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Abstract. Northwestern Algeria, a vital agricultural region within the Mediterranean cli-
mate hotspot, faces escalating risks due to climatic variability and recurrent droughts. 
Conventional linear methods are inadequate for capturing the complex, non-stationary 
dynamics of this semi-arid system. This study introduces an innovative framework inte-
grating a Non-Stationary Hidden Markov Model (NSHMM), Bayesian Concept Dri$ 
detection, and CUSUM changepoint analysis. Analyzing 35 years (1990-2024) of daily 
meteorological data, we identi"ed four distinct climate regimes. Results reveal profound 
non-stationarity: the frequency of the extreme ‘Hot & Very Dry’ regime increased by 
45% since the 1990s, while its persistence rose by 14%. The Bayesian analysis quanti-
"es three major structural dri$s with scores reaching 0.80, indicating abrupt climate 
reorganization. These "ndings are corroborated by 113 changepoints and a signi"cant 
teleconnection with the North Atlantic Oscillation (r = 0.58, p < 0.01). Critically, these 
shi$s remain undetected by conventional trend analysis (Mann-Kendall p = 0.16), 
underscoring the necessity of non-stationary methodologies. The operationalization 
into a Probabilistic Drought Early Warning System enables risk forecasts with probabili-
ties up to 90%. This work demonstrates that climate change in the region manifests not 
as gradual warming but as fundamental reorganization of the climate system.

Keywords: Climate Regimes, Hidden Markov Model, Non-Stationarity, Bayesian 
Concept Dri$, Agrometeorology, Algeria.

INTRODUCTION

Climate variability in the Mediterranean basin, and particularly in 
northwestern Algeria, presents a major challenge for water resource manage-
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ment and agricultural planning (Sivakumar, 2005; Cook 
et al., 2016). This region is characterized by a semi-arid 
climate with high inter-annual and intra-seasonal rain-
fall variability, making it particularly vulnerable to pro-
longed droughts and extreme weather events (Gao et 
al., 2019; IPCC, 2021). Understanding the underlying 
dynamics of the climate system and detecting potential 
shi$s in climatic regimes are therefore of paramount 
importance for developing e5ective adaptation strategies 
(Hulme, 2001).

Traditional methods for climate analysis o$en rely 
on linear statistical approaches that fail to capture the 
non-stationary and non-linear nature of climatic pro-
cesses (Franzke et al., 2008; Ryan et al., 2025). These 
methods, such as linear regression or Mann-Kendall 
tests, are designed to detect gradual, monotonic trends 
but are blind to abrupt shi$s, changes in volatility, or the 
restructuring of climate patterns. In a system as complex 
as the climate, assuming stationarity the idea that the sta-
tistical properties of the system do not change over time 
is not only a simpli"cation but a potentially dangerous 
misrepresentation of reality (Cohn & Lins, 2005). This 
is particularly true in “hotspot” regions like the Medi-
terranean, where climate change is expected to mani-
fest not just as a gradual warming but as a fundamental 
alteration of weather patterns (Di5enbaugh & Giorgi, 
2012). Recent studies have established strong telecon-
nections between Mediterranean climate variability and 
large-scale atmospheric circulation patterns, particularly 
the North Atlantic Oscillation (NAO), which modulates 
winter precipitation and temperature extremes across the 
region (Hurrell & Deser, 2009; Trigo et al., 2004).

Hidden Markov Models (HMMs) have emerged as a 
powerful tool for modeling and analyzing complex time 
series by identifying a "nite number of hidden states, or 
“regimes,” that govern the observed variables (Bracken et 
al., 2014; Zucchini et al., 2016). This approach allows for 
a more nuanced view of the climate, where the system 
is understood to switch between a set of distinct, quasi-
stable states (e.g., ‘Hot & Dry’, ‘Cool & Wet’), each with 
its own statistical properties. However, standard HMMs 
assume that the model parameters the transition prob-
abilities between states and the emission probabilities 
within each state are constant over time. This assump-
tion of stationarity is a major limitation when dealing 
with a changing climate (Rand et al., 2024; Hughes & 
Guttorp, 1994).

This study addresses this gap by proposing an 
innovative and sophisticated approach that combines 
a Non-Stationary Hidden Markov Model (NSHMM) 
with Bayesian Concept Dri$ Detection and CUSUM 
changepoint analysis. This integrated framework allows 

for the identification of climate regimes with time-
varying parameters, the detection of abrupt changes in 
the underlying climate dynamics (concept dri$s), and 
the precise localization of temporal rupture points. By 
applying this methodology to a comprehensive dataset of 
daily meteorological observations from eight representa-
tive grid points in northwestern Algeria over a 35-year 
period (1990-2024), this study aims to provide a detailed 
and robust characterization of the regional climate 
dynamics, revealing changes that remain invisible to tra-
ditional linear methods.

6. MATERIALS AND METHODS

2.1. Study area and data

The study focuses on the northwestern region of Alge-
ria, a key agricultural zone characterized by a semi-arid 
Mediterranean climate. Daily climate data were obtained 
from the ERA5-Land dataset, the latest generation of 
atmospheric reanalysis produced by the European Centre 
for Medium-Range Weather Forecasts (ECMWF), which 
combines historical observations from multiple sources 
with numerical weather prediction models to produce spa-
tially and temporally consistent climate records at a high 
spatial resolution of 0.1° 7 0.1° (~9 km) (Hersbach et al., 
2020). Data were downloaded directly from the Coperni-
cus Climate Data Store (https://cds.climate.copernicus.eu) 
for eight representative grid points strategically selected 
to capture the regional climatic gradient: from the coast-
al zone (Oran: 35.63°N, 0.60°W; Mostaganem: 35.93°N, 
0.09°E) through the interior agricultural plains (Chlef: 
36.21°N, 1.33°E; Relizane: 35.73°N, 0.56°E; Mascara: 
35.40°N, 0.14°E; Sidi Bel Abbes: 35.19°N, 0.63°W) to the 
semi-arid highlands (Tlemcen: 34.88°N, 1.32°W; Tiaret: 
35.37°N, 1.32°E). The dataset comprises a continuous 
35-year daily record from January 1, 1990, to December 
31, 2024 (n = 12,784 days), with hourly estimates aggre-
gated to daily values during post-processing. The extracted 
variables include 2-meter mean, maximum, and minimum 
temperature (°C), total precipitation (mm), potential evap-
otranspiration (mm), and mean relative humidity (%). A 
key advantage of using reanalysis data over conventional 
station observations is the complete spatial and temporal 
coverage without missing values, thereby eliminating the 
need for gap-"lling or interpolation procedures that can 
introduce uncertainty in station-based analyses. The study 
area and grid point locations are presented in Figure 1.

To isolate the underlying climate dynamics from the 
strong, predictable seasonal cycle, the daily data were 
"rst aggregated into monthly values (n=420 months). 
Subsequently, these monthly time series were standard-

https://cds.climate.copernicus.eu
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ized. For each month of the year (e.g., all Januaries), we 
calculated the long-term mean and standard deviation 
over the 35-year period. The monthly values were then 
transformed into Z-score anomalies by subtracting the 
corresponding monthly mean and dividing by the stand-
ard deviation. This process yields dimensionless time 
series of temperature and precipitation anomalies, where 
positive values indicate warmer/wetter than average con-
ditions and negative values indicate cooler/drier than 
average conditions for that speci"c month.

2.2. Methodological framework

Our analysis is built on a four-pillar approach 
designed to robustly detect, quantify, and characterize 
non-stationarity in the climate system, as illustrated in 
Figure 2. This integrated framework moves beyond sim-
ple trend analysis to deconstruct the complex, time-vary-
ing nature of the regional climate.

2.2.1. Pillar 1: Non-Stationary Hidden Markov Model 
(NSHMM)

A Hidden Markov Model is a powerful statistical 
tool for modeling time series that are governed by an 

unobserved underlying process. It assumes that the sys-
tem transitions between a "nite number of unobserved 
‘hidden states’ (the climate regimes), and that the obser-
vations generated by the system depend on the current 
hidden state. The complete set of parameters to be mod-
eled, 8 = (A, B, 9), de"nes the HMM:
– The initial state distribution, π: A vector where 9i = 

P(q: = Si) is the probability that the "rst observation 
in the time series belongs to state Si.

– The transition probability matrix, A: An N 7 N 
matrix where each element aij = P(qt = Sj | qt;: = 
Si) represents the probability of transitioning from 
climate state Si at time t-1 to state Sj at time t. The 
diagonal elements, aii, represent the persistence of 
each state.

– The emission probability distribution, B: A set 
of probability distributions, one for each state, that 
de"nes the statistical properties of the observations 
generated within that state. For continuous data, this 
is typically a multivariate Gaussian distribution:

bj(Ot) = N(Ot; <j, =j) ()

Justification of temporal segmentation: While 
endogenous changepoint detection methods exist (e.g., 
Bayesian Online Changepoint Detection), a piecewise 

Figure 1. Study area and station network in Northwestern Algeria.
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stationary approach with decadal segmentation was 
deliberately chosen for this study. This methodologi-
cal choice o5ers several advantages: (1) it allows for a 
direct and interpretable comparison of climate dynam-
ics across periods that align with international climate 
assessment cycles (e.g., IPCC Assessment Reports pub-
lished approximately every decade). It should be noted 
that the standard reference period for climate averaging, 
as recommended by the World Meteorological Organiza-
tion (WMO), is 30 years. However, a 10-year segmenta-
tion was deliberately adopted here to increase temporal 
resolution and capture decadal-scale shi$s that would 
be smoothed out in 30-year averages; (2) it facilitates the 
comparison of our results with the broader scienti"c lit-

erature, which commonly reports climate statistics on 
decadal timescales; and (3) it provides a clear, structured 
narrative of climate evolution that is accessible to poli-
cymakers and stakeholders. Furthermore, a preliminary 
analysis using the Pettitt test (Pettitt, 1979) con"rmed 
that the major changepoints in our data occur near the 
decadal boundaries (1998, 2009, 2018), validating the 
appropriateness of this segmentation approach.

To explicitly model non-stationarity, we implement 
a piecewise stationary HMM (NSHMM). This approach 
relaxes the core HMM assumption that the parameters 
8 are constant over time. We divide the 35-year period 
into four distinct, consecutive sub-periods (1990-1999, 
2000-2009, 2010-2019, 2020-2024). A separate HMM, 
8p = (Ap, Bp, 9p), is trained for each period p using the 
Baum-Welch algorithm (Rabiner, 1989). This iterative 
algorithm, a special case of the Expectation-Maximiza-
tion (EM) algorithm, "nds the model parameters that 
locally maximize the likelihood P(O|8). By comparing 
the estimated parameters (Ap, Bp) across periods, we 
can directly track the evolution of the climate regimes’ 
characteristics, such as their frequency, persistence, and 
mean temperature/precipitation.

2.2.2. Pillar 2: Bayesian Concept Dri$ Detection

To formally quantify the magnitude of the shi$s 
between consecutive periods, we calculate a compos-
ite concept dri$ score (D). This score provides a single, 
interpretable metric of the dissimilarity between the 
HMM parameters of two adjacent models, 8p and 8p>:. 
The score is a weighted sum of three components, each 
capturing a di5erent dimension of model change:

D = ?·D_freq + @·D_mean + A·D_trans (2)

where:
– D_freq (Frequency Dri$) measures the change in 

the stationary distribution of the states, calculated as 
the sum of absolute di5erences in state frequencies.

– D_mean (Mean Dri$) quanti"es the change in the 
central tendency of the states, calculated as the aver-
age Euclidean distance between the mean vectors (<) 
of corresponding states.

– D_trans (Transition Dri$) captures the change in 
the system’s dynamics, calculated as the Frobenius 
norm of the di5erence between the two transition 
matrices (A).
Parameter justification and sensitivity analysis: 

The weights ?, @, and A were set to 0.4, 0.3, and 0.3, 
respectively. This weighting scheme prioritizes changes 
in state frequency (?=0.4), reBecting our primary focus 

Figure 2. Methodological framework.
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on the occurrence of extreme climate regimes, which has 
direct agronomic implications. A comprehensive sensitiv-
ity analysis was conducted by varying each weight within 
±0.1 of its nominal value while maintaining the con-
straint ?+@+A=1. The results (Table S1 in Supplementary 
Material) con"rmed that the detection of major shi$s 
(D > 0.4) is robust to these variations, with all tested 
parameter combinations identifying the same three major 
transition periods. The classi"cation of dri$ magnitude 
(Minor: D<0.2, Moderate: 0.2CD<0.4, Major: DD0.4) fol-
lows the thresholds proposed by Gama et al. (2014) for 
concept dri$ detection in environmental time series.

2.2.3. Pillar 3: CUSUM Changepoint Detection

To independently validate the timing of shi$s in the 
climate series, we use the Cumulative Sum (CUSUM) 
algorithm (Page, 1954). This non-parametric method is 
highly e5ective at identifying small but persistent shi$s 
in the mean of a time series. For a time series xt with a 
long-term mean <, the CUSUM algorithm calculates two 
cumulative sums:

StE = max(0, St;:E + (xt - <)) (3)

StF = min(0, St;:F + (xt - <)) (4)

A changepoint is Bagged whenever either cumulative 
sum exceeds a prede"ned threshold, H = k·G. Threshold 
Selection: The parameter k was determined through an 
optimization procedure that balances sensitivity (detec-
tion of true changes) and speci"city (rejection of false 
alarms). We tested k values ranging from 3 to 5 in incre-
ments of 0.5. For each k, we calculated the Average Run 
Length (ARL) under the null hypothesis of no change 
and compared it to the expected number of changepoints 
based on the NSHMM results. The value k=4 was selected 
as it provided the optimal balance, yielding an ARLH of 
approximately 370 observations (equivalent to ~31 years 
under the null hypothesis) while successfully detecting 
the major shi$s identi"ed by the NSHMM. This choice 
is consistent with the recommendations of Montgomery 
(2009) for environmental monitoring applications.

2.2.4. Model selection and validation

A critical step in HMM analysis is selecting the opti-
mal number of hidden states (N). We determined the 
optimal N by comparing the Bayesian Information Cri-
terion (BIC; Schwarz, 1978)  for models with N ranging 
from 2 to 8:

BIC = -2·ln(L) + k·ln(n) (5)

where L is the maximized value of the likelihood func-
tion, k is the number of free parameters in the model, 
and n is the number of observations. The BIC values for 
di5erent numbers of states were: N=2 (BIC=1847.3), N=3 
(BIC=1623.5), N=4 (BIC=1489.2), N=5 (BIC=1512.8), 
N=6 (BIC=1567.4). The model with N=4 states showed 
a distinct minimum in BIC, with a IBIC of 23.6 com-
pared to N=5, indicating strong evidence (Kass & Ra$-
ery, 1995) that a four-state model is the most parsimoni-
ous representation of the data. The Akaike Information 
Criterion (AIC) con"rmed this selection (AICJ=1456.7 vs 
AICK=1492.3).

2.2.5. Pillar 4: Probabilistic Drought Early Warning Sys-
tem (DEWS)

The ultimate goal of our analytical framework is to 
translate the complex "ndings of the NSHMM into an 
actionable decision-support tool. To this end, we devel-
oped a Probabilistic Drought Early Warning System 
(DEWS). The core of the DEWS lies in leveraging the 
seasonally-dependent transition matrices (A) estimated 
by the NSHMM for the most recent period (2020-2024).

Spatialization methodology: For the generation of 
spatially continuous risk maps from the four point-based 
station estimates, we employed an Inverse Distance 
Weighting (IDW) interpolation method with a power 
parameter of 2. While more sophisticated geostatistical 
methods such as kriging are available, IDW was deliber-
ately chosen for several reasons: (1) with only eight grid 
points, the estimation of a reliable variogram for kriging 
is not statistically robust; (2) IDW provides a transpar-
ent, deterministic, and easily reproducible interpolation 
that is appropriate for strategic-level visualization; (3) 
the method e5ectively highlights local hotspots without 
introducing spurious spatial patterns. We acknowledge 
that the resulting maps should be interpreted as indica-
tive of spatial risk gradients rather than precise point 
estimates, and we recommend that future work incorpo-
rate additional station data to enable more sophisticated 
spatial modeling.

L. RESULTS

The integrated analysis reveals a complex pattern 
of non-stationary climate change, with the four meth-
odological pillars providing a consistent and mutually 
reinforcing narrative. The results demonstrate not only 
a directional trend towards warmer and drier conditions 
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but, more importantly, a fundamental restructuring of 
the climate system’s internal dynamics.

3.1. The failure of linearity: a deceptive signal of stability

A preliminary analysis using conventional statistical 
methods paints a misleading picture of climatic stability 
in Northwestern Algeria. Standard linear trend analysis 
via the Mann-Kendall test on the aggregated monthly 
temperature and precipitation time series yields non-sig-
ni"cant results (Z = 1.40, p = 0.16 for temperature; Z = 
-0.95, p = 0.34 for precipitation). Similarly, an Analysis 
of Variance (ANOVA) comparing the mean temperature 
and precipitation across the four decades (1990s, 2000s, 
2010s, 2020s) shows no statistically signi"cant di5er-
ence between the groups (F(3, 416) = 0.60, p = 0.61 for 
temperature; F(3, 416) = 0.45, p = 0.72 for precipitation). 
These results, taken at face value, would suggest that the 
regional climate has remained largely unchanged over 
the past 35 years.

This conclusion is dangerously deceptive, as it masks 
the profound underlying shi$s in climatic dynamics that 
our non-stationary approach reveals. The illusion of sta-
bility is a classic pitfall of linear methods when applied 
to complex, non-linear systems like climate. These tests 
are designed to detect gradual, monotonic changes, but 
they are blind to the more abrupt, state-based reorgani-
zations that characterize the region’s recent climatic evo-
lution. For instance, while the overall mean temperature 
may not have shi$ed signi"cantly, the frequency and 
intensity of extreme events have changed dramatically. 
Our analysis shows that the proportion of months clas-
si"ed as ‘very hot’ (exceeding the 90th percentile) has 
more than doubled, from 7.5% in the 1990s to 16.7% 
in the 2020s. Concurrently, the frequency of ‘very dry’ 
months (less than 10mm of precipitation) has increased 
from 32.5% to 40.0% over the same period. These criti-
cal changes in the tails of the distribution are not cap-
tured by standard linear trend tests when applied to 
mean values of temperature and precipitation. It is 
important to note that linear models can, in principle, 
detect trends in extreme values when the appropriate 
statistics are selected (e.g., quantile regression on the 
90th or 10th percentiles). However, when applied to cen-
tral tendency measures, as is most commonly done, they 
mask the signi"cant changes occurring in the tails of the 
distribution. This does not diminish the utility of linear 
methods per se, but rather underscores the importance 
of selecting the proper statistical framework depending 
on whether one is interested in changes in mean values 
or in extreme events (Figure 3, Figure 4).

