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.ABSTRACT 

	Tropical temperature and rainfall variability in Nigeria is driven by interactions between thermal energy, latent and sensible heat fluxes, and large-scale circulation. Hidden Markov Models (HMMs) can link observed meteorological data to underlying thermodynamic regimes, providing a probabilistic framework to understand wet and dry seasonal transitions beyond traditional statistical approaches. This study investigated the temporal and seasonal evolution of rainfall and temperature variability in the core Middle Belt states (Benue, Plateau, Niger, Kogi, Nasarawa, Kwara, and FCT) of Nigeria using a two-state Hidden Markov Model (HMM). The model identified two hidden thermodynamic regimes representing dry and wet atmospheric states based on 30 years (1991-2020) daily rainfall and temperature data obtained from National Aeronautic and Space Administration (NASA) meteorological center. The results shows that dry-state persistence was strongest in Plateau (0.979), Benue (0.956), and Kogi (0.918), while wet-state persistence was particularly high in Kogi (0.961), Benue (0.911), and Plateau (0.955) as revealed by the transition probabilities, indicating stable atmospheric conditions once a regime is established. State frequency analysis revealed spatial heterogeneity across the Middle Belt, with dry-state dominance in Kwara (80%), Niger (73%), Plateau (69%), and Benue (68%), while wet-state dominance occurred in Nasarawa (77%), the Federal Capital Territory (74%), and Kogi (69%). Seasonal analysis confirmed strong dry-state dominance during the dry season in Plateau (0.996), Niger (0.994), and Kwara (0.985), whereas Nasarawa (0.993) and FCT (0.991) maintained wet-state characteristics even during nominal dry periods, indicating sustained atmospheric moisture availability. The study concludes that there is dual climatic domination in the Middle Belt, with some states (Kwara, Niger, Benue and Plateau) having a dry climate and others (Kogi, Nasarawa, FCT) a wet climate. The two-state HMM effectively captures these hidden atmospheric regimes and provides a physically meaningful framework for understanding seasonal climate variability, agricultural planning, risk flood assessment and improving climate predictability in central Nigeria.
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1. INTRODUCTION 

The intricate relationships between thermal energy, moisture availability, and large-scale atmospheric circulation control the tropical atmosphere. Temperature and rainfall are two basic meteorological variables that illustrate these thermodynamic mechanisms. Rainfall is the result of condensation processes involving latent heat release during phase shifts of water vapor, whereas temperature represents the thermal condition of the atmosphere (Wallace and Hobbs, 2006). In the tropics, convection, atmospheric stability, and large-scale circulation are all significantly influenced by the interchange of sensible and latent heat (Holton, 2004). The West African monsoon system often causes atmospheric conditions in tropical countries like Nigeria to fluctuate between dry and wet regimes (Nicholson, 2013). Wet periods are defined by moist convection, deep cloud formation, and significant latent heat release during rainfall events, whereas dry periods are typically linked to increased solar radiation, decreased cloud cover, and the predominance of sensible heat flux (Rogers and Yau, 1989). One important atmospheric heating mechanism that influences regional temperature variability is latent heat generated during condensation, which intensifies vertical motion and propels convective circulation. Therefore, it is crucial to comprehend the switching behavior between these thermodynamic states in order to characterize the climate and predict the seasons in tropical environments.

Akinsanola and Ogunjobi, (2014) investigated rainfall and temperature variabilities in Nigeria and discovered that there have been statistically significant increases in precipitation and air temperature in vast majority of the country. Traditional statistical approaches often describe rainfall (Ayoade, 1994: Adejuwon, 2012; Mage, 2015; Ayansina, 2009; Trenberth et al., 2003; Olugunorisa and Adejuwon, 2003) and temperature (Ewona and Udo, 2008; Ogolo and Adeyemi, 2009; Odjugo, 2011; Olofintoye and Sule, 2010) variability without explicitly accounting for hidden atmospheric regimes responsible for observed transitions. However, thermodynamic equilibrium and large-scale dynamical restrictions naturally drive the evolution of atmospheric processes between quasi-stable states. A probabilistic framework for detecting such hidden states is offered by the Hidden Markov Model (HMM), which connects observable temperature and rainfall fluctuations to underlying atmospheric regimes (Zucchini and MacDonald, 2009).

