

2.9 km 16 19.5 D   

 

The first location in Loftus on 15th Oct 2017 

shows an equally balanced contribution of 

marine aerosols (PLDR=2%) and dust  

 

Figure 5: Optical properties and mass 

concentration estimates calculated from 

averaged profiled from Watnall on 16 October 

from 2:30 pm to 3:00 pm UTC. 
(PLDR=26 %) in two layers with an overall LR 

of 27 sr (using Klett-Fernald [17]). This is 

interpreted as mixed aerosol by the ML 

algorithm from the column integrated sun 

photometer data (Table1). Based on the data 

from 16th October 2017 (Figure 4 and 5) from 

the sun photometer in Watnall (Nottingham, 

UK), the KNN retrieval predicted the aerosol to 

be of marine origine (table 1). As shown in 

figure 5 the lidar ratio (LR) is set to 19.5 sr 

throughout the whole profile using the Fernald–
Klett method [17]. The PLDRs are 2 % and 6 % 

between 0.3-1 km and 1-15 km, respectively. 

However, some aerosol is present at 1.95-2.9km 

with a PLDR of 16%. These values suggest the 

lower layers are of marine origine with some 

dust above 1.95 km [8,9]. The findings of the 

lidar are in good agreement with the ML 

prediction of marine aerosol. The sun 

photometer is a column integrated 

measurement, as most of the profile shows as 

marine aerosol from the lidar measurements 

with only a small dust layer in comparison. 

4. Summary and Discussion 

The KNN technique has been applied to build 

an aerosol Classification Scheme using 

AERONET data. Preliminary results show high 

accuracy (92%) on a test/train data set including 

level 1.5 data, which is suitable for Nowcasting. 

A few case studies so far show good agreement 

with lidar prediction of aerosol types. One issue 

of the column integrated sun photometer data is 

that mixtures of aerosols cannot be 

distinguished easily and may be overestimated. 

While there are certainly some shortcomings in 

our approach as discussed, we are confident that 

generally our algorithm leads to plausible 

aerosol identifications. 
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5. Outlook 

We plan to increase the test and train data set to 

improve the accuracy of our model. Further we 

will add a volcanic ash cluster to the scheme 

based on volcanic eruptions over the last 8-10 

years using global data. We will add more 

validation utilizing more case studies of lidar 

and sun photometer synergetic measurements 

as well as satellite data comparison. 
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