3.2. Deconstructing climate: the four hidden regimes

The NSHMM successfully deconstructs the com-
plex climatic variability into four distinct, meteorologi-
cally interpretable hidden regimes. These states repre-
sent recurrent patterns of temperature and precipitation 
anomalies that de"ne the region’s climate dynamics:

State 0: ‘Cool & Wet’ (47.4% frequency). This is 
the most dominant and persistent regime, represent-
ing the region’s baseline winter climate. It is character-
ized by slightly below-average temperatures (T_anomaly 
= -0.58G) and signi"cantly above-average precipitation 
(P_anomaly = +1.25G), with an average of 65.4 mm/
month. Its high persistence of 0.82 indicates that once 
the climate enters this state, it is likely to remain there 
for an average duration of 5.6 months, sustaining the 
region’s water resources. A seasonal decomposition of 
state occurrences con"rms that State 0 is predominant-
ly a winter regime: 72% of its occurrences fall within 
the November–March period, with a peak frequency in 
January (85% of January months classi"ed as State 0). 
Conversely, its occurrence drops to less than 10% dur-
ing the June–August period. The seasonal distribution of 
all four states is summarized in Table S2 (Supplementary 
Material), providing quantitative support for the season-
al characterization of each regime.

State 1: ‘Hot & Very Dry’ (20.5% frequency). This 
is the most extreme and agronomically dangerous state. 
It is de"ned by extreme positive temperature anomalies 
(T_anomaly = +1.36G) and a catastrophic lack of rainfall 
(P_anomaly = -0.99G), with a negligible average of only 
1.2 mm/month. Although it is the second most frequent 
state, its persistence of 0.65 is lower than the ‘Cool & 
Wet’ state, with an average duration of 2.9 months. How-
ever, as we will show, the frequency and persistence of 
this state have dramatically increased in recent years.

State 2: ‘Warm & Dry’ (14.5% frequency). This 
transitional state represents a milder form of drought, 
with moderately warm temperatures (T_anomaly = 
+0.45G) and below-average precipitation (P_anomaly 
= -0.65G). With a low persistence of 0.46, it is a highly 
transient state, o$en acting as a bridge between the wet-
ter and more extreme dry regimes.

State 3: ‘Hot & Dry’ (17.6% frequency). This 
regime represents a more established summer drought 
condition, with high temperatures (T_anomaly = 
+0.95G) and signi"cantly reduced rainfall (P_anomaly 
= -0.85G). Its persistence of 0.53 is moderate, indicat-
ing a relatively stable summer pattern. The distinction 
between State 1 and State 3 is crucial: State 1 represents 
an extreme, o$en unseasonal, heatwave and drought, 
while State 3 represents the expected, albeit intense, 
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summer dryness. The temporal evolution of these 
regimes is illustrated in Figure 5, while the state space 
representation is presented in Figure 6.

3.3. Non-stationary dynamics of climate regimes

The power of the NSHMM approach is its abil-
ity to reveal how the behavior of these four regimes 
has changed over time. The analysis shows a dramatic 
restructuring of the regional climate:

The rise of the hot & dry regime: The most strik-
ing change is the increase in the frequency of the Hot & 
Very Dry state (State 1). In the 1990s, this state occurred 
27.5% of the time. This jumped to 40.0% in the 2000s 
and has remained high, at 36.7% in the 2020s. This rep-
resents a relative increase of 33% in the occurrence of 
the most extreme drought conditions.

Increased persistence of extremes: Not only is State 
1 more frequent, but it has also become more persistent. 
The probability of staying in State 1 from one month to 
the next increased from 0.686 in the 1990s to 0.782 in 
the 2000s. This translates to longer and more sustained 
periods of drought and heat, with the average duration 
increasing from 3.2 months to 4.6 months.

Concept drift quantification: These changes are 
quanti"ed by the Bayesian Concept Dri$ analysis, which 
identi"es three major shi$s in the climate system. The 
transition from the 1990s to the 2000s registered a total 
dri$ score of D = 0.5175, categorized as a ‘Major Shi$’. 
An even larger shi$ occurred between the 2000s and 
the 2010s, with a staggering dri$ score of D = 0.8010, 
driven by a radical change in the mean characteristics 
of the states (D_mean = 2.0307). The most recent tran-
sition (2010s to 2020s) also constitutes a ‘Major Shi$’ 
with a score of D = 0.4684. It should be noted that the 

Figure 3. Mann-Kendall and ANOVA Tests.
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D values reported here represent the weighted compos-
ite scores calculated using Equation 2 (?=0.4, @=0.3, 
A=0.3), whereas Figure 8 displays the individual compo-
nent scores (D_freq, D_mean, D_trans) separately. The 
composite D is not a simple average of these components 
but a weighted sum, which accounts for the apparent 
numerical di5erences between the text and the "gure. 
These scores provide statistical proof that the underly-
ing generating process of the climate has fundamentally 
changed. (Figure 7, Figure 8),

3.4. CUSUM Changepoint analysis: quantifying the tempo-
ral structure of climate shi!s

The CUSUM (Cumulative Sum) analysis provides 
an independent, non-parametric validation of the cli-

mate shifts identified by the NSHMM and Concept 
Drift analyses (Lobell et al., 2008; Olesen & Bindi, 
2002). Unlike these model-based approaches, CUSUM 
operates directly on the raw time series data, detecting 
speci"c points in time where the statistical properties of 
the data undergo abrupt changes. This methodological 
triangulation strengthens the robustness of our "ndings 
(Figure 9).

3.4.1. Temperature changepoint analysis

The CUSUM analysis of the temperature time 
series, using a threshold parameter k=4 (correspond-
ing to H = 23.74°C), detected a total of 66 changepoints 
over the 35-year study period, equivalent to an average 
of 1.89 changepoints per year. It is important to clarify 

Figure 4. What linear tests miss: changes in extremes and variability. 
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that these CUSUM-detected changepoints are fun-
damentally di5erent from the HMM state transitions 
described in Section 3.2. While HMM state transitions 
represent switches between the four identi"ed climate 
regimes (which occur routinely as part of the seasonal 
cycle), CUSUM changepoints identify statistically sig-
ni"cant shi$s in the cumulative mean of the raw tem-
perature time series, independent of the HMM frame-
work. A CUSUM changepoint is Bagged only when the 
cumulative deviation from the long-term mean exceeds 
the threshold H = 23.74°C (k=4), indicating a persistent 
and substantial shi$ in the underlying temperature lev-
el rather than a routine seasonal Buctuation. This high 
frequency of detected shi$s con"rms that the regional 
temperature regime is in a state of continuous Bux rather 
than gradual, monotonic change.

The directional analysis of these changepoints 
reveals a critical asymmetry. Of the 66 detected shi$s, 
34 (51.5%) correspond to positive shifts (warming 
events), while 32 (48.5%) correspond to negative shi$s 
(cooling events). This results in a positive-to-negative 
ratio of 1.06. While this ratio may appear close to unity, 
its persistence over 35 years has profound cumulative 
implications. A simple calculation demonstrates this: 
if each positive shi$ represents an average anomaly of 
+0.8°C and each negative shi$ -0.8°C, the net cumula-
tive e5ect over 35 years is (34 - 32) 7 0.8 = +1.6°C of net 
warming, which aligns closely with observed regional 
warming trends reported in the literature. Speci"cally, 
Hamlaoui-Moulai et al. (2013) documented a warming 
rate of +0.28°C/decade in Western Algeria, while the 
IPCC Sixth Assessment Report (IPCC, 2021) estimates 

Figure 5. Time Series with HMM States. 
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a regional warming of +1.2 to +1.8°C over the Mediter-
ranean basin since the pre-industrial period. Taïbi et al. 

(2017) further con"rmed accelerated warming trends 
across the Maghreb region.

Figure 6. State Space T-P.

Figure 7. State frequencies by decade. Figure 8. Concept dri$ scores. 
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The most striking "nding is the clear asymmetry 
in the most recent period (2020-2024), where the ratio 
of positive to negative shi$s reaches 1.67. Despite rep-
resenting only 5 years of data, this period shows a dis-
proportionate dominance of warming events, suggesting 
an acceleration of the warming trend in the most recent 
years.

3.4.2. Precipitation changepoint analysis

The CUSUM analysis of precipitation, using a 
threshold of H = 97.66 mm (k=4), detected 47 change-
points over the study period, corresponding to 1.34 
changepoints per year. The lower frequency compared to 
temperature reBects the higher natural variability of pre-
cipitation in semi-arid climates.

The directional analysis reveals a drying signal: 22 
(46.8%) of the changepoints correspond to positive shi$s 
(wetting events), while 25 (53.2%) correspond to negative 
shi$s (drying events). The resulting positive-to-negative 
ratio of 0.88 indicates a systematic imbalance towards 
drying conditions.

The 2020-2024 period shows a dramatic shi$, with 
a ratio of only 0.40, meaning that drying events out-
number wetting events by a factor of 2.5. This provides 
strong, independent evidence that the region is experi-
encing an accelerated drying trend in the most recent 
years, corroborating the increased frequency of the ‘Hot 
& Very Dry’ regime identi"ed by the NSHMM.

3.4.3. Converging evidence of accelerated climate change

The combined CUSUM analysis of temperature and 
precipitation provides converging, independent evidence 
of accelerated climate change in northwestern Alge-

ria. This synthesis reveals a coherent pattern of climate 
system reorganization that is quantitatively consistent 
across all three analytical pillars of our framework.

Quantitative convergence of evidence
The simultaneous increase in warming shi$s (ratio 

1.67) and drying shi$s (ratio 0.40) during the 2020-2024 
period represents a compound climate signal of excep-
tional magnitude. To quantify this compound e5ect, 
we computed a Combined Climate Stress Index (CCSI) 
de"ned as the product of the warming ratio and the 
inverse of the drying ratio:

CCSI = Warming Ratio 7 (1 / Drying Ratio) = 1.67 7 (1 
/ 0.40) = 1.67 7 2.50 = 4.18

This CCSI value of 4.18 for the 2020-2024 period 
contrasts sharply with the baseline period (1990-1999), 
where CCSI = 1.00 7 (1 / 1.20) = 0.83. The ratio between 
these values indicates that the compound climate stress 
has increased by a factor of 5.0 (4.18 / 0.83) over the 
35-year study period.

Cross-validation with concept dri! scores
The CUSUM "ndings are quantitatively consistent 

with the Bayesian Concept Dri$ analysis. The concept 
dri$ score for the 2010sM2020s transition was 0.47, clas-
si"ed as a “Major Shi$”. 

Implications for agricultural systems
The compound nature of this climate signal poses 

signi"cant risks for agricultural systems. A warming 
ratio of 1.67 combined with a drying ratio of 0.40 means 
that for every 5 climate events in the 2020-2024 period:
– 3.3 events are warming events (vs. 2.5 expected 

under balance)
– 3.6 events are drying events (vs. 2.5 expected under 

balance)

Table 1. The decadal distribution of temperature changepoints pro-
vides further insight into the temporal dynamics of warming.

Decade Positive 
Shi$s

Negative 
Shi$s Ratio Interpretation

1990-1999 9 9 1.00 Balanced 
period

2000-2009 10 10 1.00 Balanced 
period

2010-2019 10 10 1.00 Balanced 
period

2020-2024 5 3 1.67 Accelerated 
warming

TOTAL 34 32 1.06 Net warming 
signal

Table 2. The decadal distribution of precipitation changepoints is 
particularly revealing.

Decade Positive 
Shi$s

Negative 
Shi$s Ratio Interpretation

1990-1999 6 5 1.20 Slightly wetter

2000-2009 7 8 0.88 Transition to 
drying

2010-2019 7 7 1.00 Balanced 
period

2020-2024 2 5 0.40 Strong drying 
signal

TOTAL 22 25 0.88 Net drying 
signal
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This asymmetry translates into a 32% higher prob-
ability of experiencing simultaneous heat and drought 
stress during critical crop growth stages. For durum 
wheat, the dominant crop in the region, this compound 
stress during the grain-"lling period (April-May) can 
reduce yields by 25-40% compared to single-stress con-
ditions (Lobell et al., 2008).

Temporal acceleration pattern
The CCSI increased by 404% between the 1990s 

and 2020s, with the most dramatic acceleration occur-
ring in the most recent 5-year period. However, this 
result should be interpreted with caution, as the 
2020–2024 period represents only half the duration 
of the baseline and other sub-periods (5 years vs. 10 
years), and a 10-year window is itself relatively short 
for robustly assessing climate change signals. The boot-
strap analysis presented in Section 4.4 provides some 
reassurance that the observed changes are not artifacts 
of the shorter time window (94% of bootstrap iterations 
con"rming a ‘Major Shi$’), but longer observation-
al records will be necessary to con"rm whether this 
acceleration represents a sustained trend or a transient 
anomaly. Notwithstanding this caveat, the non-linear 
acceleration pattern is consistent with the hypothesis 
that the climate system may be approaching or has 
crossed a critical threshold.

The convergence of evidence from CUSUM change-
point analysis, Bayesian Concept Dri$ detection, and 
NSHMM regime characterization provides robust, mul-
ti-method con"rmation that the climate of northwest-
ern Algeria is undergoing accelerated change. The com-
pound warming-drying signal detected in the 2020-2024 
period, with a CCSI of 4.18 (57 baseline), represents a 
fundamental reorganization of the regional climate sys-
tem with profound implications for water resources, 
agricultural productivity, and food security.

3.5. Operationalizing the findings: the probabilistic 
Drought Early Warning System (DEWS)

The ultimate goal of our analytical framework is to 
translate the complex "ndings of the NSHMM into an 
actionable decision-support tool. To this end, we devel-
oped a dynamic, probabilistic Drought Early Warning 
System (DEWS). This system represents a paradigm shi$ 
from reactive crisis management to proactive, risk-based 
planning. The core of the DEWS lies in leveraging the 
seasonally-dependent transition matrices (A) estimat-
ed by the NSHMM for the most recent climate period 
(2020-2024), which encapsulate the most up-to-date 
understanding of the regional climate dynamics.

The forecasting procedure: from HMM states to 
risk maps

The generation of the probabilistic forecast maps 
(Figure 10) illustrating the temporal evolution of 
drought risk from May to September 2025 follows a rig-
orous, multi-step procedure. 

Step 1: Determination of the Initial State. For each 
forecast period, the most likely current climate state for 
each of the eight grid points (Oran, Mostaganem, Chlef, 
Relizane, Mascara, Sidi Bel Abbes, Tlemcen, and Tiaret) 
is determined by feeding the most recent observational 
data into the trained HMM and applying the Viterbi 
algorithm to identify the most probable hidden state. 

Step 2: Extraction of Transition Probabilities. Once 
the current state is established, the corresponding row 
in the monthly transition probability matrix (A) is con-
sulted. For instance, if Relizane is determined to be in 
State 0 (‘Cool & Wet’) at the end of April, the value aH: 
from the May transition matrix provides the probability 
of transitioning to State 1 (‘Hot & Very Dry’), yielding 
the initial 65% drought probability observed in the May 
forecast map. 

Step 3: Iterative Forecasting for Seasonal Projection. 
This process is iterated sequentially across the "ve-month 
period: the forecasted probability distribution for May 
becomes the input for June, June for July, and so forth, 
enabling the system to project the progressive intensi"ca-

Table 3. The CUSUM analysis independently con"rms this classi-
"cation.

Metric 2010sM2020s 
Change Interpretation

Temperature warming ratio 1.00 M 1.67 +67% increase
Precipitation drying ratio 1.00 M 0.40 -60% decrease
Concept Dri$ Score 0.47 Major Shi$ con"rmed
CUSUM Changepoints (T) 20 M 8 Concentrated shi$s
CUSUM Changepoints (P) 14 M 7 Concentrated shi$s

Table 4. The decadal analysis reveals a clear temporal acceleration 
pattern.

Period Temperature 
Ratio

Precipitation 
Ratio CCSI Trend

1990-1999 1.00 1.20 0.83 Baseline
2000-2009 1.00 0.88 1.14 +37% vs baseline
2010-2019 1.00 1.00 1.00 Stable
2020-2024 1.67 0.40 4.18 +404% vs baseline
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tion of drought risk—from moderate levels (45-65%) in 
May through the extreme peak (75-90%) in August, and 
the subsequent decline (65-80%) in September.

Step 4: Spatial Interpolation and Mapping. The 
point-based probability values calculated for each sta-
tion are spatially interpolated using an Inverse Dis-
tance Weighting (IDW) method to create a continuous 
risk surface across Northwestern Algeria. This method 
e5ectively highlights the inland hotspot gradient, where 
interior grid points (Relizane 90%, Mascara 88%) con-
sistently exhibit higher probabilities than coastal loca-
tions (Mostaganem 79%, Oran 85%), without requiring 
a dense station network. The resulting grids are color-
coded according to prede"ned alert levels Green for Low 
(<40%), Yellow for Moderate (40-60%), Orange for High 
(60-80%), and Pink/Magenta for Extreme (>80%) pro-
ducing the "nal series of easily interpretable risk maps 

that clearly visualize the spatio-temporal evolution of 
drought across the agricultural season.

Post-hoc Veri"cation of the May–September 2025 
Forecast: The severe drought conditions forecasted by 
the DEWS for northwestern Algeria during the May–
September 2025 period were subsequently corroborated 
by multiple independent observational datasets. Satel-
lite monitoring and agricultural reports con"rmed per-
sistent precipitation de"cits and degraded crop health 
across western Algeria, resulting in below-average cere-
al yields (USDA-FAS, 2025; Biavetti et al., 2025; Ben 
Aoun et al., 2025). The JRC Global Drought Observa-
tory documented signi"cant vegetation stress and yield 
reductions speci"cally in the western wilayas (Euro-
pean Commission, 2025), consistent with broader mac-
roeconomic assessments of the 2024–2025 agricultural 
season (World Bank, 2025; FAO, 2026). Mechanisti-

Figure 9. CUSUM changepoint detection for temperature and precipitation.
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cally, this drought episode coincided with a strongly 
positive North Atlantic Oscillation (NAO) index during 
the preceding winter (DJF mean: +0.76) that persisted 
throughout the summer of 2025 (NOAA, 2026). This 
synoptic con"guration induces anomalous subsidence 
and dry northerly advection over the western Mediter-
ranean (Seager et al., 2026), providing robust physical 
validation of the NAO-driven drought teleconnection 
captured by the DEWS model.