Markov chains have been applied to temperature (Agada, et al., 2016) and rainfall (Gabriel and Neumann, 1962; Zucchini and Guttorp, 1991; Agada, et al., 2017; Agada, et al., 2025) occurrence for many years. According to early research, first-order Markov chains can be used to probabilistically simulate the persistence and conditional dependence structures found in precipitation (rainfall) sequences (Katz, 1977). These methods were later expanded to Hidden Markov Models, which made it possible to identify unobserved weather conditions that affect rainfall variability (Zucchini and Guttorp, 1991). In West Africa, these models have been effectively used to describe seasonal rainfall dynamics, identify changes in the climate regime, and categorize wet and dry spells. HMM's efficacy stems from its capacity to link observed meteorological data with underlying atmospheric conditions. Nevertheless, a lot of earlier applications focused on statistical classification rather than providing a clear physical understanding of the states that were found. In order to establish a connection between statistical regime identification and physical atmospheric dynamics, this study makes a contribution by explicitly understanding HMM states as thermodynamic regimes controlled by energy exchange processes within the climate system of the core Middle Belt states of Nigeria.
2. methodology 

2.1 Study Area
A transitional region, the Middle Belt of Nigeria is located between latitudes 6°N and 11°30'N and longitudes 2°42'E and 15°E. Its tropical wet (April–October) and dry (November–March) seasons differ from the south to the north, with milder temperatures seen in some locations, such as the Jos Plateau. Nigeria's Middle Belt (Figure 1) is a diverse central region that primarily consists of the North Central geopolitical zone, which includes the Plateau, Nasarawa, Niger, Kogi, Kwara, Benue states, and the Federal Capital Territory (FCT). It is well-known for its numerous ethnic groups and cultural diversity between the largely Hausa-Fulani North and the Yoruba/Igbo South. It also extend to the southern regions of other northern states of Kaduna, Adamawa, Taraba, Bauchi, Kebbi, Gombe, and Yobe.
[image: ]
Figure 1: Map of the Middle Belt States in Nigeria

2.2 Data Description
Daily Rainfall and Air temperature data for the Middle Belt States (Abuja, Benue, Kogi, Kwara, Nassarawa, Niger, and Plateau) in Nigeria from January1, 1991 to December 31, 2020 (30 years) was obtained from National Aeronautic and Space Administration (NASA) meteorological center.
2.3 Two-State Hidden Markov Model 
The Hidden Markov Model consists of a discrete hidden state process that evolves according to a Markov chain A Markov chain is a stochastic model describing a sequence of possible events in which the probability of each event depends only on the state attained in the previous event (Markovian property). A stochastic process {Xn} is said to have the Markovian property if

                                                            	                	(1)          
For all states and. 
For a first-order Markov chain, the future state is independent of the previous states and depends only on the present state  (Agada et al., 2020). A stochastic process {Xn} (n = 0, 1 . . .) is a Markov chain if it has the Markovian property. Equation (1) implies that the probability law relating the next period’s state to the current state does not change (or remains stationary) over time. For this reason, equation (1) is often called the Stationarity Assumption. Any Markov chain that satisfies (1) is called a stationary Markov chain.

The conditional probabilities  for a Markov chain are called (one-step) transition probabilities. A Markov chain transition matrix is a square array describing the probabilities of the chain transiting from one state to another. The transition probability  describes the probability of moving from one rainfall regime to another regime and is governed by a 2x2 matrix:
									       (2)
Given that the state at time t is i, the process must be somewhere at time t + 1. This means
that for each i, 
							        (3)
									         (4)
The entry in the P matrix must be nonnegative. Hence, all entries in the transition probability matrix are nonnegative, and the entries in each row must sum to 1.

