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Abstract 
Understanding aerosol climate interactions is crucial for monitoring atmos-
pheric changes and supporting climate resilience efforts, particularly in vulner-
able regions such as Kenya. This study applies a Multivariate Hidden Markov 
Model (HMM) to detect anomalies in key Aerosol Optical Properties (AOP) 
i.e., Aerosol Optical Depth (AOD), Single Scattering Albedo (SSA), and Ång-
ström Exponent (AE) alongside associated climate variables; Surface Air Tem-
perature (SAT) and Rainfall Rate (RR), over the period 2000-2022. Satellite-
based datasets from MODIS, MERRA-2, and TRMM were used to derive 
monthly means, and descriptive statistics and linear regression were initially 
employed to characterize long-term variability. The objectives of this study 
were to examine the temporal and spatial variability of key aerosol and climate 
parameters over Kenya, detect and classify anomalies in the multivariate da-
taset using HMM and to interpret the climatic and environmental implications 
of detected anomalies and their possible causes. The HMM approach success-
fully identified temporal patterns and hidden states, enabling the detection of 
significant anomalous periods, particularly between 2010 and 2016, which aligned 
with regional biomass burning events and transboundary pollution episodes. 
Results indicate that AOD and SSA anomalies correspond with periods of ele-
vated temperature and reduced rainfall, highlighting potential climate-aerosol 
feedbacks. The findings demonstrate the utility of multivariate HMMs in cap-
turing the complex dynamics of aerosol-climate interactions and provide a 
foundation for improved air quality monitoring and climate impact assess-
ments in Kenya which is critical for improving environmental monitoring and 
enhancing regional climate adaptation strategies. 
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1. Introduction 

Aerosols, comprising fine solid particles or liquid droplets suspended in the at-
mosphere, play a critical role in modulating the Earth’s climate system through 
direct and indirect radiative forcing [1]-[3]. Key aerosol optical properties (AOPs) 
such as Aerosol Optical Depth (AOD), Single Scattering Albedo (SSA), and Ång-
ström Exponent (AE) provide essential insights into aerosol concentration, com-
position, and particle size distribution [4] [5]. These properties influence cloud 
formation, surface energy balance, and precipitation dynamics, thereby affecting 
regional and global climate variability [6] [7]. 

In Kenya, the variability of aerosols is driven by a combination of natural pro-
cesses such as dust transport from arid regions and volcanic activity, as well as 
anthropogenic emissions from urbanization, agriculture, and biomass burning [8] 
[9]. Seasonal weather patterns, including the Intertropical Convergence Zone 
(ITCZ) shifts, further modulate aerosol transport and deposition in the region 
[10]. Despite the significance of aerosol climate interactions in Kenya, compre-
hensive studies focusing on the joint variability and detection of anomalies in 
AOPs and associated climate variables such as surface air temperature (SAT) and 
rainfall rate (RR) remain limited. 

Anomalies in these parameters signal significant shifts in atmospheric condi-
tions, environmental stress or extreme events. Detecting such anomalies is critical 
for climate monitoring, environmental health assessments, and policy-making 
[11]. Traditional statistical methods often fail to capture latent dynamics or re-
gime shifts in complex, multivariate time series data. In contrast, the Multivariate 
Hidden Markov Model (HMM) provides a probabilistic approach that identifies 
hidden states governing observable patterns, making it highly effective for anom-
aly detection in environmental datasets [12] [13]. 

Aerosols influence the Earth’s radiative balance through scattering and absorp-
tion of solar radiation (direct effect), and by modifying cloud microphysical prop-
erties (indirect effect) [1]. The Aerosol Optical Depth (AOD) quantifies the co-
lumnar concentration of aerosols, while the Single Scattering Albedo (SSA) indi-
cates the extent of scattering versus absorption. The Ångström Exponent (AE), 
derived from the spectral dependence of AOD, provides insights into aerosol size 
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distribution [5] [4]. These properties influence cloud formation, surface energy 
balance, and precipitation dynamics, thereby affecting regional and global climate 
variability [6] [7]. 

In regions such as East Africa, seasonal biomass burning, urban emissions, and 
dust intrusions from the Sahara and Arabian Peninsula contribute significantly to 
aerosol variability [8]. Studies have found that elevated AOD levels over East Af-
rica coincide with dry seasons and increased fire activity, suggesting a strong link 
between aerosols and regional climate dynamics [9]. 

Kenya, with its diverse geography and climatic zones, experiences significant 
aerosol variability. Satellite observations from MODIS and ground-based AERO-
NET stations have shown moderate to high AOD levels in urban areas like Nairobi 
and along the coastal regions, often associated with biomass burning and vehicu-
lar emissions [14]. AE values in Kenya typically range between 1.0 and 1.4, indi-
cating dominance of fine-mode aerosols, though coarse-mode particles dominate 
during dust transport events [15]. 