N. DISCUSSION

4.1. Beyond linearity: a new paradigm for climate change 
detection

The most signi"cant and arguably most critical "nd-
ing of this study is the profound methodological diver-
gence between the conclusions drawn from traditional 
linear statistical tests and those from our non-stationary, 
regime-based approach. The non-signi"cant results of 
the Mann-Kendall test for both temperature (Z = 1.40, 
p = 0.16) and precipitation (Z = -0.95, p = 0.34), as well 
as the ANOVA tests for decadal means (p > 0.60 in all 
cases), paint a dangerously misleading picture of a stable 
climate. If one were to rely solely on these conventional 
methods, the conclusion would be that the climate of 

northwestern Algeria has not undergone any statistically 
signi"cant change over the past 35 years.

This "nding is not merely an academic curiosity; 
it has profound implications for policy and adaptation 
planning, as it would suggest that existing water man-
agement and agricultural strategies remain adequate. 
Our analysis, however, demonstrates that this appar-
ent stability is an artifact of the methodological limita-
tions of linear analysis. The climate of northwestern 
Algeria has not been stable; it has undergone a pro-
found, non-linear restructuring. The system is not just 
gradually warming; it is fundamentally reorganizing 
itself. The key insight provided by the NSHMM is that 
climate change is not manifesting as a smooth, mono-
tonic trend, but as a change in the underlying “rules of 
the game.” The ‘Hot & Very Dry’ regime, which was a 
relatively infrequent occurrence in the 1990s (27.5% 
of the time), has become a much more dominant fea-
ture of the climate system, occurring 40.0% of the time 
in the 2000s and remaining high since. This is a 45% 
relative increase in the frequency of the most extreme 
drought conditions. Furthermore, the persistence of this 
state has increased, with the average duration of a ‘Hot 
& Very Dry’ event lengthening from 3.2 months to 4.6 
months. This means that droughts are not only more 
frequent but also longer-lasting.

Figure 10. Probabilistic drought risk map for Northwestern Algeria (May-Septembre 2025).
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This dramatic shift is quantified by the Bayes-
ian Concept Dri$ analysis, which identi"ed three major 
structural breaks in the climate system, with dri$ scores 
reaching as high as 0.80. This provides robust, quantita-
tive evidence that the underlying statistical properties 
of the climate have changed. The CUSUM analysis fur-
ther corroborates this by identifying 66 changepoints in 
temperature and 47 in precipitation, demonstrating that 
the system is in a constant state of Bux. This highlights 
a critical limitation of linear analysis carried out using 
mean values of temperature and precipitation in the 
context of climate change analysis and underscores the 
necessity of employing more sophisticated models that 
can account for non-stationarity and regime-like behav-
ior (Franzke et al., 2008; Cohn & Lins, 2005). Our study 
serves as a powerful case study for why climate impact 
assessments must move beyond simple trend analysis 
and embrace the complexity of non-linear dynamics.

4.2. Teleconnections with large-scale atmospheric circula-
tion

A key question arising from our "ndings concerns 
the physical drivers of the observed regime shi$s. To 
investigate this, we examined the relationship between 
the identified climate regimes and major modes of 
atmospheric variability. Our analysis reveals a signi"-
cant correlation (r = 0.58, p < 0.01) between the fre-
quency of the ‘Hot & Very Dry’ regime and the positive 
phase of the North Atlantic Oscillation (NAO) during 
winter months (December-February). This seasonal 
speci"city is supported by the seasonal decomposition 
of state occurrences presented in Table S2 (Supplemen-
tary Material), which demonstrates that the ‘Hot & Very 
Dry’ regime exhibits a statistically signi"cant inverse 
relationship with the NAO index speci"cally during the 
December–February window, when the NAO exerts its 
strongest inBuence on Mediterranean precipitation pat-
terns. The NAO is the dominant mode of atmospheric 
variability in the North Atlantic region and is known 
to strongly inBuence Mediterranean climate (Hurrell & 
Deser, 2009). A positive NAO phase is associated with a 
northward shi$ of the Atlantic storm track, leading to 
reduced precipitation and warmer temperatures in the 
Mediterranean basin (Trigo et al., 2004). Furthermore, 
we found a weaker but still signi"cant correlation (r 
= 0.42, p < 0.05) with the Atlantic Multidecadal Oscil-
lation (AMO), suggesting that multi-decadal variabil-
ity in North Atlantic sea surface temperatures may also 
contribute to the long-term shi$s observed in our data. 
These teleconnections provide a physical mechanism for 
the observed changes and suggest that the regime shi$s 

detected in Northwestern Algeria are part of a broader 
pattern of climate reorganization across the Mediterra-
nean region.

4.3. Comparison with national and international studies

Our results are not only internally consistent but 
also align with, and signi"cantly deepen, the "ndings 
of previous research at both national and internation-
al scales. At the national level, our work moves beyond 
the linear trend analyses that have characterized most 
prior studies in Algeria. For instance, while Ghenim & 
Megnounif (2017) reported a statistically significant 
linear decrease in annual rainfall of approximately -18 
mm/decade in the Macta watershed, our regime-based 
analysis reframes this "nding. We demonstrate that this 
aggregate trend is not a gradual, uniform decline but is 
primarily driven by a 45% increase in the frequency of 
the ‘Hot & Very Dry’ regime, which is characterized by 
a catastrophic precipitation de"cit of nearly -45 mm/
month compared to the long-term average. Similarly, 
Hamlaoui-Moulai et al. (2013) identified a warming 
trend of +0.28°C/decade in Western Algeria. Our NSH-
MM provides a mechanistic explanation for this trend, 
showing that it is largely attributable to the increased 
prevalence of the ‘Hot & Very Dry’ and ‘Hot & Dry’ 
states, which have temperature anomalies of +1.36G 
(+2.8°C) and +0.95G (+2.0°C) respectively. Our work, 
therefore, does not contradict these valuable national 
studies (Taïbi et al., 2017) but provides a much deeper, 
mechanistic insight into the non-linear processes driv-
ing the observed linear trends. On an international 
scale, our "ndings provide a high-resolution, regional-
scale validation of broader Mediterranean-wide analyses. 
Cook et al. (2016), in their landmark 900-year drought 
atlas, identi"ed the recent period as the most severe and 
widespread drought episode in the last millennium. Our 
analysis provides a granular view of how this macro-
regional trend is manifesting in Northwestern Algeria: 
through the near-complete dominance of the ‘Hot & 
Very Dry’ regime during the summer months and its 
increasing encroachment into the spring and autumn 
shoulder seasons.

 Furthermore, our "nding of a strong link between 
the ‘Hot & Very Dry’ regime and the positive phase of 
the North Atlantic Oscillation (r = 0.58, p < 0.01) pro-
vides a direct regional manifestation of the large-scale 
circulation changes highlighted by Ben-Ari et al. (2018) 
as the primary driver of recent extreme droughts in the 
Western Mediterranean. Our regime-based analysis thus 
serves as a crucial bridge, connecting the large-scale 
atmospheric drivers identi"ed in international studies 
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to speci"c, observable, and recurrent weather patterns 
at the regional level, a connection that is essential for 
developing credible local adaptation strategies.

4.4. Methodological considerations and robustness

It is important to acknowledge the methodologi-
cal choices made in this study and their implications. 
The parameters for the concept drift score (?=0.4, 
@=0.3, A=0.3) were weighted to prioritize changes in 
state frequency, reBecting our focus on the occurrence 
of extreme regimes. A comprehensive sensitivity analy-
sis con"rmed that the detection of major shi$s is robust 
to moderate variations (±0.1) in these weights. Similarly, 
the CUSUM threshold (k=4) was selected a$er testing a 
range of values (k=3 to 5), with k=4 providing the best 
balance between signal detection and noise rejection for 
this speci"c dataset. The choice of four hidden states was 
strongly supported by the BIC, which showed a distinct 
minimum at N=4 (IBIC = 23.6 compared to N=5), indi-
cating that a more complex model was not justi"ed by 
the data.

Regarding the last period (2020-2024): We 
acknowledge that this period contains only 5 years of 
data compared to 10 years for the other periods. To assess 
whether this asymmetry biases our results, we conduct-
ed a bootstrap analysis by randomly subsampling 5-year 
periods from the 1990s, 2000s, and 2010s data and recal-
culating the concept dri$ scores. The results showed that 
the dri$ scores for the 2010sM2020s transition remain 
within the ‘Major Shi$’ category in 94% of bootstrap 
iterations, con"rming that the observed changes are not 
artifacts of the shorter time window.

O. CONCLUSION

 This study has demonstrated the critical impor-
tance of employing non-stationary, regime-based meth-
ods for climate change detection in semi-arid systems. 
Our integrated framework, combining NSHMM, Bayes-
ian Concept Dri$, and CUSUM analysis, has provided 
indisputable evidence of abrupt, non-linear shi$s in the 
climate of northwestern Algeria a reality entirely missed 
by conventional linear tests such as Mann-Kendall (p = 
0.16) and ANOVA (p > 0.60), which misleadingly suggest 
a stable climate.

Our analysis reveals that the climate system is not 
gradually warming but fundamentally reorganizing. 
The frequency of the extreme ‘Hot & Very Dry’ regime 
has increased by 45% since the 1990s, while its average 
duration has lengthened by 44%, from 3.2 to 4.6 months. 

These structural changes are con"rmed by the detection 
of three major concept dri$s, with scores reaching 0.80, 
and by 113 changepoints identi"ed by CUSUM analy-
sis. The signi"cant correlation with the North Atlantic 
Oscillation (r = 0.58, p < 0.01) provides a physical mech-
anism linking regional changes to large-scale atmos-
pheric dynamics.

The operationalization of these findings into a 
Probabilistic Drought Early Warning System (DEWS), 
capable of issuing grid-point-level risk forecasts indicat-
ing transition probabilities into the ‘Hot & Very Dry’ 
drought regime reaching up to 90% at the most vulner-
able interior locations during peak summer months, 
o5ers a robust foundation for proactive, regime-aware 
adaptation strategies (Kareiva et al., 2007; Lobell et 
al., 2008). Future work should focus on coupling these 
regime models with crop simulation models to provide 
direct forecasts of agricultural impacts (Challinor et al., 
2009; Smit & Wandel, 2006) and on integrating satellite 
remote sensing data to enhance spatial resolution.
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Abstract. The Drâa River watershed, characterized by a semi-arid climate, is particu-
larly vulnerable to the risk of deserti"cation, a threat exacerbated by the e5ects of glob-
al warming. This study is based on an analysis of climatic and hydrological variations 
in the Drâa basin, using satellite and terrestrial data. Climatic indices including SPI 
and PDSI, and vegetation indices VCI, TCI, VHI and NDVI, were calculated to assess 
the impact of climatic conditions on water resources and vegetation cover. In addition, 
the water reBectance index (NDWI) was used to analyze variations in water level of 
the El Mansour Eddahbi reservoir. The remote sensing results were compared with 
records from local hydrological stations to ensure consistent and thorough interpreta-
tion. The analyses show that the Drâa watershed is currently experiencing the long-
est drought in its recorded history, although its intensity is lower than that observed 
between 1981 and 1984. Over a 23-year period (2000-2023), only 9 years were rela-
tively wet, compared to 14 years of drought, according to the SPI index. These climatic 
conditions have put considerable pressure on water resources and vegetation cover, as 
evidenced by variations in vegetation indices and climatic parameters. The reduction 
in the surface area and perimeter of the El Mansour Eddahbi reservoir, observed by 
remote sensing, was corroborated by the decrease in water volume measured in situ. 
Prolonged droughts in this region therefore pose a signi"cant threat to water and envi-
ronmental resources.

Keywords: drought, remote sensing, climatic indices, vegetative indices, climate 
change.
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HIGHLIGHTS

– The impacts of drought were assessed in the Drâa 
basin using satellite indices.

– Signi"cant vegetative stress was detected during the 
main drought episodes.

– Strong correlations con"rm the inBuence of climatic 
factors on vegetation.

– Validation tests, based on ground data, con"rmed 
the reliability of the results.

INTRODUCTION

Drought, a recurring natural phenomenon with dra-
matic consequences, is one of the most complex chal-
lenges facing arid and semi-arid regions such as Moroc-
co. Although drought is not a new concept in Morocco 
(the country has always experienced alternating dry 
and wet periods), in recent years, the frequency of peri-
ods vulnerable to drought risk has become increasingly 
important and alarming (Stour & Agoumi, 2008; Hadria 
et al. 2019; Lahbous, 2023; Gumus et al., 2024; Bijaber 
et al., 2024). With an economy largely based on agricul-
ture, Morocco therefore faces major challenges related 
to increasing aridity, especially in its arid and semi-arid 
regions (Hadri et al., 2022; Lebdi & Maki, 2023). 

At the national level, the impacts of drought are 
not limited to the environment. In economic terms, for 
example, the e5ects are signi"cant. Lahbous et al. (2023) 
showed that successive droughts have caused a signi"-
cant decline in agricultural value added, which has sig-
ni"cantly reduced the national gross domestic product 
(GDP). This situation exacerbates the vulnerability of the 
rural population and threatens the country’s food secu-
rity. In 2017, the World Bank published a report on envi-
ronmental costs in Morocco (Dahan, 2017), estimating 
that environmental degradation accounts for a loss of 
about 3.5% of national GDP. Among these costs, the deg-
radation of water resources stands out, accounting for 
around 1.6% of GDP, surpassing air pollution, which in 
turn accounts for 1.05% of GDP. In addition, degraded 
soils, a5ected by erosion and land conversion into deser-
ti"ed areas, also contribute signi"cantly to environment-
related economic losses (Dahan, 2017). 

In this context, the Drâa River watershed, a semi-
arid region in southern Morocco, stands out for its 
increased vulnerability to drought. The Drâa water-
shed is particularly vulnerable due to its dependence on 
groundwater to meet the needs of the local population 
(Ouysse et al., 2010). However, this vital resource is seri-
ously threatened by persistent meteorological drought, 

exacerbated by extreme adverse weather conditions. 
Rainfall de"cits, coupled with rising temperatures and a 
wide temperature range, are signi"cantly reducing wet-
lands, with direct impacts on vegetation cover, surface 
water and groundwater (Saouabe et al., 2022; Sadiki & 
Hanchane, 2024). Adverse climatic conditions, combined 
with increasing demographic and industrial pressures, 
have placed the Drâa basin in a critical and alarming 
situation. In response to these challenges, it has become 
imperative to implement rigorous management strategies 
to preserve the region’s water resources. 

In this context, several studies have been conducted 
to map the areas most a5ected by the adverse e5ects of 
meteorological drought (Auclair, 1987; Agoussine et al., 
2003, 2004; Schulz et al., 2004, 2008; Weber, 2004; Aït 
Hamza et al., 2010; Ouysse et al., 2010; Bentaleb, 2011, 
2015; Baki et al., 2017; Mehdaoui et al., 2018; El Qorchi 
et al., 2023). However, drought management in this 
region, particularly in terms of forecasting and assess-
ing its impact on water resources, remains a major chal-
lenge. When it comes to studying and managing climate 
risks, the availability of in situ climate and hydrological 
data, as well as the methods used to collect this infor-
mation, continue to be key obstacles (Wang et al., 2015; 
Aksu et al., 2022b). New space technologies and remote 
sensing tools provide a variety of capabilities for moni-
toring climatic phenomena over large areas and long 
periods of time (Ji & Peters, 2003; Hao & Singh, 2015; 
Wang et al., 2015; Li et al., 2016; Bijaber & Rochdi 2017; 
Eyoh et al., 2019; Bashit et al., 2022; Houmma et al., 
2023; Serbouti et al., 2023). The use of satellite sensors 
has replaced the traditional method based on calculat-
ing climate indices from terrestrial data measured and 
recorded by a limited network of meteorological and 
hydroclimatic stations. These stations are o$en inad-
equate and unrepresentative, especially in desert regions, 
which make up a significant portion of the catch-
ment area under study. Moreover, many climate indices 
require data series of at least 30 years to provide con-
vincing results. To illustrate, hydroclimatic indices such 
as the Standardized Precipitation Index (SPI), the Stand-
ardized Precipitation-Evapotranspiration Index (SPEI) 
(McKee et al. 1993), and the Palmer Drought Sever-
ity Index (PDSI) (Palmer, 1965; Li et al., 2016; Zkhiri 
et al., 2018; Kim et al., 2021) are o$en used to assess 
hydroclimatic drought over large spatiotemporal areas. 
In this context, several studies have been conducted to 
use satellite data in the study of drought in Morocco. 
The analysis of the Palmer Drought Index (PDSI) by 
Waroux et al. (2013) revealed a clear trend of increasing 
drought in the Aoulouz argan grove region over the last 
few decades, mainly due to the increase in mean annual 
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temperatures, thus higher evapotranspiration and less 
recharge. In fact, the increase in temperature appears 
to be the main factor a5ecting the health of argan trees, 
limiting their natural regeneration and accelerating the 
degradation of the local ecosystem. According to Elair 
et al. (2023), the use of SPI, VCI, TCI, and VHI indices 
showed that the Marrakech-Sa" region experienced sig-
ni"cant variations in drought frequency between 1984 
and 2022, with periods characterized by moderate to 
severe drought events. Several critical droughts were 
identi"ed from 1981 to 2017, interspersed with peri-
ods of rainfall. However, studies indicate an increas-
ing trend in the frequency, duration and intensity of 
droughts in recent decades, highlighting the challenges 
of water resource management and agriculture in the 
region (Choukrani et al., 2018). Combined analyses of 
remote sensing indices such as SPI, SPEI, STI, TCI and 
GRACE-DSI have revealed a signi"cant worsening of 
drought episodes in the Bouregreg catchment located in 
the north-western part of Morocco. This intensi"cation 
is not the result of a signi"cant decrease in precipitation, 
which has remained stable overall, but rather of a grow-
ing water imbalance, fueled by a signi"cant increase in 
temperature. The increase in evapotranspiration cata-
lyzed by global warming has thus exacerbated the agri-
cultural and hydrological forms of drought in the region 
(Ait Dhmane et al, 2024). 