A Hidden Markov Model (HMM) is a statistical model that captures temporal patterns by representing
systems with underlying hidden states that inuence observable data. An HMM is specified by the following components:           
                                                                                                       


                                                   





                                                         				(5)
The HMM is given as input   : a sequence of T observations, each one drawn from the vocabulary V. An HMM is said to be stationary if:
 											(6)
The initial state distribution over hidden states is given as:
  					(7)
This distribution reflects the likelihood of the climate system starting in each regime at the beginning of the observation period. The likelihood of the observation sequence is given as:
   						           (8)
Where and represents the model parameters  estimated using the Baum-Welch algorithm, which is an Expectation-Maximization (EM) method. 
The Viterbi algorithm is the most widely used decoding algorithm for HMMs. The decoding task is the process of identifying which sequence of variables is the underlying source of a sequence of observations for any model, including HMM, that contains hidden variables. In order to decode convolution codes over noisy digital communication links, Viterbi (1976) developed the Viterbi algorithm. Viterbi is a type of dynamic programming that uses a dynamic programming trellis, much like the forward algorithm. For a given state  at time t, the value is computed as:
 						  (9)

The three factors that are multiplied in Eq. (9) for extending the previous paths to compute the Viterbi probability at time t are:


the state observation likelihood of the observation symbol iven the current state j.
The Viterbi algorithm was used to reconstruct the most probable sequence of atmospheric regimes. The HMM model estimated the transition probabilities, frequency of hidden states, seasonal distribution of states and the monthly distribution of atmospheric regimes. The Hidden Markov Model estimation was performed using the depmixS4 R package.
2.4 Data Preparation
The daily rainfall amount and temperature data were classified into two states. A random variable  was defined for daily temperature with realization ‘0’ if ‘’ is below average () and ‘1’ if the daily temperature () is above average (). This is termed low and high Temperature respectively. The average temperature serves as a reference threshold for distinguishing hot or cold atmospheric condition. Also, a random variable  is defined to represent the rainfall event, with the realization ‘0’ if the daily rainfall amount is between 0-5mm (Dry) and ‘1’ if the daily rainfall amount is greater than 5mm (Wet) (Agada, et al., 2017). Mathematically, we have; 
 			(10)

							(11)

where n=1,2,3…..,N represents the daily observations
Seasonal variability was incorporated into the two state Hidden Markov Model by dividing the dataset into two climatic seasons (Dry and Wet) typical of the middle belt region of Nigeria which are:
Dry Season  =
Wet Season  =		(12)
The rainfall and temperature classification (equations 3 and 4) were combined to form the atmospheric state:
										(13)
Where 
			(14)
This transformation produces a discrete observation sequence required for Hidden Markov Modeling. The Dry Thermodynamic State is characterized by high temperature values and Low rainfall occurrence, while the Wet Thermodynamic State is characterized by increased rainfall occurrence and low temperature. 
The hidden states are defined as:
											(15)
where  represent the hidden atmospheric state at time t, 1=   and 2=.
The sequence of hidden states follows a first-order Markov process  meaning that the probability of the next state depends only on the current state. Transition probabilities were estimated to determine persistence and switching behavior between states. Mathematically, the transition probability matrix is expressed as:
							 	(16)
The transition probabilities satisfy the condition:
	