Climatic variables such as surface air temperature (SAT) and rainfall rate (RR) 
are also influenced by aerosol loading. Aerosols can suppress or enhance rainfall 
depending on their composition and vertical distribution, and they can alter sur-
face temperature by modifying solar radiation [6] [16]. 

Detecting anomalies in climate and atmospheric datasets is essential for under-
standing extreme events and deviations from long-term trends. Traditional tech-
niques such as z-score thresholding, time-series decomposition, and wavelet anal-
ysis have been widely used [11]. However, these methods often fall short when 
dealing with multivariate datasets or capturing hidden temporal dynamics. Stud-
ies have highlighted the limitations of univariate anomaly detection when dealing 
with atmospheric systems where variables are interdependent [17]. 

Hidden Markov Models (HMMs) are stochastic models that assume the pres-
ence of unobservable (hidden) states governing the behavior of observed variables 
over time. They have been successfully applied in meteorology, hydrology, and air 
quality research for pattern recognition, classification, and anomaly detection [13] 
[12]. 

The Multivariate Hidden Markov Model (MHMM) extends this framework by 
modelling multiple interdependent variables simultaneously, making it especially 
suited for detecting structural changes and latent states in environmental systems 
[18]. In recent years, MHMMs have been used to detect drought regimes, classify 
aerosol states, and identify shifts in climate patterns [19]. 

Despite its strengths, the application of MHMM to aerosol-climate interaction 
studies in sub-Saharan Africa, and particularly Kenya, remains limited. This re-
search addresses that gap by integrating AOP and climate data using MHMM to 
uncover hidden anomalies across space and time. 

This study applies a Multivariate Hidden Markov Model to analyze satellite-
derived AOPs (AOD, SSA, AE) and associated climate variables (SAT, RR) over 
Kenya between 2000 and 2022. By leveraging data from MODIS, MERRA-2, and 
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TRMM, the research aims to uncover underlying state transitions and detect tem-
poral anomalies in aerosol climate interactions. The specific objective of this study 
is to examine the temporal and spatial variability of key aerosol and climate pa-
rameters over Kenya, detect and classify anomalies in the multivariate dataset us-
ing HMM and interpret the climatic and environmental implications of detected 
anomalies and their possible causes. The findings will provide valuable insights 
into the behavior of aerosols in Kenya context and support informed decision-
making in climate adaptation and air quality management. 

2. Material and Methods 
2.1. Study Area 

The study was conducted over Kenya, bounded by Latitudes 5˚S - 5˚N and Lon-
gitudes, 34˚E - 42˚E (See Figure 1). The country covers an area of approximately 
582,646 square kilometers and shares borders with Ethiopia to the north, Somalia 
to the east, Tanzania to the south, Uganda to the west, and South Sudan to the 
northwest [20]. Its south-eastern boundary lies along the Indian Ocean, a key in-
fluence on the country’s climate and atmospheric dynamics. 
 

 
Figure 1. Showing study area. 

 
Kenya exhibits a diverse climate pattern influenced by its equatorial location, 
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varied topography, mountain, rift valley, plains, highlands and low lands, large 
water bodies like Lake Victoria, Lake Nakuru, Lake Baringo, Lake Naivasha, lake 
Turkana and Indian Ocean. Four climatic zones i.e., equatorial, tropical, semi-arid 
and arid. Equatorial basically in Western and parts of Nyanza, characterized by 
high rainfall and moderate temperatures [21]. Tropical dominating Central high-
lands i.e., Nyeri and Nairobi lang rains March-May and short rain October to De-
cember. Semi-arid and arid zone cover eastern, North-eastern regions areas like 
Garissa, Marsabit, Turkana, Lodwar, Moyale etc. very low rainfall with high tem-
perature [21]. The country has experienced a warming trend over recent decades. 
Average annual temperature increased by about 0.34˚C per decade [1]. 

2.2. Data Sources 

The study uses satellite-derived monthly data from 2000 to 2022 obtained from 
the following sources: from Giovanni. This study utilized monthly satellite da-
tasets spanning 2000-2022, including MODIS (AOD, SSA), MERRA-2 (SAT and 
reanalysis precipitation and TRMM (Precipitation estimation). To ensure con-
sistency all datasets were regridded to a common spatial resolution of 1˚ × 1˚. The 
native resolutions were MODIS (1˚ × 1˚) MERRA-2 (0.5˚ × 0.625˚) and TRMM 
(0.25˚ × 0.25˚). For MODIS retrievals only values with quality assurance flags 
greater than 2 were retained to minimize retrieval uncertainty. Missing values 
were gap-filled using linear interpolation to preserve temporal continuity without 
artificially amplifying variance. A sensitivity test comparing linear interpolation 
and cubic spline interpolation on selected time series showed negligible differ-
ences in anomaly detection outcome, justifying the adopted approach. To address 
spatial heterogeneity two approaches were considered, national means, which 
provided a robust signal of larger scale anomalies and regional clustering based 
on Kenya’s major climate zones. While national means highlighted broad-scale 
events, regional analysis revealed localized anomalies, particularly enhanced AOD 
episodes in Northern and eastern Kenya.  