The Drâa watershed is no exception to the recent 
national trend of increasing drought. However, its vast 
surface area and the diversity of its topographic and cli-

matic conditions make monitoring this phenomenon 
particularly complex. The objective of this study is to 
assess the risk of drought in the basin using several indi-
ces derived from satellite data for the period between 
1960 and 2023. More speci"cally, it aims to analyze the 
spatial and temporal variability of drought using satel-
lite indices based on reBectance and brightness tempera-
ture, to evaluate their performance in detecting drought 
events and their frequency, and to identify the most vul-
nerable areas of the Drâa watershed. These indices are 
then compared with "eld data provided by the Drâa-
Oued Noun Water Basin Agency, as well as with trend 
analyses of raw climatic parameters such as precipitation 
and temperature.

MATERIALS AND METHODS

Study area

The Drâa River watershed is located in the southern 
part of Morocco and covers an area of approximately 
93,729 km2. It is bounded to the north by the foothills of 
the High Atlas, from Jbel Toubkal to Jbel M’Goun, and 
to the south by the Saharan basin and the border with 
Algeria. It is bordered to the east by the Todgha and 
Rhis valleys and to the west by the Guelmim and Souss 
Massa basins (Figure 1). The Drâa is a region where 
geography, geology and the availability of water resourc-
es are closely linked. Its climate, which is semi-arid in 

Figure 1. Location map of the study area showing the Drâa River watershed situated in southern Morocco.
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the north and becomes Saharan south of M’Hamid El 
Ghizlane, is mainly inBuenced by its geographical posi-
tion between the High Atlas and the Anti-Atlas, as well 
as its proximity to the Atlantic Ocean (DRPE, 2008; 
Schulz et al., 2004). The region su5ers from pronounced 
aridity, especially in the Anti-Atlas, although cool winds 
from the Atlantic bring some moderation to the climate. 
However, the high frequency of anticyclones contributes 
to a severe lack of precipitation (ABHDON, 2009). From 
a hydrological point of view, the Drâa basin includes 
the longest river (Drâa River) in Morocco, with a length 
of 1100 km. It rises at the conBuence of the Dadès and 
Ouarzazate rivers, at the El Mansour Eddahbi dam, 
and follows a winding course before emptying into the 
Atlantic Ocean. This great length crosses a variety of 
geographical and topographical contexts, giving rise to 
a division into the Upper, Middle and Lower Drâa, each 
with distinct geographical and hydrological characteris-
tics (Figure 1) (ABHDON, 2013).

Data sources

Remote sensing data

a) NOAA and VIIRS sensor images
The National Oceanic and Atmospheric Adminis-

tration (NOAA) is a platform equipped with a network 
of satellites, ocean buoys, meteorological stations and 
other instruments designed to collect variable precision, 
real-time information on climatic and oceanic condi-
tions worldwide. These data are publicly accessible via a 
number of digital platforms. In order to characterize the 
meteorological aridity of our vast study area over a peri-
od of about forty years, we used data presented by NES-
DIS STAR (National Environmental Satellite, Data, and 
Information Service - Center for Satellite Applications 
and Research), accessible through the link https://www.
star.nesdis.noaa.gov/star/index.php.

A detailed analysis of environmental conditions 
and climate trends using indices based on precipitation, 
temperature and evapotranspiration potential was made 
possible by using the TerraClimate database. This high-
resolution data source (approximately 4 km resolution) 
provides a monthly overview of a number of hydrologi-
cal and climatic variables essential for characterizing 
drought in a given region. The data are available from 
1958 to the present and can be accessed free of charge at 
https://www.climatologylab.org/terraclimate.html.

b) Google Earth Engine data
In order to document the spatiotemporal variation 

of the normalized vegetation index, we used the Google 
Earth Engine platform (https://code.earthengine.google.

com/), which provides a large collection of historical 
and current satellite data from di5erent sensors such 
as Landsat, MODIS and Sentinel. For this purpose, we 
used Java scripts to visualize NDVI maps of the Drâa 
watershed based on data extracted from Landsat 5 satel-
lite sensors for the years 1984, 1989, 1994, and 1999, as 
well as from the MOD13Q1 satellite sensor for the years 
2000-2023. The resulting maps are then stored, pro-
cessed, and used to monitor drought trends over time.

Data from land based hydrological stations: Precipitation 
and volume variations of the El Mansour Eddahbi Dam

Gathering stations provide accurate and localized 
rainfall measurements that are essential for the calibra-
tion and verification of satellite data. These stations 
were established and are currently managed by the Drâa 
Oued Noun Water Basin Agency.  Based on a network of 
27 rain gauge stations distributed upstream and down-
stream in the Drâa basin, we were able to establish inter-
polations based on real data, allowing us to assess the 
validity and accuracy of the results obtained by remote 
sensing platforms.

Because we work with satellite data, it is essential to 
perform pre-processing on downloaded images to ensure 
data reliability and quality. For information presented 
in image form, we have applied the necessary atmos-
pheric and radiometric corrections. These are aimed at 
adjusting pixel values to correct for variations in sensor 
sensitivity and aligning images to correct for geometric 
distortions. As for the data corresponding to point meas-
urements of climatic parameters at speci"c stations, usu-
ally acquired in CSV (comma-separated values) format, 
we prepared the database by selecting the time intervals 
and calculating the monthly and annual sums and aver-
ages for each climatic parameter to be used in the calcu-
lation of the indices. These preliminary steps are crucial 
before proceeding with spline interpolation with barriers 
to obtain the "nal map. In general, the approach used in 
this study aims to monitor drought trends over a 50-year 
period, focusing on the current situation (Figure 2). This 
monitoring was done using satellite climate indices from 
NOAA, TerraClimate and Google Earth Engine. A large 
watershed like the Drâa, with inaccessible desert areas, 
poses enormous problems in terms of data availabil-
ity. In this study, new space technology has proven very 
useful, with online information used to produce maps 
suitable for management and decision-making in these 
areas. The resulting cartographic maps were validated 
using real data collected along the Drâa River, based on 
a correlation between the products of the di5erent data 
sources. 

https://www.star.nesdis.noaa.gov/star/index.php
https://www.star.nesdis.noaa.gov/star/index.php
https://www.climatologylab.org/terraclimate.html
https://code.earthengine.google.com/
https://code.earthengine.google.com/
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Severe weather conditions have a signi"cant impact 
on the size of water reservoirs. In this regard, as a third 
validation, we used the large El Mansour Eddahbi res-
ervoir in the Drâa watershed as a reference. Using the 
Normalized Di5erence Water Index (NDWI) and vol-
ume measurements carried out by the Drâa Oued Noun 
Water Basin Agency, we carried out a detailed study of 
the temporal variation of its surface area and perimeter 
in order to identify dry and wet years for this reservoir, 
which receives most of its annual rainfall from the Tidi-
li-Iriri and Dadès-M’Goun tributaries.

Drought indices

a) ReBectance-Based Indices
NDVI (Normalized Di5erence Vegetation Index) 
Proposed by (Rouse et al., 1973) as an index of veg-

etation health and density, NDVI is currently considered 
the most widely used indicator for monitoring terrestrial 
vegetation over large areas. This index is de"ned by the 
following formula:

NDVI= 

where NIR and RED are reBectances in the near infra-
red and red bands, respectively. NDVI varies from -1 
to +1, with positive values close to 1 indicating dense, 
healthy vegetation, and low negative values indicating a 
lack of vegetation or non-vegetated surfaces, which can 
be water or bare soil.

VCI (Vegetation Condition Index) 
The VCI is a vegetative stress index expressed as a 

function of maximum, current and minimum NDVI val-
ues over a period of time (Liu & Kogan 2002). It di5ers 
from NDVI in its ability to analyse vegetation conditions 
for heterogeneous areas (Kogan, 1990), which is due to 
its ability to separate the short-term climatic signal from 
the long-term ecological signal (Kogan & Sullivan, 1993). 
VCI values generally vary between 0 and 100, with a 
zero value corresponding to extremely poor vegetation 
conditions and maximum values close to 100 indicating 
optimal vegetation conditions, and can be de"ned as:

VCI = 

NDWI (Normalized Di5erence Water Index) 
The NDWI introduced by (McFeeters, 1996) is a 

reBectance-based index commonly used to identify and 
monitor the presence of water on the Earth’s surface. 
The NDWI uses reBected radiation in the near infrared 
and visible green light to enhance the presence of water 
features while eliminating the presence of soil and ter-

restrial vegetation (McFeeters, 1996). The NDWI formu-
la is generally de"ned as follows:

NDWI = 

b) Brightness Temperature-Based Indices
TCI (Temperature Condition Index) 
This thermal index is essentially based on the 

Earth’s surface temperature. It was developed at NOAA 
in 1995 (Kogan, 1997), and is calculated using images 
from NOAA’s AVHRR sensor. This index is very useful 
for characterizing thermal stress over long periods of 
time and over large areas (Kogan, 1997). Combined with 
other vegetation indices such as VCI, it provides a more 
comprehensive assessment of the vegetation condition of 
a given area. It is calculated as follows (Layelmam, 2015):

where LSTmax is the maximum surface temperature 
of the period studied, LSTmin is the minimum surface 
temperature of the period studied and LST (i) is the sur-
face temperature of the month concerned.

c) Combined ReBectance and Brightness Tempera-
ture-Based Indices

VHI (Vegetation Health Index) 
Because it combines a thermal factor and plant 

reBectance, the VHI is the most appropriate indicator for 
vegetation. This index was developed by (Kogan, 1995), 
and is very e5ective in terms of studying and manag-
ing agricultural drought by assessing vegetation health. 
It works by combining the Vegetation Condition Index 
(VCI) and the Temperature Condition Index (TCI), 
while relying on their negative correlation, to detect, 
monitor and provide early warning of the frequency and 
intensity of agricultural drought (Justice et al. 1998; Seil-
er et al. 1998). It is expressed by the following equation:

VHI = ɑ VCI + β TCI

where ? and @ are coe!cients assigned to each of these 
combination factors and refer to the negative correlation 
between the thermal index and the plant index. These 
coe!cients are equal to 0.5, according to (Wilhite et al., 
2000).

d) Rainfall variation-based indices
SPI (Standardized Precipitation Index) 
The SPI index (McKee et al., 1993, 1995) is a power-

ful yet easy to calculate tool that requires only precipita-
tion data to quantify precipitation de"cits or surpluses. It 
measures variations in precipitation relative to historical 
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averages over a speci"ed period, whether de"cit or sur-
plus, over periods ranging from 3 months to 2 years. Its 
optimal calculation requires monthly measurements over 
20 to 30 years, ideally 50 to 60 years, although missing 
data can a5ect the reliability of the results (WMO, 2012).  
The SPI index can be expressed as:

SPI = 

where P is the total precipitation for a given period 
(mm), Pm is the historical mean precipitation for the 
period (mm), and GP is the historical standard deviation 
of precipitation for the period (mm).  

PDSI (Palmer Drought Severity Index) 
The PDSI is a meteorological drought index devel-

oped by Palmer (Bri5a et al., 1994; Scian & Donnari, 
1997; Cook et al., 1999). Its ultimate goal is to provide 
standardized measurements of moisture conditions so 
that comparisons can be made using this index between 
di5erent locations and between di5erent months. To 
achieve this, the PDSI relies on data on precipitation, 
current and past temperatures, and available soil mois-
ture (Mika et al., 2004), However, it does not directly 
consider surface hydrological resources (groundwater, 
rivers, reservoirs), that can inBuence drought conditions 
(Layelmam, 2015). The PDSI index is calculated using:

where X (i-1) is the PDSI of the previous period, and Z(i) 
is the moisture anomaly index which is calculated by the 
following formula: 

Z(i) = K(P-Pc) 

where K is a weighting factor (see Alley 1984), P is the 
current precipitation (mm), and Pc is the CAFEC pre-
cipitation (mm; Climatically Appropriate for Existing Con-
ditions), representing the amount of rainfall needed to 
maintain a balanced water supply (i.e., neither drought 
nor excessive humidity) under normal climatic conditions. 
It is expressed as: CAFEC = Potential Evapotranspiration 
(PE) + Recharge + Runo5 W Soil Moisture Loss/Gain.

RESULTS

Re$ectance-Based Indices

VCI 

The map of spatiotemporal variation of the Vegetation 
Condition Index (VCI) (Figure 3) shows an increasing 
trend towards drought between 1984 and 2023. During 
the period from 1989 to 2009, conditions appear relatively 
normal, with slight Buctuations observed between 1989 
and 2009, and spatially between the High Atlas and Anti-
Atlas regions. These Buctuations can be attributed to top-
ographic variations, which have a direct inBuence on the 
amount of precipitation and the diurnal temperature vari-
ations. In fact, the varied topography of the mountainous 

Figure 2. WorkBow diagram illustrating the main steps of the adopted work methodology.
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areas of the High Atlas and Anti-Atlas results in distinct 
microclimates. Higher altitudes generally receive more 
precipitation, while lower areas can be more arid. Since 
2009, a signi"cant increase in drought has been observed, 
leading to a progressive deterioration of vegetation con-
ditions and an increase in periods of water stress. This 
deterioration could be linked to climate change, which is 
strongly a5ecting precipitation patterns and temperatures. 

NDVI

Analysis of the normalized vegetation index (NDVI) 
in Figure 4 clearly indicates a signi"cant shi$ in the cli-
matic conditions of the Drâa watershed since the 2000s. 
Even land in the Atlas regions shows progressively lower 
NDVI values, specially from 2004 to 2023.  Bare soil and 
Saharan zones occupy about three quarters of the water-
shed surface area, which is explained by regional climatic 

conditions. These changes indicate a gradual degradation 
of vegetation cover, highlighting water stress and a decline 
in biological productivity. Analysis of the NDVI data dur-
ing this period shows the severe impact of the climatic 
conditions on the ecosystem of the Drâa watershed. Green 
zones with high NDVI values continue to show resilience, 
especially in the foothills of the high mountains, largely 
bene"ting from the e5ect of snowmelt. These areas of 
dense vegetation also extend along the Drâa River, from 
the High Dadès in the east and Tidili-Iriri in the west, to 
Mhamid El Ghizlane in the south (Figure 1).

Brightness Temperature-Based Indices

TCI

As shown in Figure 5, the temporal variation of 
the temperature condition index (TCI) shows some 

Figure 3. Spatiotemporal variation map of the Vegetation Condition Index (VCI).
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cyclicity. Any year with extremely high temperatures 
could indicate a period of drought, followed four years 
later by a year with lower temperatures, indicating wet 
conditions.

This index examines the e5ect of temperature on 
vegetation, showing that even the lowest temperatures 
can have a negative e5ect on plant cover. Therefore, it 
is important to use this index alongside the Vegetation 
Condition Index (VCI) rather than in isolation. The 
combination of these two indices results in the Vegeta-
tion Health Index (VHI). Basically, years with favora-
ble vegetation conditions are con"rmed by the VHI, 
enhancing the reliability of the conclusions drawn from 
their analysis.

Combined Re$ectance and Brightness Temperature-Based 
Indices

VHI

With regards to the Vegetation Health Index (VHI), 
the observed trends are consistent with those of the 
NDVI, VCI and TCI. Initially, conditions appear favora-
ble throughout the watershed, with varying intensity 
due to the di5erent microclimates of each region, inBu-
enced by their speci"c topographic context. However, 
from 2004 onwards, the calculations show a signi"cant 
upheaval, with the class indicating unfavorable vegetation 
conditions invading almost the entire watershed. This 
trend indicates an alarming drought, which can be cor-
roborated by the other indices based on the local mete-
orological conditions, hence the importance of a mul-

Figure 4. Normalized Di5erence Vegetation Index (NDVI) map illustrating spatial variations in vegetation cover across the study area. 
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tidimensional analysis of the indices for a complete and 
accurate understanding of the drought in the study area. 

Rainfall variation-based indices

SPI

Analysis of the graph showing variations in the 
Standardized Precipitation Index (SPI) for the Drâa 
watershed from 1950 to 2023 reveals several important 
trends (Figure 7). During this period, the SPI shows 
marked variability, with prolonged episodes of severe 
drought, particularly notable in the years 1961, 1962, 
1976, 1982-1985, 1999-2002 and 2016-2023 (with the 
exception of the year 2018-2019), when SPI values fall 
below -1.5, indicating exceptionally dry conditions. In 
contrast, signi"cant peaks of excess precipitation occur 

between 1952-1957, 1963-1969, 1988-1994, 1996-1998, 
2003-2007, and 2014-2015, with SPI values reaching +1.5, 
indicating periods of abundant precipitation. 

The overall trend in the SPI appears to oscillate 
between periods of intense drought and excess precipita-
tion, with a notable variation in the frequency of events 
between the 1990s and 2000s. Prior to 2002, droughts 
had a signi"cant amplitude but a limited duration of 
3 or 4 years at most, while wet periods were more pro-
longed, with somewhat lower amplitudes. Since 2002, 
wet periods have become rarer, with an average ampli-
tude and generally lasting only one or two consecutive 
years. On the other hand, a precipitation de"cit extends 
over about 17 years, from 2007 to 2023, with a few one-
year breaks, as in 2014-2015 and 2018-2019. In terms of 
SPI, over a period of 23 years (2000-2023) the watershed 
has experienced only 9 relatively wet years compared 

Figure 5. Spatiotemporal variation map of the Temperature Condition Index (TCI) illustrating thermal stress conditions across the study 
area during the observation period.
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with to 14 dry years. These rainfall de"cits, spread over 
a long period, and in parallel with the rise in tempera-
tures, con"rms the results of the other indices reBecting 
vegetation health.

PDSI

Variations in the Palmer Drought Severity Index 
(PDSI) corroborate the Buctuations observed through 
the SPI indices (Figure 8). This is to be expected, as the 
Palmer index is based on similar parameters to those 
used to assess rainfall de"cits and surpluses. The periods 
most severely a5ected by drought, identi"ed by the low-
est PDSI values, include the intervals 1982-1984, 1999-
2000, and the long dry period from 2015 to the present 
day. Conversely, wet periods are less frequent, with sig-

ni"cant peaks recorded in the years 1987-1989, 2002, and 
2014. These observations con"rm the harmonization of 
drought and precipitation indices in the assessment of 
climatic conditions in the watershed, underlining their 
complementarity in the analysis of climatic trends.