 											(17)
where:  = probability of remaining in Dry Thermodynamic state,   = probability of transition from Dry to Wet Thermodynamic State,  = probability of transition from Wet to Dry Thermodynamic State and   = probability of remaining in Wet Thermodynamic State.
The most probable sequence of the hidden atmospheric states was estimated using the Viterbi algorithm, which is defined as:
										(18)
where ,  represents the model parameters,  is the posterior probability of the state sequence given the observations. Thus,  represents the most likely sequences of hidden atmospheric regimes explaining the observed rainfall and temperature data.
3. results and discussion
The dry and wet thermodynamic states were the two dominant atmospheric regimes found using the Hidden Markov Model over Nigeria's Middle Belt region. Tropical atmospheric dynamics are physically compatible with the thermodynamic difference between these two states. Dry weather increases sensible heat flow and surface heating because less cloud cover allows for more incoming solar radiation (Wallace and Hobbs, 2006). Conversely, wet weather is linked to the production of deep convective clouds, where cloud cover lowers surface temperatures through radiative shading effects and condensation releases latent heat that drives vertical motion (Rogers and Yau, 1989). The findings show a high degree of dry and wet persistence in Benue, Plateau, and Kogi. The high odds of staying in the wet state (0.911, 0.955, and 0.961) and dry state (0.956, 0.979, and 0.918) over Benue, Plateau, and Kogi respectively is presented in Table 1. This persistence is in line with the known behavior of rainfall processes in tropical regions, where there is a strong serial correlation and a Markov dependent structure for precipitation occurrence (Katz, 1977). The application of Hidden Markov Models to rainfall has also shown that both dry and wet regimes are often quasi-stable and last for a few days before changing. 
Table1: Transition Probability from one state to another across locations
	Location
	State
	Dry
	Wet
	Location
	State
	Dry
	Wet

	Benue
	Dry
	0.956
	0.044
	Kwara
	Dry
	0.5
	0.5

	
	Wet
	0.089
	0.911
	
	Wet
	0.5
	0.5

	Plateau
	Dry
	0.979
	0.021
	Nasarawa
	Dry
	0.5
	0.5

	
	Wet
	0.045
	0.955
	
	Wet
	0.5
	0.5

	Niger
	Dry
	0.5
	0.5
	FCT
	Dry
	0.5
	0.5

	
	Wet
	0.5
	0.5
	 
	Wet
	0.5
	0.5

	Kogi
	Dry
	0.918
	0.082
	
	
	
	

	 
	Wet
	0.039
	0.961
	
	
	
	



Through the seasonal migration of the Inter-Tropical Discontinuity (ITD), the monsoon circulation creates distinct wet and dry seasons throughout the Middle Belt, with prolonged wet conditions during peak monsoon months and sustained dry conditions during Harmattan dominance (Sultan and Janicot, 2003). The high persistence probability in both wet and dry states found in Benue, Plateau, and Kogi can be explained by such extensive atmospheric control. Topography greatly influences rainfall intensity and seasonal persistence according to Ibebuchi and Abu (2023), which explains the high dry-state and distinct wet seasons of Plateau state. Given its location at the meeting point of the Niger and Benue rivers, Kogi condition's predominance of the wet thermodynamic condition makes sense. Being close to large bodies of water increases boundary-layer humidity and local moisture recycling, which can intensify convective rainfall and prolong wet conditions. Therefore, Kogi's extremely high wet-state persistence probability (0.961) is a result of both local moisture feedback mechanisms and monsoon management. Conversely, the Federal Capital Territory (FCT), Kwara, Nasarawa, and Niger show equal transition probabilities (0.5) between rainy and dry states. According to Froidurot and Diedhiou (2017), intermittent moisture surges and mesoscale convective systems typically cause greater intra-seasonal variability in transitional regions, resulting in a balanced occurrence of wet and dry regimes. This implies frequent transitions between thermodynamic states and the lack of dominant regime permanence in these regions.

As seen in Table 2, the frequency analysis supports this conclusion even more. Even though the wet season was persistent, Benue recorded 7,433 dry occurrences (68%) and 3,525 wet occurrences (32%), indicating that the dry state predominated. According to climatological analyses, even in areas with substantial rainfall totals, a large portion of Nigeria's annual cycle is defined by prolonged dry-season months (Nicholson, 2013). Plateau recorded 69% of dry occurrences and 31% of wet occurrences. The dry-state dominance of 73% was recorded by Niger State, which indicates longer dry seasons and fewer wet periods. The length and variability of the dry season have been observed to increase in northern and central Nigeria, and this has consequences for water resources and agriculture (Oguntunde et al., 2017). Despite the fact that FCT, Kwara, Nasarawa, and Niger has equal transition probability (0.5) as revealed in Table 1, the overwhelming dry events (Table 2) suggests that Kwara and Niger becomes more dry during the yearly climate cycle. In contrast, Kogi State documented 7,594 wet events (69%) as opposed to 3,364 dry events (31%), indicating persistently moist circumstances. 
Table 2: Frequency of Hidden states
	Location
	State Frequency
	Probability Freq.
	State Percentage (%)