2.2.1. Moderate Resolution Imaging Spectroradiometer (MODIS) 
MODIS is a satellite sensor brought into the earth’s atmosphere by the National 
Aeronautics and Space Administration (NASA) in partnership with Goddard 
Space Flight Centre (GSFC). It is divided into MODIS Aqua which orbits at 
13:30 p.m. local time and MODIS Terra orbiting at 10:30 a.m. local time. Using 
a temporal resolution of 1 - 2 days and a swath of 2330 km, MODIS obtains its 
data in 36 bands. Out of the 36 bands, 5 bands are at 500 m, 2 bands at 250 m 
and 29 bands at 1 km [22]-[24] with two algorithms: Deep Blue (DB) and Dark 
Target (DT).  

2.2.2. Modern Era Retrospective Analysis for Research and Application  
Version 2 (MERRA-2) 

(MERRA-2) is the latest atmospheric reanalysis of the modern satellite era pro-
duced by NASAs Global Modelling and Assimilation Office [25] MERRA-2 pro-
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duction began in June 2014 in four processing streams, and converged to a single 
near-real time stream in mid-2015. Its products can easily be accessed online 
through the NASA Goddard Earth Sciences Data Information Services Centre 
(GESDISC). MERRA-2 assimilates observation types not available to its predeces-
sor, MERRA, which includes updates to the Goddard Earth Observing System 
(GEOS) model and analysis scheme so as to provide a viable ongoing climate anal-
ysis beyond MERRAs terminus [26].  

2.2.3. Tropical Rainfall Measure Mission (TRMM) 
TRMM is a joint project established and launched 1997 between NASA and the 
Japanese space agency, JAXA. TRIMM provides the research and operational 
communities’ unique precipitation information from space. Use of both active 
and passive microwave instruments and processing, low inclination orbit (35˚) 
make TRMM the world’s foremost satellite for the study of precipitation and as-
sociated storms and climate processes in the tropics. TRMM is designed to meas-
ure rain rates from space using a combination of high-resolution radar, passive 
microwave radiometer and visible-infrared radiometer measurements from a 
spacecraft in a rapid precession. These measurements, averaged over a 500 km 
grid for a month, are expected to provide monthly mean rainfall to an accuracy of 
10 - 15 percent [27].  

2.3. Data Pre-Processing 

All datasets were resampled to a common spatial resolution and averaged monthly. 
Missing values were filled using linear interpolation. Anomalies were standard-
ized using z-scores to identify temporal outliers. Data was further normalized be-
fore modelling to ensure comparability among variables. 

2.4. Exploratory Data Analysis 

Descriptive statistical analysis was performed to evaluate the central tendency, 
dispersion, and distribution of each variable. Temporal trends were visualized 
through line graphs and seasonal plots. Linear regression was employed to detect 
long-term trends in AOPs and climate variables. 

2.5. Multivariate Hidden Markov Model (HMM) 

This study leverages Kenya’s geographical and climatological diversity to assess 
anomalies in AOD, SSA, AE, SAT, and RR from 2000 to 2022 using a Multivariate 
Hidden Markov Model. 

The HMM was implemented to detect hidden states representing normal and 
anomalous atmospheric conditions. Each state characterizes a distinct combina-
tion of AOP and climate values. The model assumes observations are generated 
from a mixture of multivariate Gaussian distributions conditional on an unob-
served Markov chain. 

The HMM was implemented using R programming software with the depend-
ent Mixture Models Hidden Markov Models (depmixS4) package, allowing spec-
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ification of multivariate emission distributions. Model parameters were estimated 
via maximum likelihood using the Expectation-Maximization (EM) algorithm. 
Model selection was based on the Bayesian Information Criterion (BIC), and the 
number of hidden states was optimized accordingly. 

Limitations of the study include the spatial resolution of satellite data and the 
assumption of temporal homogeneity in HMM. Additionally, ground validation 
was limited due to sparse observational networks in some regions of Kenya. 