Validation of %ndings 

Observed climatic and hydrological parameters

As a performance test, we implemented a rigorous 
validation, comparing the results with variations in cli-
matic parameters. Speci"cally, we compared precipita-
tion data from 27 hydrological stations along the Drâa 
River with temperatures provided by the TerraClimate 
satellite and with the results of drought indices derived 
from remote sensing.

Figure 6. Vegetation Health Index (VHI) variation map showing spatiotemporal changes in vegetation health across the study area.
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To assess the performance of the TerraClimate satel-
lite itself, we compared spline-with-barriers interpolation 
based on precipitation data provided by the Drâa-Oued 

Noun Hydraulic Basin Agency with those derived from 
satellite observations. This comparison allowed us to 
calculate a correlation index, which serves as a basis for 

Figure 7. Variations of the Standardized Precipitation Index (SPI) illustrating the temporal evolution of meteorological drought conditions 
in the study area. 

Figure 8. Variation of the Palmer Drought Severity Index (PDSI) between 1970 and 2023, showing long-term trends in drought severity 
across the study area.
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assessing the accuracy of the data provided by TerraCli-
mate. A high correlation index, on the order of 79% (Fig-
ure 9), con"rms the reliability of the satellite data. This 
not only ensures the accuracy of the climate data used in 
our analyses, but also increases con"dence in the 

results obtained and their relevance to the assess-
ment drought conditions and climate trends in the Drâa 
catchment.

Figure 10 illustrates the variations in mean annual 
precipitation in the Drâa watershed, as determined by 
“spline with barriers” interpolation using ArcGIS so$-
ware, between 1960 and 2023. In general, the pattern 
of oscillations reveals a downward trend in annual pre-
cipitation in the watershed over time. There were sig-
ni"cant precipitation peaks, with values reaching 244.5 
mm in 1967, and 246.5 mm in 1996. In contrast, troughs 
reBect periods of low precipitation, with minimum val-
ues dropping to 85.9 mm in 2023. It is important to note 
that it has now been 27 years (1996-2023) since the Drâa 
watershed recorded an average annual rainfall of more 
than 200 mm. This observation underscores a prolonged 
downward trend in precipitation levels in the region, 
reBecting a signi"cant change from previous periods 
when higher values were common. 

With regard to maximum temperatures (Figure 
11), an interpolation based on satellite data provided 
by TerraClimate shows variations in maximum tem-
peratures in the Drâa watershed from 1960 to 2023. The 
graph derived from this analysis shows a general trend 
of increasing temperatures over the past several dec-
ades. Maximum temperatures have ranged from a low 
of 25.5°C in 1971 to a high of 30.6°C in 2023. In other 
words, the region has experienced an average increase of 
5°C over the past 52 years. More speci"cally, in the last 
two decades, i.e. between 2000 and 2023, the maximum 
temperature has risen by 3°C, from 27.6°C in 2000 to the 
peak recorded in 2023. This increasing trend in maxi-
mum temperature raises signi"cant concerns about the 
future impacts of global warming on the watershed. It is 
crucial to consider how these changes could a5ect local 
ecosystems, water resources and living conditions in the 
region as temperatures continue to rise.

In a third validation step, we applied the Normal-
ized Di5erence Water Index (NDWI) to the El Man-
sour Eddahbi reservoir to monitor its spatio-temporal 
evolution in response to climatic variations (Figure 12). 
Analysis of the data covering forty years, from 1984 to 
2023, reveals the signi"cant inBuence of rainfall de"cits 
on the reservoir extent. In 1984, following two consecu-

Figure 9. Results of the correlation analysis between TerraClimate precipitation data and ground-based (in-situ) precipitation observations.
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tive years of drought, a sharp reduction in the reser-
voir’s water surface area was observed (4,152 kmX). By 
contrast, in 1989, the wettest year of the period accord-
ing to annual precipitation records, drought indices and 
vegetation vitality indices saw a substantial increase 
in reservoir surface area and perimeter (47.39 kmX and 
157.35 km, respectively). Although wet years became less 
frequent a$er 2000, some, such as 2009, still resulted in 
signi"cant increases in reservoir surface area and perim-
eter (44.52 kmX and 176.07 km, respectively). From that 
date onwards, the gradual decline in precipitation, com-
bined with rising temperatures and increased evapora-
tion rates, has severely a5ected water levels. By 2023, the 
reservoir had shrunk considerably (11 kmX in area and 
73 km in perimeter), clearly illustrating the devastating 
e5ects of drought on the regional water resources. Sur-
face and perimeter variations derived from the NDWI 
were validated by reservoir volume measurements pro-
vided by the Drâa Oued Noun Water Agency, covering 

the period from dam construction in 1972 to 2023, with 
a particular focus on key years (Figure 12).

Discussions 

Vegetation indices include NDVI and NOAA indi-
ces include VCI, TCI and VHI. Although they are based 
on di5erent measurement principles - NDVI is based on 
the reBectance of vegetation surfaces, while NOAA indi-
ces are based on brightness temperature - these indices 
ultimately show variations in time and space, with a 
trend towards a decrease in vegetation cover in recent 
decades. It is important not to interpret the results of 
these indices in isolation, as they provide only a partial 
overview of vegetation health. Vegetation health can be 
adversely a5ected not only by periods of drought, but 
also by Booding. In addition, heavy rainfall combined 
with extremely low temperatures can also adversely 
affect vegetation health. It is therefore important to 
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Figure 10. Temporal variation in average annual precipitation in the Drâa Watershed, based on data from ABHDON (2023). 
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Figure 11. Temporal variation in the annual mean maximum temperatures in the Drâa Watershed, based on TerraClimate data (2023).
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complement the analysis of these indices with other 
information to obtain a complete picture. It should also 
be emphasized that the indices analyzed refer to veg-
etation health for only the month of April over the nine 
years of comparison (1984, 1989, 1994, 1999, 2000, 2004, 

2009, 2014, 2019, 2023). April is chosen as the reference 
month because at this time vegetation growth is most 
sensitive to environmental conditions.  This explains, 
for example, why the drought indices show a sever-
ity in 2014, even though there was signi"cant precipita-

Figure 12. Variation in the water surface area and perimeter of the El Mansour Eddahbi Dam Reservoir between 1984 and 2023 (a); loca-
tion of the dam in relation to the tributaries of the Upper Drâa (b); variation in the reservoir volume between 1972 and 2022 (c) (ABH-
DON, 2022).
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tion in that year (Figures 10). Indeed, this precipitation 
only occurred in September, November and December, 
and not during critical vegetation months such as April. 
Focusing on the variation in VHI index, an index that 
assesses vegetation health by integrating vegetation con-
ditions, we can observe that the health of the vegetation 
cover varies according to topography, proximity to the 
High Atlas, and Buctuations in meteorological param-
eters. One year is not enough to restore vegetation a$er 
three or four consecutive years of drought, even if rain-
fall increases. In fact, vegetation health has deteriorated 
from 2009 to 2023, despite some slightly wetter periods 
between 2014-2015 and 2018-2020. The same trends 
apply to the NDVI index, except that this index clearly 
illustrates the progression of deserti"cation over most 
of the watershed. The ubiquitous green belt (Figure 6) 
represents the south-facing slope of the High Atlas, with 
their elevations and relatively favorable climate for crop 
development.

The results obtained from the SPI and PDSI indices 
show a strong correlation with variations in precipitation 
and maximum temperatures. In fact, these indices con-
"rm the trends revealed by the raw climate data (Figures 
10 and 11). To illustrate this correlation, it is relevant to 
look at the years considered the wettest on the basis of 
high annual precipitation (244.5 mm in 1967, 222.6 mm 
in 1988 and 246.5 mm in 1996). In fact, the SPI indices 
for these years are 1.50 in 1967, 2.15 in 1988 and 1.80 in 
1996. These high values indicate a period of exception-
ally above-average rainfall, con"rming the trend towards 
wetter conditions during these years. 

The PDSI is also part of this correlation with varia-
tions in raw climatic parameters. To illustrate this cor-
relation, we have analyzed in detail the years most prone 
to drought, as well as the wettest periods according to 
the available data. The year 2023, for example, character-
ized by particularly dry conditions, shows an extremely 
low PDSI index of -3.50, accompanied by a high average 
maximum temperature of 30.6°C. This result con"rms 
a severe and persistent drought situation. On the oth-
er hand, the year 1971, which records the lowest mean 
maximum temperature (25.5°C) of the period (1960-
2023) and an annual rainfall of 147.8 mm, is associated 
with a PDSI index of 3.40. This value indicates relatively 
wet and humid conditions and suggests a low vulnerabil-
ity to drought this year.  The 83% positive correlation 
between the SPI and PDSI indices (Figure 13), illustrat-
ed by the scatterplot and "tted regression line, con"rms 
their strong relationship, indicating that water de"cits 
detected by the SPI are well reBected by the PDSI. PDSI 
increases when SPI increases, as precipitation is the 
main variable inBuencing both indices. 

The SPI measures precipitation anomalies directly, 
so when it is positive, it means that there is an excess of 
rainfall compared to normal. Since the PDSI also incor-
porates this precipitation into its calculation, an increase 
in the SPI generally indicates a recharge of soil moisture, 
thus reducing water stress and leading to a rise in the 
PDSI. However, the PDSI responds more slowly to vari-
ations in SPI, as it takes into account evapotranspiration 
and the soil’s capacity to retain water, which can damp-
en or delay its variations compared to the SPI.

The response of surface water bodies to weather con-
ditions is o$en direct and rapid, particularly in semi-arid 
environments where water availability is heavily inBu-
enced by rainfall variability and evaporation processes. 
In this context, large reservoirs are highly sensitive indi-
cators of hydroclimatic stress. The El Mansour Eddahbi 
reservoir, which regulates surface water resources in the 
Upper Drâa sub-basin, is an essential indicator for assess-
ing the hydrological impacts of drought at the basin 
scale. The results highlight a close link between climate 
variability and surface water dynamics, as evidenced by 
the strong correlation between surface variations derived 
from NDWI and measured reservoir volumes. Periods 
characterized by pronounced rainfall de"cits lead to a 
rapid contraction in reservoir extent, reBecting reduced 
inBows and increased evaporation due to rising tempera-
tures. Conversely, episodic wet years lead to short-lived 
recoveries in reservoir surface area, illustrating the sys-
tem’s dependence on interannual precipitation variabil-
ity rather than long-term storage resilience. Overall, the 
consistency between the NDWI maps and the observed 
variations in reservoir volume con"rms the relevance of 
remote sensing-based hydrological indices for monitoring 
surface water dynamics in regions where data are scarce. 

Beyond validation objectives, these results highlight 
the vulnerability of surface water resources in the Drâa 
basin to prolonged drought conditions and reinforce the 
importance of further studies in this region for e5ective 
water resource management.

CONCLUSION

As part of this study, the results derived from satel-
lite imagery were validated using ground-based data. 
Today, data availability is no longer a major barrier 
to studying drought risk over time and space. Thanks 
to sources such as NOAA and TerraClimate, along 
with band analysis from satellite images like Landsat, 
Modis, and others, it is now possible to access essen-
tial global parameters. These datasets allow for the cal-
culation of various drought indices, enable correlation 
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with observed conditions, and support the develop-
ment of representative maps illustrating the evolution 
of climatic situations. The Drâa watershed, like much 
of Morocco, has long experienced alternating dry and 
wet periods. However, in recent decades, the frequency 
of drought years has significantly increased, marked 

by greater severity and broader spatial extent. The few 
relatively wet years are no longer su!cient to restore 
water resources or regenerate vegetation cover. Located 
in the southern part of Morocco, the Drâa Basin’s cli-
matic context makes it particularly vulnerable to mete-
orological, hydrological, and hydrogeological droughts. 

Figure 13. Comparison of the temporal evolution of the Standardized Precipitation Index (SPI) and the Palmer Drought Severity Index 
(PDSI) from 1960 to 2023 (a), and scatter plot showing the correlation between the SPI and the PDSI values (b).
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Since the droughts of the 1980s, the region has shown a 
cyclic pattern of alternating dry and wet seasons, with a 
recurrence interval of approximately two to three years. 
Yet, since the 2000s, both the frequency and impact of 
drought years have intensi"ed, particularly in terms of 
vegetation loss and declining water availability in the 
reservoir of the El Mansour Eddahbi dam. This situ-
ation is reBected in the variation of several indicators 
including the Vegetation Condition Index (VCI), Tem-
perature Condition Index (TCI), Vegetation Health 
Index (VHI), and the Normalized Di5erence Vegeta-
tion Index (NDVI), along with climate-based indices 
including the Standardized Precipitation Index (SPI), 
the Palmer Drought Severity Index (PDSI), and the 
Normalized Di5erence Water Index (NDWI) applied to 
the dam reservoir. The interpretation of resulting maps 
and graphs required an integrated approach, combining 
advanced remote sensing data with ground observations 
from hydrological stations across the Drâa watershed, 
to ensure a coherent and comprehensive analysis. Ulti-
mately, the "ndings have con"rmed that the observed 
variations closely follow the Buctuations of key climatic 
parameters—namely, annual average precipitation and 
average maximum temperatures.
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Abstract. Greenhouse management is a fundamental aspect of modern agriculture, as 
it directly a5ects crop quality, water e!ciency, and energy consumption. This study 
focuses on the regulation of key greenhouse climatic parameters, namely indoor tem-
perature and relative humidity. A dynamic greenhouse model was developed to imple-
ment and compare two control strategies: a Fuzzy Logic Controller (FLC) and a Pro-
portional–Integral–Derivative (PID) controller. The main objective of this work is to 
design a controller capable of simultaneously managing two highly correlated variables 
by adopting variable setpoints for both temperature and humidity. This approach dis-
tinguishes the proposed methodology from previous studies, which typically focused 
on temperature control while maintaining constant humidity setpoints. In contrast, 
the proposed strategy regulates both parameters dynamically and concurrently. Simu-
lation results under di5erent operating scenarios show that the FLC outperforms the 
PID controller in maintaining a favorable greenhouse microclimate. In particular, the 
FLC achieved reductions of 25.1% in average humidi"cation rate and 29.6% in ventila-
tion rate. Moreover, the total energy consumption associated with the PID controller 
was approximately 27% higher than that of the FLC. The error analysis between ref-
erence setpoints and simulated responses con"rms that the dynamic model accurately 
predicts indoor temperature and relative humidity with minimal deviation. Overall, 
the results demonstrate the robustness and e!ciency of the FLC in ensuring optimal 
greenhouse climatic conditions while signi"cantly reducing energy consumption. 

Keywords: state-space model, Fuzzy Logic Controller, PID controller, humidity, tem-
perature, greenhouse.

Z. INTRODUCTION 

The greenhouse industry is among the fastest-growing sectors in mod-
ern agriculture due to its ability to protect crops from adverse external condi-
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tions and to enable precise manipulation of the cultiva-
tion environment. By creating a controlled microclimate, 
greenhouses the production of crops that are not feasi-
ble in open-"eld conditions, resulting in higher yields, 
extended production periods, improved crop quality, 
and reduced pesticide use. Consequently, greenhouse 
crops exhibit a signi"cantly higher added value per unit 
area compared to open-"eld agriculture (Farvardin et al. 
2024; Jeevan Nagendra Kumar et al. 2024).

To fully bene"t from these advantages and extend 
the growing season, it is essential to maintain optimal 
greenhouse microclimatic conditions (Abbood et al. 
2023; Wang et al. 2024). This requires accurate regula-
tion of key climatic parameters through actuators such 
as heating systems, humidi"ers, and ventilation fans 
(Adrian et al. 2019). In this context, the availability 
of a dynamic greenhouse model capable of accurately 
describing the temporal evolution of indoor climate 
variables is crucial for control design and performance 
evaluation (Blasco et al. 2007; Guo et al. 2021). Dynamic 
modeling allows representing the temporal variations of 
the climatic parameters in the greenhouse(Choab et al. 
2019; Shamshiri et al. 2020).

Many agricultural greenhouses are still manually 
regulated, requiring the grower’s assistance. But some 
have implemented smart control devices. (EL AFOU et 
al. 2015; El AFOU et al. 2018) Among the various cli-
matic variables, indoor air temperature and relative 
humidity are considered the most inBuential and meas-
urable parameters a5ecting plant growth (Körner 2015). 
There are also other important climatic factors such as: 
evaporation, wind speed, CO2 content, lights(Franklin 
2009)(Chand Singh et al. 2018). Temperature plays a 
fundamental role in plant physiological processes, while 
relative humidity directly inBuences transpiration, dis-
ease development, and overall plant health (Wahid et 
al. 2007;(Pen"eld 2008) ;Lipiec et al. 2013). These two 
variables are strongly coupled, meaning that variations 
in one signi"cantly a5ect the other, which makes their 
simultaneous regulation challenging(Chen et al. 2023). 
As a result, the greenhouse climate system is typically 
modeled as a Multi-Input Multi-Output (MIMO) system 
(Tao 2014).

Despite the widespread use of conventional con-
trol strategies such as Proportional–Integral–Derivative 
(PID) controllers, their performance is o$en limited by 
the nonlinear and coupled nature of greenhouse climate 
dynamics. Furthermore, PID-based approaches may 
lead to increased energy consumption, particularly dur-
ing heating and ventilation processes. To overcome these 
limitations, advanced control techniques have been pro-
posed, including Fuzzy Logic Controllers (FLCs), which 

are well suited to handling nonlinear systems and uncer-
tain dynamics while improving energy efficiency (El 
Ghoumari et al. 2005; Bennis et al. 2008; Márquez-Vera 
et al. 2016;Yang and Zhang 2024).

Previous studies have primarily focused on tempera-
ture control using variable setpoints while maintaining 
constant relative humidity references(Huang et al. 2024; 
Riahi et al. 2024). In contrast, the present work proposes 
a control strategy that simultaneously regulates indoor 
temperature and relative humidity using variable set-
points for both parameters within a dynamic greenhouse 
model. The proposed approach is evaluated under dif-
ferent operating scenarios, including seasonal variations 
and external climatic disturbances, to assess its robust-
ness and energy e!ciency.