	
	Dry
	Wet
	Dry
	Wet
	Dry
	Wet

	Benue
	7433
	3525
	0.678
	0.322
	68
	32

	Plateau
	7522
	3436
	0.686
	0.314
	69
	31

	Niger
	7996
	2962
	0.730
	0.270
	73
	27

	Kogi
	3364
	7594
	0.307
	0.693
	31
	69

	Kwara
	8750
	2208
	0.799
	0.201
	80
	20

	Nasarawa
	2514
	8444
	0.229
	0.771
	23
	77

	FCT
	2885
	8073
	0.263
	0.737
	26
	74


At 8,750 occurrences (80%), Kwara had the most dry-state dominance, followed by 2,208 wet occurrences (20%). This shows that rainfall and temperature fluctuations in the state are largely governed by dry conditions (Table 2). Wet-state dominance is substantial in Nasarawa, with 2,514 occurrences (23%) in the dry state and 8,444 occurrences (77%) in the wet state. This points to the influence of prolonged rainfall and extended wet seasons. The southeastern Middle Belt has greater moisture advection from the Atlantic and is situated nearer the core monsoon rain belt (Nicholson, 2013; Sultan and Janicot, 2003). In addition to suggesting ideal moisture conditions, the high wet-state frequency may make central Nigeria more vulnerable to floods during the heaviest rainy months. This effect has been extensively documented during years with intense monsoons (WMO, 2019). In the Federal Capital Territory, there were 8,073 wet events (74%) and 2,885 dry events (26%), suggesting a rainfall regime that was dominated by rain, much like Nasarawa. This illustrates how local convection processes and monsoon circulation have a significant impact on the area. Rainfall persistence in central Nigeria is significantly influenced by the Inter-Tropical Discontinuity's (ITD) northward migration and increased convective activity during the rainy season (Adejuwon, 2012). 
The time evolution of the two hidden thermodynamic states found using the two-state Hidden Markov Model (HMM) throughout the Nigerian Middle Belt states is depicted in Figure 2(a–g). Dry Thermodynamic State (State 1) and Wet Thermodynamic State (State 2) are the hidden states. Long, uninterrupted stretches of the dry state can be seen in Benue, Plateau, Niger, and Kwara. As shown in Table 2, where Kwara is 80% dry, Niger is 73% dry, Plateau is 69% dry, and Benue is 68% dry, this is consistent with their high dry-state frequencies. Transition probabilities (Table 1) provide additional evidence for the dry state's significant persistence, which is in line with regime persistence behavior reported in stochastic climate-state models (Robertson et al., 2004). On the other hand, Nasarawa, FCT, and Kogi demonstrate extended wet-state dominance, supporting the previous finding that these areas have continuous moisture availability. The lengthier continuous wet state segments seen in the temporal plots are consistent with the high wet-state frequencies of 69% in Kogi, 77% in Nasarawa, and 74% in FCT. Furthermore, the temporal evolution shows that state transitions are gradual rather than abrupt, indicating strong seasonal persistence in the atmospheric system. This gradual regime switching is typical of monsoon-driven climates, where rainfall variability is controlled by large-scale monsoon circulation rather than purely random atmospheric fluctuations (Sultan and Janicot, 2003). As a result, synoptic-scale dynamic processes and large-scale monsoon circulation play a major role in controlling rainfall and temperature variability in the Middle Belt.
Table 3: Seasonal distribution of states
	Location
	Season
	Dry
	Wet