2.6. Model Selection and Validation  

The Multivariant Hidden Markov model was fitted to the coupled aerosol climate 
dataset (AOD, SSA, AE, SAT and RR). Model selection was based on the Bayesian 
information criterion (BIC), which indicated that a three-state model provided 
the optimal balance between complexity and explanatory power. The three hidden 
states were characterized by distinct state dependent means and variances, cap-
turing transitions between baseline conditions, moderate anomalies and severe 
anomalies associated with high aerosol loading and suppressed rainfall. Transition 
probability matrices indicated persistent states memory, with severe anomalies 
showing strong recurrence during 2010-2016. A detailed summary of state -de-
pendent parameters and BIC scores are presented in Table 1 below. 
 

Table 1. HMM model selection and state characteristics (5-state model). 

Model 
HMM 

No of hidden 
states 

BIC 
score 

State 
Mean 
AOD 

Mean 
SSA 

Mean 
SAT 

Mean RR 
(mm/month) 

SPEI variance 
Dominant  

characteristics 

 5 1380 S1 0.09 0.92 24.1 98.3 0.25 Low Baseline 

   S2 0.16 0.89 25.0 85.6 0.02 Low/moderate Mild aerosol increase 

   S3 0.24 0.87 25.8 70.4 −0.45 Moderate Moderate anomalies 

   S4 0.33 0.84 26.9 58.0 −1.02 High Strong aerosol loading 

   S5 0.40 0.81 27.6 44.7 −1.85 Very high Severe anomaly 

 
To assess detection skill, anomaly months flagged by the HMM were compared 

against independent datasets, including MODIS fire counts and the Standardized 
Precipitation Evapotranspiration Index (SPEI). Results revealed that high-proba-
bility anomaly months corresponded closely to peaks in biomass burning and 
drought episodes, lending confidence to the model’s ability to detect physically 
consistent anomalies. 

2.7. Anomaly Detection and Interpretation 

The Viterbi algorithm was used to decode the most likely sequence of hidden 
states. States associated with extreme values (e.g., high AOD or low SSA) were 
classified as anomalous. Temporal distribution of anomalies was examined to as-
sess frequency, persistence, and potential linkage with environmental events such 
as biomass burning or droughts. 
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3. Results, Discussion and Conclusion 
3.1. Detected Anomalies in Aerosol Optical Depth (AOD) 

Blue dots show Normal AOD mean values over time. Red dots show Anomalies 
detected in AOD means values over time that deviates significantly from expected 
range based on the HMM analysis. The period cover years between 2000 to 2022. 
x-axis shows years and the y-axis shows the corresponding AOD mean Values 
(See Figure 2). 
 

 
Figure 2. Time series with detected Anomalies AOD mean Using Hidden Markov Model 
(HMM) year 2000-2022. 
 

Most of the AOD mean values fall between 0.10 and 0.25 suggesting a general 
moderate aerosol concentration over Kenya observed during the period.  

The anomalies are relatively fewer, less than 20 values exactly 14 values out of 
256 plotted points. They mainly occurred between 2007-2009. This could be at-
tributed to enhanced biomass burning in East Africa and Central Africa, biomass 
burning increased due to changes in land-use, unsustainable agricultural practice 
and spread of dry conditions. Burning of biomass produced large quantities of 
aerosols hance increased AOD mean value [28] [29].  

The La Nina event of 2007-2008 could led to drier conditions than normal over 
eastern Africa, this increased dust mobilization and reduced wet depositions of 
aerosols over the region. With less rainfall leads to less Aerosol scavenging hence 
increased AOD mean values [30]. More cluster between 2012-2014.  

Scattered anomalies appeared in 2016 and 2019. This can be attributed to local-
ized climate variability, ununiform biomass burning, dust outbreaks and anthro-
pogenic activities. Land clearing in Kenya and Tanzania and Uganda contributed 
to aerosol loading at different times of the year due to variation in seasons [31]. 
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Post El-Nino effect, moderate El-Nino 2015-2016 which ended 2016, the residual 
impacts, altered rainfall pattern, dry spell continued to 2017. The changes lead to 
drier vegetation increasing the chances of fire and reduced aerosol removal via 
rainfall hence increased AOD mean value [10] [32]. Highest anomaly appears to 
be around 2013, where AOD exceeds 0.35 a clear outlier. This could be attributed 
to increased Urban development in Kenya, Nakuru, Eldoret, Nairobi, Mombasa, 
Kisumu cities, there is high transport emission and industrial emission especially 
during low temperature, thus increase in aerosols loading in the Kenyan Atmos-
phere [21]. 