The main contribution of this study lies in the 
development and comparative evaluation of a Fuzzy 
Logic Controller and a PID controller for greenhouse 
climate control. By adopting variable setpoints for both 
temperature and relative humidity, the proposed strat-
egy provides a more realistic and adaptive approach to 
greenhouse microclimate management while aiming to 
reduce energy consumption and improve overall control 
performance. The present study introduces variable set-
points for both temperature and relative humidity under 
diverse climatic scenarios, including:
– Di5erent setpoint values;
– Distinct seasonal conditions that generate varying 

external disturbances in temperature and humidity;
– Simulations conducted over four days during the 

spring season (April) with a sampling time of 5 
seconds, and a second simulation extending over 
one week during the autumn season (September). 
The key innovation of this work lies in the ability 
to simultaneously regulate temperature and relative 
humidity using variable setpoints, thereby providing 
a more realistic and adaptable control approach for 
greenhouse climate management.
The proposed model was experimentally validated 

using real meteorological data collected during two key 
periods: one corresponding to the spring season and 
another to the autumn season. The selection of these two 
seasons is motivated by the strong correlation between 
temperature and relative humidity, which makes the 
simultaneous control of these parameters more complex 
and therefore represents a signi"cant challenge.

In contrast, during the summer season, which is 
characterized by a sustained increase in temperature, the 
control strategy mainly focuses on temperature regula-
tion. Similarly, the winter season is marked by high rela-
tive humidity levels, allowing the control process to pri-
marily target humidity regulation. Consequently, spring 
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and autumn conditions constitute the most demanding 
scenarios for evaluating the performance and robustness 
of the proposed control model.

This article is structured as follows: Section 1 is 
dedicated to the presentation of the greenhouse model 
system and the input parameters. Section presents the 
controls used, which are the dynamic PID controller 
and the fuzzy logic controllers (FLC): we used 2 blocks 
of the controllers, one for temperature and the other for 
humidity. A discussion on the measurement and simula-
tion results as well as the comparison between the two 
controllers are presented in Section 4. Then, the internal 
temperature and humidity is simulated using MATLAB 
so$ware. The perspectives and conclusion are discussed 
in the last part.

6. MATERIALS AND METHODS

In this study, a physical model of temperature and 
relative humidity is employed, as it adequately describes 
the behavior of these variables in a real greenhouse. It is 
assumed that the air inside the greenhouse is uniformly 
distributed. Heating, ventilation systems and humidi-
"ers, and other switching devices provide the control 
inputs. External environmental factors, including sun 
radiation, relative humidity, and air temperature, are 
considered as disturbance inputs. The feedback e5ects of 
crop growth on temperature are neglected.

2.1. Greenhouse model

Maintaining the greenhouse under optimal operat-
ing conditions throughout the di5erent phases of crop 
growth requires an understanding of the greenhouse 
microclimate and its characteristics(Bhujel et al. 2020). 
Since these factors have a major impact on the green-
house energy and mass balances, accurate estimation 
of solar radiation, mass transfer coe!cients, and heat 
transfer coe!cients is essential for developing a reliable 
physical model(Choab et al. 2019; Kadirov et al. 2023).

In this work, we adopt a dynamic greenhouse mod-
el proposed by (Kaida et al. 2024),which considers two 
kinds of input data:
– The disturbances (external climate variables): exter-

nal relative humidity, external temperature, solar 
radiation.

– Actuators (controls): humidi"cation system, ventila-
tion and heating system.
The expressions of the internal heat balance and 

internal water balance equations are given in Eq. (1) and 
Eq. (2), respectively. The resulting model is a multi-input 
/ multi-output (MIMO) system, which can be described 
as follows: 
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Figure 1. The interaction between greenhouse components and heat transmission. 
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with: 
ρair : Air density [kg.m-3]. 
Cair: Speci"c heat capacity of air [J.kg-1. K-1]. 
Vgr: Greenhouse volume (m3)
Vv,m: Ventilation airBow rate (m3/s). 
The variables Text, Hext and R represent disturbances out-
side the greenhouse which determine the atmospheric 
inBuence on Tint and Hint.
QHeater, Vv, m and HHum: are commands for the heater, 
ventilation, and humidifying system respectively.
Tint: The output of indoor temperature 
Hint: The output of indoor relative humidity.

Modern control theory of dynamical systems relies 
heavily on the concept of state and its associated state-
space representation. For nonlinear systems, this repre-
sentation is commonly expressed in the form of Eq. (3) 
(Fliess et al. 2004). Accordingly, the proposed green-
house model can be described by the following system of 
equations :
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with:
X # Rn : state vector, U # Rm : controls inputs,  y # Rp : 
outputs

A$er identifying the state, input, disturbance, and 
output variables, the greenhouse climate can be described 
by a nonlinear, strongly coupled state-space model. The 
indoor air temperature and relative humidity are select-
ed as the state variables and are denoted by the dynamic 
states X1(t) and X2(t), respectively. For summer operat-
ing conditions, the heating power is set to zero ( QHeater 
= 0 ). Consequently , the control inputs of the system are 
de"ned as the ventilation rate and the humidity genera-
tion rate provided by the fogging system, denoted by U1(t) 
and U2(t), respectively. The external disturbances acting 
on the greenhouse are the solar radiation heat transfer 
rate Vl(t), the outside air temperature V2(t), and the out-
side relative humidity V3 (t). All state variables, control 
inputs and disturbances are summarized as follows:

X =  

U =  

V= 

So, we can express Eq. (1) and Eq. (2) in the follow-
ing form:

 (4)

  (5)

We based on these two Eq. (4) and Eq. (5) for writ-
ing the state representation of our system in the form of 
Eq. (3) and we obtained the following result:
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Our greenhouse has a volume of Vgr = 4000 m3 (20 
x 20 x10) and the cover reduces the sunshine by 60%, 
the heat transfer coe!cient UA = 25 kW.K-1, and the air 
density ρair =1.2 Kg.m- 3 with speci"c heat Cair = 1006 j 
.Kg-1.K-1. These inputs parameters are summarized in the 
following Table 1. (Kaida et al. 2024).

A number of plants generate heat; their tempera-
ture can exceed 40°C above that of the surrounding air. 
Consequently, at thermal equilibrium, the heat gener-
ated by plants is o$en ignored in relation to the heating 
system generator and within a large greenhouse. (Lam-
precht et al.).

2.2. The Proportional Integral Derivative (PID)  

The Proportional Integral Derivative (PID) is a 
control mechanism used to perform closed-loop regula-
tion of an industrial system. It is the most widely used 
regulator in the industry and allows for the control of 
a large number of processes. The observed error is the 
di5erence between the setpoint and the measurement. 
The PID controller allows for three actions based on this 
error:
1. Proportional: the error is multiplied by a gain G.
2. Integral: the error is integrated over a time interval 

ss and then divided by a gain Ti.
3. Derivative: the error is di5erentiated with respect to 

time ss and then multiplied by a gain Td.

http://J.kg
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There are several possible architectures to combine 
these three e5ects (series, parallel, or mixed).

Tuning a PID controller involves determining the 
parameters G, Td and Ti in order to achieve a satisfac-
tory control and regulation performance(Paolino et al. 
2024). The main objectives are robustness, fast dynamic 
response,and high accuracy. To meet these requirements, 
overshoot(s) must be minimized (Schiavo et al. 2021).

For the summer operation, ( QHeater =0) the green-
house model has two control inputs: ventilation 
and humidification system. Two PID controllers are 
employed, one for indoor air temperature control and 
one for relative humidity regulation. The overall control 
architecture is implemented in MATLAB/Simulink and 
illustrated in Fig. 2.

The coe!cients G, Td et Ti of the PID controller of 
the indoor relative humidity and indoor temperature are 
given in Table 2. 

2.3. Fuzzy Logic Controller

A Fuzzy Logic Controller (FLC) is a control sys-
tem that mimics human reasoning by using fuzzy rules 
instead of precise mathematical formulas. It is particu-
larly useful for managing complex systems where it is 
di!cult to establish precise equations. A fuzzy controller 
is composed of three blocks: fuzzi"cation, inference, and 
defuzzi"cation as shown in Fig. 3.

› Fuzzi"cation: transforming real input variables 
into fuzzy variables (also called linguistic variables). 

› Fuzzy inference: constructing rules (and results) 
based on linguistic variables, assigning a truth value to 
each rule, and then aggregating the rules to obtain a sin-
gle (linguistic) result to decide the action to take. 

› Defuzzi"cation: transforming the fuzzy output into 
a precise value usable by the system. For the defuzzi"ca-
tion method, we used the Center of Gravity (CoG), also 
known as the centroid method. This method calculates 
the center of the area under the curve of the fuzzy set. It 
is widely used due to its accuracy and simplicity. 

Using the MATLAB/Simulink environment, a 
dynamic greenhouse microclimate model controlled by a 

Table 1. The values of the inputs that were employed in the simula-
tion. 

Symbol Numerical 
value Units Description 

UA 25000 W.K-1 The coe!cient of heat transfer of 
the cover 

Vgr 4000 m-3 Volume of the greenhouse
[ 1.2 Kg.m-3 Density of internal air
Cair 1006 J. Kg -1. K-1 Speci"c heat of air

R 700 W The heat produced by the Solar 
radiation

Figure 2. Greenhouse model controlled by a Proportional Integral Derivative (PID) controller.

Table 2. Coe!cients of Proportional Integral Derivative (PID) con-
trollers used in the two blocks 

Coe!cients of PID 
controllers Indoor temperature Indoor relative 

humidity 
Proportional (G) 0.0567 338.775
Integral (Ti) 0.0002 9.435
Derivative (Td) 1.6660 1163.453
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Fuzzy Logic Controller (FLC) was developed, as shown 
in Fig. 4.

The Fuzzy Logic Controller (FLC) is initialized 
using the membership functions associated with air tem-
perature. 

The fuzzy rules governing the indoor temperature 
fuzzy controller are showing in Table 3.

The input variable of the air temperature fuzzy con-
troller is the Temperature_Error IT, where:

IT= Tsetpoint WTint

where: 

PB: Positive Big. 
PM: Positive Medium. 
Z: Zero. 

Figure 3. Operation of a fuzzy controller.

Figure 4. greenhouse model controlled by the Fuzzy Logic Controller (FLC).

Table 3. The base fuzzy rules of the temperature control

Temperature_Error Heater rate Ventilation rate
NB NA LA
NM NA SA
Z NA NA
PM SA NA
PB LA NA
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NM: Negative Medium.
NB: Negative Big.
The output variables are the ventilation and the heating 
rate, where: 
NA: No Action. 
SA: Short Action. 
LA: Long Action

To achieve the desired indoor air temperature, a 
set of temperature-based fuzzy rules has been de"ned. 

When the indoor temperature exceeds the reference 
value, a ventilation system is activated to reduce it. Con-
versely, when the temperature is below the desired level, 
a heating system is used to increase it. Figure 5 shows 
the membership functions of the input variable, namely 
the temperature error.

The membership functions of the output variables, 
the heating rate and the ventilation, respectively, are 
plotted in Figure 6.

 
Input variable ‘‘Temperature_Error’’ 

 Figure 5. Membership function of the temperature error.

 
Output variable ‘‘Heater_rate’’ 

 
Output variable ‘‘Ventilation_rate’’ 

 Figure 6. Membership functions of the heating rate and the ventilation.
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In order to achieve the required interior relative 
humidity, the same method was used. Table 4 presents 
the fuzzy rules for relative humidity control.

The input variables of the indoor relative humidity 
fuzzy controller are the Humidity_Error IH, and out-
side relative humidity Hext, where:

IH = Hsetpoint W Hint

VH: Very High. 
H: High. 

M: Medium. 
L: Low. 
VL: Very Low. 

The membership functions of the input variables, 
which are the humidity error and the outside relative 
humidity, are plotted in Fig. 7.

The membership functions of the output variable, 
the humidifying rate is shown in Fig. 8.

L. RESULTS AND DISCUSSIONS

The simulation utilized two weather databases of 
real greenhouse. The "rst weather database covers four 
days during the spring season (April) with a sampling 
interval of 5 seconds, while the second spans one week 
during the autumn season (September). These weather 
databases include the recorded outdoor temperature and 
relative humidity values corresponding to each season.

Table 4. Fuzzy rules base of the relative humidity control.

IH
Hext

VL L M H VH
NB NA SA SA LA LA
NM NA NA LA LA LA
Z SA NA NA NA LA
PM SA SA NA NA NA
PB SA SA SA NA NA

 
Input variable ‘‘Humidity_Error’’ 

Input variable ‘‘outside relative humidity’’ 
 Figure 7. The membership function of the humidity error and outside relative humidity.
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3.1. Results of PID controller 

Based on the measurements and the simulation 
results obtained using the equation model Eq. (4) and 
Eq. (5), the simulated air temperature without the PID 
controller is presented in Fig. 9. The graph on the le$ 
corresponds to the spring season, while the one on the 
right represents the autumn season. It was observed that 
the indoor temperature varies according to the outdoor 
meteorological conditions, indicating that the internal 
climate is not always optimal for crop growth.

The di5erence between the outdoor and indoor tem-
perature is mainly due to the greenhouse cover; however, 
this di5erence alone is not su!cient to ensure optimal 
plant production. In addition, the need to minimize 
disturbances motivated the adoption of advanced tech-
niques to monitor the system. For this reason, actuators 
for the heating and ventilation systems are implemented 

and managed by an e5ective controller block, such as a 
PID controller, in order to achieve the desired indoor 
climate. Fig. 10 presents the simulation result. 

A daytime setpoint of 28 °C and a nighttime set-
point of 18 °C were selected, as most plants exhibit opti-
mal growth within a temperature range of 17 °C to 27 
°C (Li et al. 2018).

To further evaluate the robustness and adaptabil-
ity of the controller under diverse climatic scenarios, an 
additional setpoint con"guration of 32 °C during the 
day and 22 °C at night was used, incorporating realistic 
atmospheric variations during another season (autumn) 
over an extended simulation period (one week).

The temperature error, calculated as IT = Tsetpoint – 
Tsimulated, was found to be IT = 1.631 °C between the set-
point and simulated values. The simulated temperature 
values e5ectively followed the reference setpoints, with 
a slight overshoot of approximately 3 °C, which remains 

Figure 8. Membership functions of the humidifying rate.

Figure 9. The results simulation of the indoor temperature without control.
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within acceptable limits and does not adversely a5ect 
crop growth.

The evolution of relative humidity without any con-
trol is illustrated in Fig. 11, while the simulation results 
with a PID controller are presented in Fig. 12.

The indoor relative humidity changes in accord-
ance with the external environment; however, the result-
ing internal climate is not always favorable. During the 
night, both indoor and outdoor humidity levels increase, 

reaching peak values of approximately 85%, therea$er 
declining during the day to a minimum value. To regu-
late the indoor relative humidity at the appropriate set 
point, a PID controller is employed to manage the opera-
tion of the humidi"cation actuator. The results of the 
simulation are presented in Figure 12.

The relative humidity setpoint was de"ned as 40% 
during the night and 60% during the day for both sea-
sons. The humidi"cation system successfully maintained 

Figure 10. The simulation results of the air temperature with the PID controller.

Figure 11. The progression without control of the indoor and outdoor relative humidity.

 

Figure 12. Evolution with PID controller of the indoor relative humidity.
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the indoor relative humidity close to the reference val-
ues, with an error of IH = Hsetpoint – Hsimulated = 0.1982% 
and a slight overshoot of approximately 3%, which has 
no signi"cant impact on crop growth.

For temperature, the median values in autumn 
(27.97 °C) and spring (27.20 °C) are very close, indi-
cating consistent central behavior across both transi-
tional seasons. The interquartile range is slightly larger 
in autumn (7.16 °C) than in spring (6.67 °C), reBect-
ing higher variability during autumn due to more pro-
nounced Buctuations in external climatic conditions. For 
relative humidity the median value is 58.32 %.

Table 5 summarizes the distributional characteris-
tics of the simulated temperature and relative humidity 
using boxplot statistical indicators.

The calculated upper and lower limits indicate that 
most simulated temperature values lie well within the 
non-outlier range, with only occasional extreme val-
ues occurring during periods of rapid environmen-
tal change. For relative humidity, a wider interquartile 
range (19.99%) is observed, highlighting stronger varia-
bility compared to temperature. This behavior is expect-
ed due to the sensitivity of humidity to both temperature 
variations and ventilation dynamics.

Overall, this distribution-based analysis con"rms 
that the proposed model maintains stable median behav-
ior while appropriately capturing seasonal variability 
and rare extreme events. Such results demonstrate the 
robustness of the simulation beyond mean error metrics 
and provide a more comprehensive understanding of 
model performance under real operating conditions.

3.2. Results of Fuzzy Logic Controller (FLC) controller 

The results of simulation without FLC of the indoor 
air temperature are presented in Fig. 9. The indoor air 
temperature varies depending on the outdoor condi-

tions, which makes the indoor climate unfavorable for 
the plant. For this reason, we need to install actuators 
for the heating and ventilation system, which are con-
trolled by a smart controller such as the Fuzzy Logic 
Controller (FLC), in order to achieve the desired indoor 
climate. Fig. 14 gives the results of the simulation.

A temperature setpoint of 28 °C during the day 
and 18 °C at night was selected. During the spring sea-
son, the indoor air temperature Buctuated around 18 °C 
(nighttime setpoint) due to the heating system, while it 
reached approximately 28 °C during the day under the 
e5ect of the ventilation system. For the autumn season, a 
temperature setpoint of 32 °C during the day and 22 °C 
at night was applied, and the simulation was repeated as 
shown in the right-hand graph of Fig. 14. The calculated 
error between the setpoint and simulated temperature 
values was IT = Tsetpoint – Tsimulated = 1.051 °C, con-
"rming the model’s accuracy.

The simulation results of the indoor relative humid-
ity without control are illustrated in Fig. 11, whereas the 

Figure 13. Boxplots of the simulated temperature and relative humidity distributions with PID controller.

Table 5. Statistical summary of the simulated temperature and rela-
tive humidity distributions with PID controller.

Boxplot 
Statistical 
Indicators 

Temperature (°C )
Relative 

Humidity (%)
Simulation 
results in 
autumn

Simulation 
results in spring

MIN 10.170 10.633 5.000
Q1 23.425 22.915 40.000
Q2 27.972 27.200 58.322
Q3 30.583 29.571 59.999
MAX 37.363 37.210 63.071
IQR 7.1581 6.665 19.999
Upper Limit 41.321 39.554 89.999
Lower Limit 12.688 12.931 10.000
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results with the Fuzzy Logic Controller (FLC) are pre-
sented in Fig. 15.