	Benue
	Dry
	0.986
	0.014

	
	Wet
	0.461
	0.539

	Plateau
	Dry
	0.996
	0.004

	
	Wet
	0.468
	0.532

	Niger
	Dry
	0.994
	0.006

	
	Wet
	0.543
	0.457

	Kogi
	Dry
	0.017
	0.983

	
	Wet
	0.512
	0.488

	Kwara
	Dry
	0.985
	0.015

	
	Wet
	0.667
	0.333

	Nasarawa
	Dry
	0.007
	0.993

	
	Wet
	0.387
	0.613

	FCT
	Dry
	0.009
	0.991

	 
	Wet
	0.443
	0.557



The extended dry conditions characteristic of the dry season are explained by the high dry-state persistence seen in Plateau (0.979), Niger (0.994), Kwara (0.985) and Benue (0.956) as presented in Table 3. This is explained by the dominance of continental northeasterly Harmattan winds, which prevent convective rainfall and reduce moisture influx (Nicholson, 2013). In contrast, the wet state takes center stage during the rainy season, especially in Kogi (0.983), Nasarawa (0.993) and FCT (0.991), where wet-state persistence surpasses 0.90, indicating that southwesterly monsoon winds continuously deliver precipitation from the Atlantic Ocean (Sultan and Janicot, 2003).

The hidden states' monthly distribution corresponds to the anticipated yearly rainfall cycle in central Nigeria is presented in Table 4. The dry state predominates from November to March in all regions except FCT, Kogi and Nasarawa. This is as a result of harmattan impact, low air humidity, and decreased rainfall (Ibebuchi and Abu, 2023). The transitional months of April through June are when the likelihood of rainfall begins to progressively change from dry to rainy conditions. This slow change reflects growing monsoon penetration and moisture availability, supporting previous results that rainfall onset in Nigeria happens gradually rather than suddenly (Ati et al., 2002). Peak wet-state dominance occurs from July to September, especially in Benue, Niger and Plateau, while October gradually return to dry conditions. Rainfall cessation in the Middle Belt is likewise progressive, in line with regional climatological studies, as evidenced by the transition probability' slow shift between states. There is dual climatic domination in the Middle Belt, with some states (Kwara, Niger, Benue, Plateau) having a dry climate and others (Kogi, Nasarawa, FCT) a wet climate.
Table 4: Monthly Distribution of States
	MONTH
	Benue
	FCT
	kogi
	kwara
	Nasarawa
	Niger
	Plateau