Higher AOD exceeds 0.35 mean can be attributed to severe drought condition 
in 2013, rainfall received in Kenya was below average, this led to dry surface con-
ditions, hence more dust generation and reduced wet deposition of aerosols. More 
vegetation dried up hence increasing risk of fire breakout [30]. There were intense 
biomass burning in central and Eastern Africa based on the MODIS record, in 
Democratic Republic of Congo and Northern Zambia, transported by wind to 
Kenya, leading to an increase in AOD [33]. In 2013, there was a strong wind event 
that transported mineral dust from the Horn of Africa, Somalia and Arabian Pen-
insula into Northern Kenya which combined with local sources hance pushing 
AOD values beyond normal [34]. 

3.2. Time Series with Anomalies in Single Scattering Albedo (SSA)  
2004-2022 

From Figure 3 green dots show Normal SSA mean values over time. Red dots 
show Anomalies detected in SSA means values over time that deviates signifi-
cantly from expected range based on the HMM analysis. The period cover years 
between 2004 to 2022. x-axis shows years 2000-2024, values start 2004 to 2022 and 
the y-axis shows the corresponding SSA mean Values.  
 

 
Figure 3. Time series with detected anomalies SSA mean using hidden markov model 
(HMM) year 2004-2022. 
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In 2006-2008 there was 4 indicators of values greater than 0.95, outliers’ anom-
alies that significantly deviate from the normal expected patterns. This could be 
attributed to unusual dominance of scattering aerosols which is associated with 
cleaner, less-absorbing particles. The period may have experienced lower black 
carbon emissions and higher sulphate and nitrate level from agricultural fertiliz-
ers, reduced biomass burning [35] [36]. In 2006-2007 was wet in many parts of 
the country due to presence of El-Nino leading to decrease in fire and less absorb-
ing aerosol production from smoke and BC hence low SSA [10]. Some of these 
outliers might be attributed to Satellite bias especially during low AOD conditions 
where SSA estimates can appear unusually high due to low absorbing aerosol con-
tent with high scattering aerosol contents [37]. 

In 2015-2019 there were 2 anomalies values less than 0.92 outliers’ anomalies 
far much less than the expected. This can be attributed to enhanced biomass burn-
ing releasing a large amount of black carbon, which is absorbing aerosol hence 
reduction in SSA. Dry condition and agricultural practices during the season 
could have resulted into frequently fire breakout [14]. The strong El-Nino event 
of 2015-2016 disrupted normal rainfall pattern resulting into a dry spell in part of 
East Africa, Kenya being part of the affected countries within the region. There 
was increase fire activities, higher dust emissions which included more absorbing 
mineral components than scattering components [10]. Rapid urbanization and 
increased industrial emissions especially around Nakuru, Naivasha, Eldoret, 
Thika, Nairobi, Mombasa enhanced local BC emission which lower SSA values in 
urban regions [38]. 

In 2010-2014 there were 8 anomalies values falling between 0.93 and 0.95. This 
suggests a consistent presence of moderately absorbing aerosols than scattering 
aerosols over Kenya during that period. There was a mixture of absorbing and 
scattering aerosols during the period; BC and organic Carbon (scattering) emitted 
together in biomass burning. Kenya and its neighboring countries experienced 
seasonal fire which recurred [39]. Satellite-based fire activity based on MODIS 
show moderate sustained fire emission 2010-2014, which weren’t intense enough 
to cause more absorbing aerosols [40]. 

Most of the SSA mean values fall between 0.93 and 0.95 suggesting a general 
moderate aerosol concentration over Kenya observed during the period. There 
was a mixture of scattering and absorbing particles over Kenya. The values tran-
sition from absorbing to scattering with rise from biomass burning i.e., dry-season 
burning in Kenya and neighboring countries produces a mixture of BC and or-
ganic Carbon. BC is absorbing aerosol while Organic Carbon is scattering aerosol, 
urban and transport emission and dust transport. There is influence of both nat-
ural and anthropogenic sources. The mixture of absorbing and scattering aerosols 
lower SSA [39]. 

Urban regions like Nairobi, Nakuru, Kisumu, Eldoret, Mombasa and Thika re-
leases moderate levels of BC and Organic aerosols from transport, industries and 
domestic energy uses. They contribute to absorption yield to moderate SSA mean 
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value [21]. Dust from Sahel are transported to Kenya bringing a mixture of ab-
sorbing and scattering aerosols, results into moderate SSA values [41]. Shift in 
wind direction influences aerosols locally or transported hence affecting their 
scattering and absorbing nature [10] [42]. 

3.3. Time Series with Anomalies in Angstrom Exponent (AE)  
2000-2022  

From Figure 4 yellow dots show Normal AE mean values over time. Red crosses 
show Anomalies detected in AE means values over time that deviates significantly 
from expected range based on the HMM analysis. The period cover years between 
2000 to 2022. x-axis shows years 2000-2024, values start 2000 to 2022 and the y-
axis shows the corresponding AE mean Values 0.0 to 1.4 AE mean values.  
 