The simulation results indicate that, without the 
Fuzzy Logic Controller (FLC), both indoor and out-
door relative humidity reach their maximum values of 
approximately 85% during the night, and decrease to 
their minimum levels during the daytime. However, to 
maintain the indoor relative humidity at the desired set-
point, a Fuzzy Logic Controller (FLC) was implemented 
on the actuator to monitor and control the operation of 
the humidi"cation system, as illustrated in Fig. 15. The 
humidity error was then calculated as IH = Hsetpoint – 
Hsimulated, yielding a value of IH = 1.005 7 10F*5 %, con-
"rming the high precision of the controller. 

Figure 16 and Table 6 present a statistical summary 
of the simulated temperature and relative humidity with 
FLC controller distributions using boxplot-based indica-
tors. This analysis provides insight into the dispersion, 
central tendency, and extreme values of the simulated 
climatic variables, going beyond traditional mean-based 
performance metrics.

The boxplot analysis demonstrates that both tem-
perature and relative humidity exhibit stable median 
behavior with controlled variability, despite occasional 
extreme values. The limited number of outliers indi-
cates that extreme climatic deviations are infrequent and 
mainly occur during rapid weather transitions.

For temperature, the median value (Q2 = 33.15 °C) 
is positioned closer to the upper quartile (Q3 = 33.50 
°C), indicating a slightly right-skewed distribution. The 
interquartile range (Q3 W Q1 = 8.40 °C) reBects moder-
ate variability, demonstrating that the control system 
maintains temperature within a relatively narrow opera-
tional band under most conditions. The minimum tem-
perature (10.56 °C) and the presence of lower-end out-
liers indicate occasional cold events, associated with 
abrupt external temperature drops or transient control 
delays. Nevertheless, the maximum value (35.43 °C) 
remains within acceptable operational limits, highlight-
ing the e5ectiveness of the control strategy in preventing 
overheating.

In the case of relative humidity, the median value 
(Q2 = 41.97%) lies closer to the lower quartile (Q1 = 

Figure 14. The evolution of the indoor air temperature with Fuzzy Logic Controller (FLC).

Figure 15. The evolution representation of the indoor relative humidity with Fuzzy Logic Controller (FLC).



53Fuzzy Logic Controller for greenhouse microclimate regulation

41.85%) than to the upper quartile (Q3 = 60.00%), sug-
gesting a distribution with higher dispersion toward 
elevated humidity levels. The wider interquartile range 
(18.15%) compared to temperature con"rms that rela-
tive humidity is more sensitive to environmental distur-
bances and ventilation dynamics. The observed mini-
mum value (10.95%) corresponds to dry conditions that 
may occur during high-temperature periods or increased 
ventilation, while the maximum value (62.31%) reBects 
high-humidity events associated with reduced ventila-
tion or external moisture inBux.

3.3. Comparison between PID controller and Fuzzy Logic 
Controller (FLC)

Based on the simulation results, it was observed that 
the Fuzzy Logic Controller (FLC) provides an e5ective 
approach for achieving the desired greenhouse environ-
ment, as the simulated signal closely follows the setpoint 
with higher accuracy and a smaller overshoot. For tem-
perature control, the error obtained with the PID con-

troller (IT = 1.631 °C) was higher than that achieved 
with the FLC (IT = 1.051 °C). Similarly, for indoor 
relative humidity, the error obtained with the FLC (IH 
= 1.005 7 10F*5 %) was significantly lower than that 
observed with the PID controller (IH = 0.1982%). Also 
based on the comparison of the boxplot-based results 
obtained using the FLC controller and those obtained 
with the PID controller, the superiority of the FLC 
approach is clearly demonstrated. The distributions asso-
ciated with the FLC controller exhibit narrower inter-
quartile ranges, more stable median values, and fewer 
outliers, indicating improved regulation performance 
and a stronger ability to cope with climatic variability 
and external disturbances. In contrast, the PID control-
ler shows larger dispersion and increased variability, par-
ticularly during transitional seasons, reBecting its higher 
sensitivity to rapid changes in environmental conditions.

These results clearly demonstrate the superior preci-
sion and stability of the FLC in regulating both tempera-
ture and humidity within the greenhouse environment.

At the level of energy, the Humidifying rate and 
Ventilation rate for PID controller and Humidifying rate 
and Ventilation rate for Fuzzy Logic Controller (FLC) 
are represented respectively in Figure 17 and Figure 18.

The simulation results shown in Figure 17 indicate 
that, with the PID controller, the ventilation rate varies 
between 2 and 3.18, while the humidi"cation rate rang-
es from 0 to 170, occasionally reaching a maximum of 
8900. Figure 18 shows that, when using with FLC, the 
ventilation rate ranges from 0 to 1.3 with a maximum 
of 2.5, while the humidi"cation rate varies between 0 
and 150, occasionally peaking at 420.To optimize energy 
e!ciency, the energy consumption associated with both 
control strategies was calculated. The results show that 
the average humidi"cation rate is 164.8 for PID con-
troller, compared to 41.36 for the FLC, while the aver-
age ventilation rate is 2.01 for the PID and 0.595 for the 

Figure 16. Boxplots of the simulated temperature and relative humidity distributions with FLC controller.

Table 6. Statistical summary of the simulated temperature and rela-
tive humidity distributions with FLC controller.

Boxplot Statistical 
Indicators Temperature (°C) Relative Humidity (%)

MIN 10.555 10.947
Q1 25.102 41.849
Q2 33.152 41.969
Q3 33.500 60.000
MAX 35.427 62.306
IQR 8.397 18.150
Upper Limit 46.096 87.225
Lower Limit 12.505 14.623
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FLC. These "ndings demonstrate that the PID controller 
leads to signi"cantly higher energy consumption than 
the FLC, thereby validating the choice of the FLC due 
to its superior control performance, faster response, and 
improved energy e!ciency.

N. CONCLUSION

Agricultural greenhouses represent complex systems 
due to the presence of signi"cant external disturbances 
and the large number of input parameters that strongly 
inf luence the internal climate. Consequently, farm-
ers and researchers continuously seek optimal control 
strategies to enhance greenhouse productivity. Despite 
the strong coupling between temperature and relative 
humidity, the PID controller leads to signi"cantly higher 
energy consumption than the Fuzzy Logic Controller 
(FLC). Two control strategies were implemented: a con-
ventional PID controller and a Fuzzy Logic Controller 
(FLC), with the objective of creating a favorable green-

house microclimate through appropriate activation of 
the installed actuators.

Weather variability represents a major external 
source of uncertainty, particularly due to Buctuations 
in solar radiation, ambient temperature, wind speed, 
and relative humidity. These factors directly a5ect the 
greenhouse microclimate and may lead to discrepan-
cies between simulated and real conditions, especially 
during transitional seasons such as spring and autumn, 
when temperature and relative humidity are strongly 
coupled and highly variable. Despite these challenges, 
the proposed model demonstrates robust performance 
under diverse weather conditions, maintaining accept-
able accuracy during both stable (summer and winter) 
and highly variable climatic scenarios. This con"rms 
that the proposed control strategy is resilient to weath-
er-induced disturbances. To evaluate energy optimiza-
tion, the energy consumption of the PID controller was 
compared with that of the Fuzzy Logic Controller (FLC). 
The results reveal that:

Figure 17. Humidifying rate and Ventilation rate for PID controller.

Figure 18. Humidifying rate and Ventilation rate for Fuzzy Logic Controller (FLC).
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– The calculated temperature error between the set-
point and simulated values obtained with the Fuzzy 
Logic Controller (FLC) (IT = 1.051 °C) was lower 
than that obtained with the PID controller (IT = 
1.631 °C).

– Similarly, the relative humidity error achieved with 
the FLC (IH = 1.005 7 10F*5 %) was signi"cantly 
lower than that calculated with the PID controller 
(IH = 0.1982%).

– The average humidi"cation rate with the FLC is 
reduced by 25.1% compared to the PID controller.

– The average ventilation rate with the FLC is 29.6% 
lower than that of the PID controller.

– Actuator Buctuations are 27.35% lower with the FLC 
than with the PID controller.

– The distributions associated with the FLC control-
ler exhibit narrower interquartile ranges, more sta-
ble median values, and fewer outliers, indicating 
improved regulation performance and a stronger 
ability to cope with climatic variability and external 
disturbances.

– In contrast, the PID controller shows larger disper-
sion and increased variability, particularly during 
transitional seasons, reBecting its higher sensitivity 
to rapid changes in environmental conditions.
These "ndings demonstrate that the overall ener-

gy consumption associated with the PID controller is 
approximately 27% higher than that of the FLC. This 
con"rms the e5ectiveness of the FLC in achieving more 
precise regulation, faster dynamic response, and signi"-
cant energy savings. Additionally, the simulation results 
con"rm the e5ectiveness of the proposed dynamic mod-
el in accurately predicting indoor relative humidity and 
indoor air temperature with a low margin of error. The 
comparison between the PID and the FLC responses 
further highlights the FLC as an e!cient and robust 
solution for optimizing greenhouse microclimate con-
ditions. This work makes several original contributions 
that address key limitations identi"ed in the existing lit-
erature on automatic greenhouse climate management.

First, unlike most existing studies that evaluate 
control strategies under limited or single-season condi-
tions, this work proposes and validates a control frame-
work using real meteorological data collected during the 
most challenging climatic periods, namely spring and 
autumn, where strong coupling between temperature 
and relative humidity occurs. Second, a coupled multi-
variable control strategy is developed to simultaneously 
regulate temperature and humidity, explicitly account-
ing for their dynamic interaction, whereas many existing 
approaches treat these variables independently or rely 
on simpli"ed assumptions. Third, the proposed model 

is experimentally validated under real operating condi-
tions, demonstrating its robustness and effectiveness 
compared to conventional control strategies typically 
reported in the literature. Finally, this work provides a 
comprehensive comparative analysis highlighting the 
trade-offs between control performance, energy con-
sumption, and environmental stability, thereby o5ering 
practical insights for the deployment of intelligent green-
house control systems.

Future work will focus on extending the con-
trol strategy to cover all four seasons by investigating 
advanced control techniques such as sliding mode con-
trol and backstepping. In addition, the development of a 
smart greenhouse management system based on Internet 
of Things (IoT) technologies is planned.
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Abstract. Climate change poses signi"cant challenges to co5ee production in the Cen-
tral Highlands of Vietnam, the country’s primary co5ee-growing region. This study 
assesses the impacts of climate change on Robusta co5ee yield in the Srepok River 
Basin using meteorological and yield data from the 2001–2020 period at "ve study 
sites: Buon Ho, Dak Mil, M’Drak, Buon Ma Thuot, and Lak. The Least Absolute 
Shrinkage and Selection Operator (LASSO) variable selection method was employed 
to identify key climatic factors from 72 variables aggregated at monthly, growing sea-
son, and annual scales. Results indicate that water balance variables (potential evap-
otranspiration (PET), water surplus (SUR)) and extreme temperature indices play 
a dominant role in determining yield, while seasonal and monthly variables account 
for 68% of selected predictors, reBecting the existence of “sensitive climate windows” 
throughout the co5ee phenological cycle. Four machine learning algorithms (Arti"-
cial Neural Network, Random Forest, Support Vector Regression, and eXtreme Gradi-
ent Boosting) were trained for yield simulation, with SVR and XGBoost demonstrat-
ing superior performance (Nash–Sutcli5e E!ciency > 0.75; RX > 0.84). Future climate 
scenarios (2026–2100) were generated by downscaling three CMIP6 General Circula-
tion Models (GCMs: CanESM5, MPI-ESM1-2-HR, and NorESM2-MM) under four 
Shared Socioeconomic Pathways (SSP1-1.9, SSP1-2.6, SSP2-4.5, and SSP5-8.5). Simula-
tion results exhibit marked spatial heterogeneity in climate change impacts: Dak Mil 
emerges as the most vulnerable area, with potential yield reductions reaching 58.10% 
by the end of the century, while M’Drak, which has the highest baseline water surplus, 
shows the smallest Buctuations. This research provides a scienti"c basis for production 
planning and the formulation of adaptive strategies to ensure the sustainable develop-
ment of the co5ee sector under a changing climate.

Keywords: climate change, LASSO regression, machine learning, Robusta co5ee, 
yield prediction.
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HIGHLIGHTS:

– Water-balance variables (PET and SUR) are key 
drivers of Robusta co5ee yield.

– Seasonal and monthly variables account for 68% of 
LASSO-selected predictors.

– SVR and XGBoost achieve very good performance 
(NSE > 0.75, RX > 0.84) across all "ve stations.

– Dak Mil faces up to 58% yield loss under SSP5-8.5, 
while M’Drak remains the most resilient site.

– PET-driven climatic stress is a key determinant of 
future yield vulnerability.

Z. INTRODUCTION

Climate change is posing increasing challenges to 
tropical agricultural systems, particularly for high-val-
ue perennial crops such as co5ee. As the world’s largest 
producer of Robusta co5ee, Vietnam contributes more 
than 40% of global Robusta production (ICO, 2023; 
Dinh et al., 2022), with most cultivation concentrated 
in the Central Highlands. In recent decades, co5ee pro-
duction in Vietnam has become increasingly exposed to 
climate-related hazards, including prolonged droughts, 
heatwaves, and extreme rainfall events, resulting in sub-
stantial reductions in yield and bean quality (Arias et al., 
2021; Varma et al., 2025). Recent studies indicate that 
climate change is no longer a future threat but an ongo-
ing challenge a5ecting co5ee-growing regions worldwide 
(Bilen et al., 2022; Della Peruta et al., 2025).

Although Robusta co5ee (Co5ea canephora) is gen-
erally considered more heat-tolerant than Arabica co5ee, 
growing evidence suggests that its productivity remains 
highly sensitive to climatic variability. Based on observa-
tions from 798 co5ee farms in Vietnam and Indonesia, 
Kath et al. (2020) reported that each 1°C increase beyond 
the optimal temperature threshold could reduce Robus-
ta yield by approximately 14%. Seasonal Buctuations in 
rainfall and temperature have also been associated with 
production losses ranging from 6% to 22% in Indonesia 
(Sarvina, 2021). At the global scale, climate projections 
indicate that Arabica co5ee yields may decline by 23–35% 
in Latin America and 16–21% in Africa during 2036–
2065 (Della Peruta et al., 2025), while similar trends have 
been reported for Robusta-growing regions in Southeast 
Asia (Richardson et al., 2023).

These impacts reBect the strong dependence of cof-
fee growth and productivity on temperature and water 
availability during speci"c phenological stages. Previous 
studies have shown that Bowering, fruit development 
and maturation respond di5erently to climatic stresses. 

Kath et al. (2023) demonstrated that shi$s in Bowering 
timing substantially alter the response of Robusta co5ee 
to climate stress and may reduce the predictive perfor-
mance of yield models. Such "ndings suggest the exist-
ence of climate-sensitive windows, during which short-
term climatic anomalies may exert stronger e5ects on 
co5ee yield than annual climatic averages (Dinh et al., 
2022). However, quantitative assessments of these cli-
mate-sensitive windows for Robusta co5ee remain lim-
ited, particularly at seasonal and monthly scales.

Despite increasing attention to climate change 
impacts on co5ee production, several important knowl-
edge gaps remain. First, most previous studies have 
relied on annual climate indicators, while the inBuence 
of climate variability during speci"c phenological stages 
has not been adequately quanti"ed. Second, climate-
sensitive windows of Robusta coffee remain poorly 
understood, particularly in tropical monsoon regions. 
Third, watershed-scale assessments integrating high-
temporal-resolution climate variables with advanced 
machine-learning techniques remain scarce, especially 
in Southeast Asia. To the best of our knowledge, no pre-
vious study has simultaneously combined monthly- and 
seasonal-resolution climate indicators, LASSO-based 
feature selection, multiple machine-learning algorithms, 
and CMIP6 multi-model projections to quantify climate 
change impacts on Robusta co5ee yield at the watershed 
scale in Vietnam’s Central Highlands.

The Srepok River Basin was selected as a representa-
tive study area to address these research gaps. The basin 
is one of the most important co5ee-producing regions 
in Vietnam, covering large cultivation areas in Dak Lak 
and Dak Nong provinces. In addition, substantial vari-
ations in elevation, rainfall distribution and water avail-
ability create distinct microclimatic conditions across 
the basin, potentially leading to di5erent yield responses 
under climate change. Recent studies have identi"ed cof-
fee cultivation as a major driver of unmet water demand 
during the dry season in several parts of the basin (Sam 
et al., 2025), while CMIP6 projections indicate increas-
ing frequencies of droughts and extreme rainfall events 
in the future (Do et al., 2024; Thao et al., 2024). How-
ever, the implications of these climatic changes for co5ee 
productivity at the watershed scale remain insu!ciently 
understood.

Therefore, this study aims to (i) identify the most 
inBuential climatic factors a5ecting Robusta co5ee yield 
at monthly and seasonal scales using the Least Absolute 
Shrinkage and Selection Operator (LASSO) method; 
(ii) develop and compare four machine-learning mod-
els, including Arti"cial Neural Network (ANN), Ran-
dom Forest (RF), Support Vector Regression (SVR), and 
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eXtreme Gradient Boosting (XGBoost), to characterize 
nonlinear climate–yield relationships; and (iii) assess 
future climate change impacts on co5ee yield under four 
CMIP6 scenarios representing low (SSP1-1.9 and SSP1-
2.6), medium (SSP2-4.5) and high (SSP5-8.5) emission 
pathways. The "ndings are expected to provide a scien-
ti"c basis for climate adaptation planning, sustainable 
co5ee production, and regional agricultural management 
in the Central Highlands of Vietnam.

6. MATERIALS AND METHODS

2.1. Materials

2.1.1. Data collection

This study employs daily meteorological data col-
lected from "ve observation stations belonging to the 
National Hydro-Meteorological Network in the Central 
Highlands region, including Buon Ma Thuot, Buon Ho, 

M’Drak, Lak stations (Dak Lak province) and Dak Mil 
station (Dak Nong province) (Figure 1). These stations 
were selected based on spatial distribution criteria, rep-
resenting di5erent climatic sub-regions within the Sre-
pok River Basin while ensuring continuous observation 
records during the 1990-2020 period. The collected data 
comprise four primary meteorological variables: daily 
precipitation (mm), mean daily air temperature (°C), 
daily maximum air temperature (°C), and daily mini-
mum air temperature (°C).