	 
	1
	2
	1
	2
	1
	2
	1
	2
	1
	2
	1
	2
	1
	2

	JAN.
	928
	2
	1
	929
	2
	928
	926
	4
	0
	930
	929
	1
	930
	0

	FEB.
	844
	4
	4
	844
	12
	836
	844
	4
	3
	845
	844
	4
	848
	0

	MAR.
	901
	29
	27
	903
	48
	882
	884
	46
	19
	911
	914
	16
	915
	15

	APR.
	600
	300
	182
	718
	199
	701
	768
	132
	202
	698
	744
	156
	703
	197

	MAY
	501
	429
	347
	583
	379
	551
	694
	236
	327
	603
	599
	331
	447
	483

	JUN.
	365
	535
	412
	488
	470
	430
	588
	312
	355
	545
	476
	424
	378
	522

	JUL.
	413
	517
	510
	420
	587
	343
	569
	361
	426
	504
	400
	530
	263
	667

	AUG.
	323
	607
	560
	370
	587
	343
	553
	377
	496
	434
	343
	587
	168
	762

	SEPT.
	235
	665
	541
	359
	674
	226
	418
	482
	443
	457
	304
	596
	318
	582

	OCT.
	520
	410
	291
	639
	393
	537
	691
	239
	233
	697
	621
	309
	727
	203

	NOV.
	873
	27
	10
	890
	13
	887
	888
	12
	10
	890
	892
	8
	895
	5

	DEC.
	930
	0
	0
	930
	0
	930
	927
	3
	0
	930
	930
	0
	930
	0


Note: Dry Thermodynamic State (State 1); Wet Thermodynamic State (State 2)
The seasonal distribution of hidden thermodynamic states is shown in Figure 3(a–g). Benue, Plateau, Niger, and Kwara show overwhelming dominance of the dry state throughout the dry season, with probability typically exceeding 0.98. During the dry season, Nasarawa, FCT, and Kogi exhibit significant wet-state dominance. This implies that geographic position, closeness to significant river systems, and deeper monsoon penetration all have an impact on the amount of persistent atmospheric moisture (Ibebuchi and Abu, 2023). While sporadic dry spells are still noticeable, especially in Benue and the Plateau, the wet state predominates in most places during the wet season. Mesoscale convective variability and gaps in monsoon flow are linked to this intra-seasonal variability, which has been extensively shown in rainfall studies conducted in Nigeria.  
Strong dry-state dominance is seen from November to March in the monthly distribution of atmospheric states (Figure 4[a–g]), particularly in Plateau, Niger, Kwara, and Benue, where dry occurrences surpass 90% in January and February. According to Nicholson (2013), this is in line with the peak Harmattan conditions, which are marked by dry northeasterly winds and lower atmospheric humidity. From April forward, wet-state occurrences rise quickly, with June to September seeing the highest levels of wet dominance. The largest wet-state events occur in August, which explains why Plateau and Benue see their highest rainfall during this month (Table 4). Starting in October, the monsoon retreat is reflected in a steady return to dry-state dominance, which validates the rainfall systems' gradual northward shift and subsequent departure over the Middle Belt. 

The HMM categorization is further validated by the rainfall patterns linked to each hidden thermodynamic state (Figure 5[a–g]). With cloud shadowing and latent heat release, the wet state shows much larger rainfall accumulation and lower temperature variability, whereas the dry state is linked too little to no rainfall and greater temperature variability. Greater and longer-lasting rainfall events associated with prolonged monsoon impact and moisture convergence are seen in places like Kogi, Nasarawa, and the FCT, which exhibit wider rainfall distributions within the wet state. The two-state HMM effectively represents the primary atmospheric regimes driving the climate of the Middle Belt, as evidenced by the distinct difference between rainfall distributions.

[bookmark: _GoBack]4. Conclusion

In order to determine the underlying thermodynamic regimes controlling climatic variability in the Middle Belt region of Nigeria, the current study employed a two-state Hidden Markov Model to temperature and rainfall data. The findings show that there are two main equilibrium states that govern the regional climate: a wet thermodynamic state that is linked to increased rainfall and decreased air temperature variability, and a dry thermodynamic state that is characterized by low or zero rainfall amount and high air temperature. The findings show that whereas wet regimes predominate in Kogi, Nasarawa, and the Federal Capital Territory, dry atmospheric conditions are strongly persistent in Benue, Plateau, Niger, and Kwara. The observed persistence is a reflection of atmospheric stability linked to regional circulation patterns and seasonal moisture availability. The results validate that seasonal thermodynamic transitions associated with moisture influx and atmospheric energy balance are the main factors controlling rainfall and temperature variability in the Middle Belt. In addition to supporting climate monitoring, agricultural planning, and hydrological forecasting in the area, the study shows that the two-state HMM offers a computationally efficient and physically interpretable method for analyzing atmospheric regime action. Future studies incorporating multi-variable climatic data and non-stationary modelling approaches could further improve the understanding of rainfall and temperature regime dynamics in the Middle Belt of Nigeria.
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Figure 2(a–g): Temporal evolution of Hidden thermodynamic states 
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Figure 3(a–g): Seasonal distribution of Hidden thermodynamic states [image: ]
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Figure 4(a–g): The monthly distribution of Atmospheric states.[image: ]
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Figure 5(a–g): Rainfall distribution by Hidden state. 
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