 
Figure 4. Time series with detected anomalies AE mean using hidden markov model 
(HMM) year 2000-2022. 
 

Majority of Angstrom Exponent (AE) values over the study period range be-
tween 1.2 to 1.4, indicating normal mean levels associated with fine-mode aero-
sols. This attributed to a prevalence of anthropogenic activities which may include 
biomass burning aerosols contributing to fine-mode aerosols associated with 
higher AE values. AE values classified as AE > 1 fine-mode aerosols, AE < 1 
course-mode aerosols. This was observed in similar studies [5]. 

The period between 2006-2009 recorded multiple anomalies in AE value, there 
was four anomalies, one between 1.2 - 1.3 AE mean values another one between 
1.3 - 1.4 AE mean values and other two values far much greater than 1.4 AE mean 
values showing a great outlier AE mean value this indicated abnormal aerosol 
conditions over Kenya. These abnormal aerosol conditions could be attributed to 
regional biomass burning. During dry season Central Africa and East Africa con-
tribute to elevated fine-mode aerosols due to increase in biomass burning. These 
fine mode-aerosols are transported by prevailing easterly and north-easterly 
winds bringing in Kenya aerosols from neighboring regions like Uganda, Congo 
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Basin and Ethiopia hence reflected into increased AE mean value [5] [43] [44]. 
In 2010-2016, nine anomalies between 1.1 AE mean values and 1.4 AE mean 

values with only one appearing less than 1.1 AE mean values and another one 
above 1.4 AE mean values. Variability which includes both high and exceptionally 
low AE value observed. Very low values in 2012 indicate dominance of coarse 
particles, possibly dust transported from arid and semi-arid regions [45]. The 
coarse-mode particles from dust intrusions from arid regions i.e., Northern Kenya 
and long distance transported dust from Eastern Ethiopia and Sahara Desert cause 
low AE values in the region. Reduced biomass burning leads to a cleaner atmos-
pheric condition with fewer fine-mode aerosols particles resulting to decrease in 
AE mean value [5]. Elevated values 2011 and 2014 can be attributed to increase in 
fine-mode aerosols. Evidence of increased urban and industrial emission due to 
development of major urban centers such as Nairobi, Kisumu, Nakuru, Mombasa, 
Eldoret and Many industrial establishments in Thika, Saalgaa in Nakuru (Simba 
Cement), Bamburi Cement in Mombasa emission of a lot of smoke which consist 
of fine-mode aerosols. There is also evidence of biomass burning during dry sea-
son and also changes in wind and precipitation patterns hence affect aerosol 
transport and dispersion [44] [46].  

Throughout the study period, the AE mean value remain within the range of 
1.2 - 1.4 normal with notable anomaly observed in 2018 indicating a shift in aer-
osol particle shift within the year. This could be linked to localized meteorological 
or emission changes. The deviation may suggest an increased presence of course-
mode aerosol or a mixture of fine-mode and course mode associated with both 
BC and organic burning [5]. 

No anomalies in AE mean values were detected during the post-2020 period 
suggesting a return to normal variability and stabilization in aerosol particle size 
distribution. This pattern implies a possible decline in episodic course-mode aer-
osol events as a result of consistent dominance with fine-mode aerosols during 
the recent years [5] [43]. 

3.4. Time Series with Anomalies in Rainfall Rates (RR)-2000-2015 

From Figure 5 purple dots show Normal RR mean values over time. Red crosses 
show Anomalies detected in RR means values over time that deviate significantly 
from expected range based on the HMM analysis. The period covered years be-
tween 2000 and 2015. x-axis shows years 2000-2024, values start 2000 to 2015 and 
the y-axis shows the corresponding RR mean Values 0.000 mm/day to 0.175 
mm/day RR means values. 

The majority of mean rainfall rate values between 2000 and 2015 ranged be-
tween 0.025 mm/day and 0.075mm/day, indicating relatively low to moderate pre-
cipitation levels during this period. The region is predominantly in Northern and 
Eastern Kenya, these regions experience lower rainfall compared to highland and 
lake regions like Lake Victoria and Mount Kenya region [10]. The low rainfall rate 
may also be influenced by climatic drivers such as the ENSO and the Indian Ocean 
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Dipole (IOD), they affect precipitations in East Africa, Kenya being part of the 
affected region [42]. 
 

 
Figure 5. Time series with detected anomalies RR mean using hidden markov model 
(HMM) year 2000-2015. 
 

Between 2000 and 2022, majority of years over Kenya recorded normal rainfall 
rate mean values, though were below 0.100mm/day. This indicated a very low av-
erage daily precipitation across much of the country. The arid and semi-arid cli-
mate zones i.e., Garissa, Wajir, Turkana, experienced limited unevenly rainfall 
distribution [10]. Although interannual fluctuations were present, largely driven 
by global climate system i.e., ENSO and IOD the trend remained within the low 
precipitation range [42]. The findings highlight a pattern of normal but marginal 
rainfall which critically affects agricultural practices, water availability and acti-
vate drought resilience in climate sensitive regions.  

During the period 2006-2015, a total of 13 rainfall rate anomalies were detected 
over Kenya. 5 between 0.025 mm/day and 0.050 mm/day, 2 below 0.025 mm/day 
and 1 between 0.125 mm/day and 0.150 mm/day, 4 between 0.150 mm/day and 
0.175 mm/day with one value almost 0.175 mm/day. This indicated a notable de-
viation from the long-term mean. Values above 0.025mm/day suggested short-
term increases in precipitation associated with episodic events such as enhanced 
convective activity and ENSO related wet phases. Values below 0.025 mm. day 
indicated drier than normal conditions that may have been driven by droughts in 
arid and semi-arid regions in Kenya [10]. These anomalies can be attributed to 
large scale atmospheric oceanic interactions which may include IOD event and 
tropical circulation anomalies [43]. 

The analysis of rainfall rate trends over Kenya from 2000-2015 reveals a pre-
dominance of normal mean values with majority falling below 0.1mm/day, the 
country is characterized with low and variable precipitation patterns. 5.07% 
anomalies detected in the data were linked to the influence of ENSO and IOD. 
Findings underscore the sensitivity of Kenya’s rainfall regime to regional and 
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global climate systems and emphasize the need for robust climate monitoring and 
adaptation strategies specially to gap increase vulnerability to droughts and erratic 
rainfall patterns.  

3.5. Time Series with Anomalies in Surface Air Temperature (SAT)  
2000-2022 

From Figure 6, red dots show Normal surface Air temperature mean values over 
time. Red crosses show Anomalies detected in SAT means values over time that 
significantly deviate from expected range based on the HMM analysis. The period 
covers the years between 2000 to 2022. x-axis shows years 2000-2024, values start 
2000 to 2022 and the y-axis shows the corresponding Surface air temperature 
mean Values 295 K to SAT mean value 301 K. 
 

 
Figure 6. Time series with detected anomalies SAT mean using hidden markov model 
(HMM) year 2000-2022. 
 

Between the year 200 and 2022, the majority of SAT mean values fell within the 
range of 296 K to 299 K (22.85˚C to 25.85˚C) which is reflection of normal clima-
tological conditions in the country. Central highland and western Kenya experi-
enced moderate temperature due to elevation and seasonal rainfall patterns [47]. 
The season was marked by instances of temperature anomalies associated with 
global warming and regional drought events.  

Between 2006 and 2008, a total of four SAT anomalies were detected over Kenya, 
with some years exhibiting values above 297 K and other years with values less than 
296 K. The anomalies depict a departure from the long-term average considering 
majority of SAT mean during 2000-2022 remained within the range of 296 K to 
299 K. The deviation may be linked to prolonged drought conditions and cooler-
than-average wet seasons influenced by ENSO and La Nina phases [10] [47]. 

Between 2010 and 2016, a total of eight SAT anomaly data points were detected 
over Kenya representing significantly deviations from the normal temperature 
pattern observed 2000-2022 period. The anomalies reflect unusual temperature 
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fluctuations, with the lowest recorded falling below 296 K lie outside the topical 
range 296 - 299 K considered normal for majority of the regions in the country. 
The occurrences of multiple 8 anomalies within the seven-year range show a pe-
riod of heightened climate instability, linked to regional droughts, cooler wet sea-
sons and the influence of climate drivers such as La Nina and IOD [10] [21] [47]. 

During the period 2017 to 2022, the surface air temperature data over Kenya 
showed a remarkable stability, with only one anomaly point significantly deviat-
ing from the established normal pattern. However, this anomaly still fell within 
the range of normal 296 K to 299 K suggesting less severe deviation compared to 
earlier years. The stability in temperature can be attributed to climatological re-
covery and reduced influence of extreme global climate oscillations. Attributed to 
regional climate adaptation strategies, improved land surface management and 
natural variability [47] [48]. 

From 2000 to 2022, Surface air temperature over Kenya generally remained 
within the normal range of 296 - 299 K. Most anomalies concentrated between 
2006-2016 reflecting periods of climatic stability. 2010-2016 recorded eight anom-
alies, while 2017-2022 showed only one mild deviation indicating a return to more 
stable temperature conditions in recent years. The trends highlight the temporal 
variability of regional and global climate drivers on Kenya’s thermal variability.  
 
Table 2. Transition probability matrix 5-state HMM. 

From/to State 1 State 2 State 3 State 4 State 5 

State 1 0.84 0.08 0.05 0.02 0.01 

State 2 0.10 0.72 0.12 0.05 0.01 

State 3 0.06 0.14 0.62 0.12 0.06 

State 4 0.03 0.06 0.14 0.60 0.17 

State 5 0.02 0.03 0.06 0.19 0.70 

 
The Multivariate Hidden Markov Model fitted to AOD, SSA, AE, RR, SAT and 

SPEI was evaluated using the Bayesian BIC a 5-state model produced the lowest BIC 
(1380) and was selected as optimal. State dependent parameter estimates (Table 1) 
indicate s a clear gradient from baseline conditions (state 1) through mild and mod-
erate perturbation (state 2-3) to strong and severe anomaly regime (state 4-5).  

Transition probability matrix Table 2 highlights persistence within anomalous 
states, consistency within anomalous states, consistent with multi-month episodes 
of aerosol climate interactions. Each parameter exhibited anomalies in 5.08% of 
monthly observations over the study period. The consistency across variables sug-
gests that the detected anomalies represent robust multivariate events rather than 
artifacts of individual datasets. Most extreme states (S4-S5) coincide with periods 
of elevated AOD, reduced SSA, higher surface air temperature suppressed rainfall, 
and negative SPEI values, aligning with biomass burning and drought episodes 
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over Kenya. 

4. Conclusion and Recommendations  
4.1. Conclusions 

The HMM successfully identified episodes of heightened aerosol loading that co-
incided with regional biomass burning and suppressed rainfall, particularly dur-
ing the years 2010-2016. Comparison with five-count and drought indices con-
firmed the robustness of these detections. While national means captured the 
broad timing of anomalies, regional clustering revealed stronger spatial contrasts 
with northern and eastern Kenya showing more frequent and intense events. 

There was AOD moderate variability with most values indicating low to mod-
erate aerosol loading. Anomalies are influenced by regional biomass burning and 
transboundary pollution.  

SSA over Kenya generally indicated the presence of moderately absorbing aer-
osols, with most mean values ranging between 0.93 and 0.95. Anomalies in SSA 
point to episodes of increased aerosol absorption due to biomass burning and ur-
ban emissions.  

Angstrom exponent over Kenya predominantly remained within the normal 
range of 1.2 - 1.4. This indicated the dominance of fine-mode aerosols.  

Rainfall rate predominance of normal mean values with the majority falling be-
low 0.1 mm/day. Kenya is characterized by low and variable precipitation pat-
terns. The findings underscore the sensitivity of Kenya’s rainfall regime to re-
gional and global climate systems and emphasize the need for robust climate mon-
itoring and adaptation strategies, especially to address the increasing vulnerability 
to droughts and erratic rainfall patterns.  

There is a climate shift leading to a slight rise in surface Air temperature in 
Kenya. The trends highlight the temporal variability of regional and global climate 
drivers on Kenya’s thermal variability.  

4.2. Recommendations  

Establish aerosol monitoring stations across Urban, rural and arid regions to com-
plement satellite data also analyze AOD, SSA and AE trends regularly to detect 
pollution events and dust transport. This effort will strengthen air quality moni-
toring and management. 

Promote sustainable land use and vegetation cover by encouraging sustainable 
agricultural practices that limit land degradation a key driver of course aerosol 
anomalies. Regulations of land Use to prevent excessive deforestation and burn-
ing. Key sources of fine mode aerosols also implement afforestation and reforesta-
tion programs in semi-arid regions Turkana and Garissa, which reduces wind ero-
sion and dust emission aerosols. 

Mitigating emissions from anthropogenic sources by enforcement of emission 
control policies in major Urban Centers, Nakuru, Nairobi, Mombasa and Eldoret 
reduces fine mode aerosols; promoting clean cooking technology to reduce indoor 
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and outdoor emission of biomass burning and having vehicle emission standards 
to reduce urban aerosol load. 

Integrate Aerosol climate interaction into policy and planning. This can be 
achieved by developing data driven drought and flood risk maps using anomaly 
trends in RR and SAT and strengthening climate modelling and forecasting tools 
to include aerosol radiative forcing Impacts. 

Raising public awareness through education about aerosol impacts on health, 
visibility and rainfall also encourages community-based observation networks to 
report unusual climate events. 

Finally support research and capacity building through funding long term stud-
ies on aerosol climate interactions and Hidden Markov Model anomaly detection, 
promote remote sensing, aerosol modelling and environmental data science ca-
pacity building for young researchers in Kenya. Integrate the HMM based anom-
alies detection into national meteorological and climate surveillance programs. 
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