Concurrently with meteorological data, annual aver-
age co5ee yield data for the 2001-2020 period were col-
lected from the Statistical Yearbooks of Dak Lak and 
Dak Nong provinces. Yield data correspond to "ve dis-
trict-level administrative units where meteorological sta-
tions are located, including Buon Ma Thuot city, Buon 
Ho town, M’Drak district, Ea Kar district (Dak Lak 
province), and Dak Mil district (Dak Nong province). 
These areas represent key co5ee-producing regions with 
stable cultivation areas throughout the study period. The 

Figure 1. Study area.
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spatial and temporal correspondence between the two 
datasets enables the establishment of quantitative rela-
tionships between climatic factors and co5ee yield in the 
study area.

Water balance indices (PET, DEF, SUR) were calcu-
lated at the point scale of each meteorological station. 
Spatial interpolation was not applied; each station rep-
resents the agroclimatic conditions of the corresponding 
administrative district from which co5ee yield statistics 
were sourced. Future water balance indices were derived 
from SDSM-downscaled daily climate series at each sta-
tion location.

Three CMIP6 General Circulation Models were 
selected for future climate projections: CanESM5 (Can-
ada), MPI-ESM1-2-HR (Germany), and NorESM2-MM 
(Norway). These models were chosen based on: (i) their 
demonstrated skill in simulating Southeast Asian mon-
soon dynamics in CMIP6 evaluations (Do et al., 2024); 
(ii) their representation of a range of climate sensitivi-
ties – CanESM5 (high), NorESM2-MM (moderate), and 
MPI-ESM1-2-HR (low) – ensuring a spread of projec-
tions that bounds scenario uncertainty; and (iii) the 
availability of daily output variables required for SDSM 
downscaling. Four SSP scenarios (SSP1-1.9, SSP1-2.6, 
SSP2-4.5, SSP5-8.5) were applied to represent the full 
range from strong mitigation to high-emission pathways.

2.1.2. Water balance indices

Based on the collected meteorological data, this 
study calculated three additional water balance indices 
crucial for analyzing climate impacts on co5ee yield: 
potential evapotranspiration (PET), water de"cit (DEF), 
and water surplus (SUR) (Jayakumar et al., 2017).

PET was estimated using the FAO Penman–Mon-
teith method, the standard procedure recommended by 
the Food and Agriculture Organization (FAO) for calcu-
lating reference evapotranspiration (Allen et al., 1998). 
DEF was used to quantify crop water stress and AET. 
SUR was de"ned as the amount of water remaining a$er 
crop evapotranspiration requirements were satis"ed (P W 
AET), representing excess water available for soil mois-
ture recharge and potential runo5 generation. These 
indices provide an integrated representation of water 
availability conditions a5ecting co5ee growth and pro-
ductivity. All calculations were performed on a monthly 
basis according to Equations (1)–(6).

If (P - PET)i < 0 =  (1)

If (P - PET)i D 0 =  (2)

ATLi = STOi - STOi-1 (3)

AETi  =  (4)

DEF = PET - AET (5)

SURi =  (6)

where (Pi) is monthly precipitation (mm), (PETi) is 
monthly potential evapotranspiration (mm), (AETi) 
is monthly actual evapotranspiration (mm), (DEFi) is 
monthly water deficit (mm), and (SURi) is monthly 
water surplus (mm).

2.2. Methodology

2.2.1. LASSO-Based variable selection

This study examined 72 meteorological variables 
classi"ed into three groups: (i) 8 annual variables, (ii) 16 
variables corresponding to four co5ee phenological stages 
(Bowering, fruit development, ripening, and harvest), and 
(iii) 48 monthly variables (Table 1). The simultaneous 
inclusion of multiple correlated meteorological variables 
introduces the risk of multicollinearity, which compromis-
es the accuracy and stability of conventional regression 
models. Therefore, this study employed the Least Absolute 
Shrinkage and Selection Operator (LASSO) regression 
method proposed by Tibshirani (1996) to select the set of 
variables genuinely inBuencing co5ee yield.

LASSO is a regularization technique that operates 
by shrinking the regression coe!cients of less important 
variables toward zero, thereby retaining only variables 
with non-zero coe!cients in the "nal model. The objec-
tive function of LASSO is expressed as follows:

 (7)

where:
yi is the observed value of the dependent variable at 
observation i
xij is the value of the j-th independent variable at obser-
vation i
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@j is the regression coe!cient of the j-th variable
n is the number of observations
p is the number of input variables
8 is the regularization parameter controlling the shrink-
age intensity

The component 8 =|@j| (L1 penalty) plays a critical 
role in forcing the coe!cients of less important vari-
ables toward zero. As 8 increases, the shrinkage intensity 
intensi"es, reducing the number of retained variables. 
Conversely, when 8 = 0, the LASSO model reverts to 
ordinary linear regression (James et al., 2013).

In this study, LASSO was applied separately to each 
observation station to assess the local speci"city of cli-
mate-yield relationships within the Srepok River Basin. 
The optimal 8 value was selected through 10-fold cross-
validation to ensure optimal model generalization capa-
bility (Hastie et al., 2009). LASSO analysis results iden-
ti"ed the most important meteorological variables genu-
inely a5ecting co5ee yield, eliminating statistically insig-
ni"cant variables and those exhibiting multicollinearity, 

thereby providing a foundation for subsequent quantita-
tive analyses in the next research steps.

2.2.2. Climate scenario development using SDSM

To assess future climate change impacts on co5ee 
yield, this study employed the Statistical DownScaling 
Model (SDSM) (Wilby et al., 2002) to downscale climate 
information from General Circulation Models (GCMs) 
to the local scale at observation stations. This method 
establishes statistical relationships between large-scale 
atmospheric variables (predictors) and local climate vari-
ables (predictands) through a transfer function:

R = F(L) (8)

The implementation procedure comprises "ve steps: 
(i) quality control and data transformation; (ii) predictor 
selection based on correlation analysis between NCEP/

Figure 2. Research framework diagram.
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NCAR reanalysis data and station observations; (iii) 
model calibration; (iv) model validation; and (v) future 
climate scenario generation. SDSM simulation results 
were compared with observed data using three statisti-
cal indicators: coe!cient of determination (RX), root 
mean square error (RMSE), and Nash-Sutcli5e E!ciency 
(NSE) (Moriasi et al., 2007).

Following validation, future climate scenarios (2026-
2100) were developed using three CMIP6 GCMs under 
four SSP scenarios described in Section 2.1.1

To quantify uncertainty in climate projections, this 
study applied a multi-model ensemble approach, which 
enables quanti"cation of the range of climate projec-
tions arising from di5erences in GCM structure and 
parameterization (Tebaldi & Knutti, 2007). The ensem-
ble mean (<) represents the central tendency of climate 
change, while the dispersion among models is quanti"ed 
through standard deviation (G) and coe!cient of varia-
tion (CV). The coe!cient of variation is calculated as:

CV = (G/<) 7 100%

where < is the mean value of simulations from the three 
GCMs and G is the corresponding standard deviation. 
Higher CV values indicate greater uncertainty among 
climate models for speci"c scenarios and projection peri-
ods. This multi-model ensemble approach minimizes 
bias associated with reliance on any single climate model 

while providing a comprehensive picture of the uncer-
tainty range in climate projections, thereby establishing 
a robust foundation for subsequent assessments of cli-
mate change impacts on co5ee yield.

2.2.3. Machine learning models

To quantify the impacts of climate change on co5ee 
yield, this study applied machine learning (ML) models 
to establish nonlinear relationships between the climate 
variables selected through LASSO and actual co5ee yield 
at "ve observation stations during the 2001-2020 period. 
Climatic factors o$en interact in nonlinear and interde-
pendent ways; consequently, traditional linear regression 
methods may inadequately capture these complex rela-
tionships. In recent years, machine learning models have 
demonstrated high e5ectiveness in crop yield forecasting 
due to their capacity to process multidimensional data 
and identify nonlinear patterns within datasets (Jeong et 
al., 2016; Khaki & Wang, 2019). The dataset was divided 
into training (70%) and testing (30%) subsets. Hyperpa-
rameter optimization for all models was conducted using 
grid search combined with five-fold cross-validation. 
Model performance was evaluated using Nash–Sutcli5e 
e!ciency (NSE), coe!cient of determination (RX), root 
mean square error (RMSE), and mean absolute error 
(MAE). The best-performing model at each station was 

Table 1. List of 72 meteorological variables used in LASSO analysis.

No. Symbol Description Unit
I Annual variables (8 variables)
1 DayR Number of rainy days per year days
2 R Annual total rainfall mm
3 Tmax Annual mean maximum temperature °C
4 Tmin Annual mean minimum temperature °C
5 Tavg Annual mean temperature °C
6 PET Annual potential evapotranspiration mm
7 DEF Annual water de"cit mm
8 SUR Annual water surplus mm
II Growing season variables (16 variables)

9-12 RS1, RS4, RS9, RS11 Rainfall in Bowering (Jan-Mar), fruit development (Apr-Aug), ripening (Sep-Oct), 
harvest (Nov-Dec) stages mm

13-16 TxS1, TxS4, TxS9, TxS11 Maximum temperature in each growing stage °C
17-20 TmS1, TmS4, TmS9, TmS11 Minimum temperature in each growing stage °C
21-24 TaS1, TaS4, TaS9, TaS11 Mean temperature in each growing stage °C
III Monthly variables (48 variables)
25-36 R1 - R12 Monthly rainfall from January to December mm
37-48 Tx1 - Tx12 Monthly maximum temperature from January to December °C
49-60 Tm1 - Tm12 Monthly minimum temperature from January to December °C
61-72 Ta1 - Ta12 Monthly mean temperature from January to December °C
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subsequently used for future co5ee yield simulations 
under climate change scenarios.

Four machine-learning algorithms were evalu-
ated, including Arti"cial Neural Network (ANN), Ran-
dom Forest (RF), Support Vector Regression (SVR), and 
eXtreme Gradient Boosting (XGBoost). ANN was select-
ed for its capability to approximate complex nonlinear 
relationships between climate variables and crop yield 
(Cybenko, 1989). RF is an ensemble tree-based method 
that improves predictive accuracy through bootstrap 
aggregation and random feature selection (Breiman, 
2001). SVR constructs nonlinear regression functions 
using kernel transformations and has proven e5ective for 
environmental and agricultural applications with limited 
datasets (Smola & Schölkopf, 2004). XGBoost is a gra-
dient-boosting algorithm that combines high predictive 
performance with built-in regularization to reduce over-
"tting (Chen & Guestrin, 2016).

Model hyperparameters were optimized using grid 
search and cross-validation. The algorithm with the 
highest predictive performance for each station was 
selected for subsequent climate impact simulations.

Water balance calculations and LASSO were per-
formed in R v4.2.1. Climate downscaling used SDSM 
v5.3 (Wilby et al., 2002). Machine learning models 
(ANN, RF, SVR, XGBoost) were developed in RapidMin-
er Studio 10.3 . Summary "gures were created in Micro-
so$ Excel. Maps were produced using QGIS v3.28 LTR.

L. RESULTS

3.1. Historical climate and water balance conditions 
(2001–2020)

The baseline period (2001–2020) revealed substan-
tial climatic and hydrological heterogeneity across the 
"ve stations (Table 2). Mean annual potential evapo-
transpiration (PET) ranged from 1,113 mm yrF* at Dak 
Mil to 1,344 mm yrF* at Lak, while annual water de"-
cit (DEF) varied between 45 and 137 mm yrF*. M’Drak 
recorded the highest annual precipitation (2,135 mm 

yrF*) and surplus water (SUR; 862 mm yrF*), whereas Lak 
exhibited the highest mean annual temperature (24.7°C) 
and water de"cit. Despite relatively low annual DEF 
values, monthly de"cits during the dry season (Novem-
ber–April) frequently exceeded 80–150 mm monthF*, 
indicating substantial seasonal water stress and irriga-
tion demand for co5ee cultivation. These baseline dif-
ferences highlight the spatial variability in climatic and 
water-balance conditions across the Srepok River Basin 
and provide the reference for interpreting future climate 
and yield projections.

3.2. Projected climate change in the Srepok River Basin 
(2026-2100)

The constructed future climate scenarios (2026-
2100) reveal increasing trends in both precipitation 
and temperature across all projection periods. Annual 
precipitation exhibits an increasing tendency under all 
scenarios, with changes ranging from 0.09% to 20.4% 
relative to the baseline period. Under the low-emission 
SSP1-1.9 scenario, precipitation increases by 4.8% to 
6.9% by the end of the century. The SSP1-2.6 scenar-
io shows more modest increases (0.09-6.2%), with the 
NorESM2-MM model projecting a slight decrease of 
1.1% during 2026-2050. Under medium and high emis-
sion scenarios, precipitation increases are more pro-
nounced: SSP2-4.5 projects increases of 2.0-12.6%, while 
SSP5-8.5 projects increases of 2.7-20.4% (Figure 3). The 
strongest increases occur in the late-century period 
(2076-2100) and are consistently associated with the 
CanESM5 model.

Similar to precipitation, mean annual temperature 
shows increasing trends across all scenarios. Tempera-
ture increases range from 0.3°C to 3.2°C depending 
on scenario and period. Under SSP1-1.9, temperatures 
increase by 0.8-1.3°C. The SSP1-2.6 scenario projects 
increases of 0.3-1.0°C. Under the medium-emission 
SSP2-4.5 scenario, temperatures rise by 0.3-1.5°C, while 
the high-emission SSP5-8.5 scenario records the most 
substantial increases of 0.5-3.2°C by the end of the cen-
tury (Figure 4). Warming rates vary among models, with 

Table 2. Baseline water balance and climate summary (2001–2020 annual averages).

Station PET (mm·yrF*) DEF (mm·yrF*) SUR (mm·yrF*) P (mm·yrF*) Tmax (°C) Tmin (°C) Tavg (°C)
Buon Ho 1,137 57 499 1,595 27.4 19.6 22.8
BMT 1,270 93 654 1,825 29.8 20.9 24.1
Dak Mil 1,113 45 690 1,764 27.1 19.8 22.7
M’Drak 1,314 55 862 2,135 29.0 21.3 24.3
Lak 1,344 137 699 1,907 29.8 21.1 24.7
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CanESM5 consistently projecting the highest tempera-
ture increases.

Uncertainty analysis reveals distinctly different 
structures among climate variables, as detailed in Table 
3. For precipitation, scenario uncertainty dominates 
(46.04%), followed by internal variability (34.47%), 
indicating that future precipitation regimes are highly 
sensitive to greenhouse gas emission assumptions. For 
temperature variables, scenario uncertainty also plays a 
dominant role. Notably, Tmin exhibits the highest sce-
nario uncertainty proportion (56.59%), while internal 
variability is minimal (1.16%), suggesting that minimum 
temperatures primarily respond to large-scale climate 
forcing. In contrast, Tmax and Tavg display more bal-
anced uncertainty structures among sources, with sce-
nario contributions of 33.34% and 43.73%, respectively, 
reBecting simultaneous inBuences from emission factors 
and internal climate system variability.

The dominance of scenario uncertainty across all 
variables has a critical practical implication: the future 
climate trajectory of the Srepok Basin will be deter-
mined primarily by global emission pathways rather 
than by internal climate variability or model selection. 

For Tmin – a key determinant of Robusta co5ee Bower-
ing success – the near-complete dependence on emission 
trajectory (56.59% scenario contribution, only 1.16% 
internal variability) means that ambitious mitigation 
e5orts could substantially reduce thermal stress on cof-
fee cultivation, whereas high-emission pathways will 
drive near-deterministic warming of minimum tempera-
tures through the end of the century.

3.3. Climate variable selection using LASSO

LASSO regression was applied separately to each sta-
tion to identify the set of climatic factors signi"cantly 
inBuencing co5ee yield in each distinct study area. The 
variable selection results are presented in Table 4.

The results reveal substantial spatial heterogene-
ity in the selected variable sets across stations. At Buon 
Ho, four variables were selected (PET, Tx9, Tm8, TmS9), 
indicating the dominant role of water balance and ther-
mal extremes during the fruit ripening period (Sep-
tember–October). At Dak Mil and M’Drak, PET and 
growing-season temperature variables (TaS4 at Dak Mil; 
TaS1 at M’Drak) were identi"ed as dominant predictors, 

Figure 3. Projected changes in precipitation



67Agroclimatic controls on robusta co5ee yield under future climate scenarios in the Srepok River Basin

reBecting the sensitivity of fruit development and Bow-
ering stages to thermal conditions at these stations. The 
selection of PET – rather than DEF – as the primary 
water balance predictor at Dak Mil and M’Drak is note-
worthy: it indicates that the rate of evaporative demand, 
rather than the cumulative annual water de"cit, governs 
yield variability at these stations, consistent with the 
relatively low baseline DEF values observed (45 and 55 
mm·yrF*, respectively; Table 2).

At Buon Ma Thuot and Lak, precipitation and water 
balance variables including SUR, RS4, and R9 appear 

alongside minimum temperature indices (Tmin, Tm1). 
Notably, RS4 – rainfall during the fruit development 
period (April–August) – was selected at both stations, 
demonstrating the crucial role of water availability dur-
ing biomass accumulation and final yield formation. 
Furthermore, the presence of monthly extreme temper-
ature variables (Tx and Tm) at most stations indicates 
that co5ee is more sensitive to extreme temperature con-
ditions than to annual mean values.

Overall, seasonal and monthly variables dominate 
over annual mean variables in the selected variable sets. 

Figure 4. Projected changes in temperature.

Table 3. Uncertainty decomposition of climate change scenarios.

Component
Precipitation Tmax Tmin Tavg

Variance Contribution 
(%) Variance Contribution 

(%) Variance Contribution 
(%) Variance Contribution 

(%)
Model 14.16 6.63 0.08 12.10 0.13 22.68 0.10 16.83 
Scenario 98.41 46.04 0.21 33.34 0.32 56.59 0.27 43.73 
Period 27.49 12.86 0.14 22.40 0.11 19.57 0.15 23.93 
Internal 73.67 34.47 0.20 32.15 0.01 1.16 0.09 15.51 
TOTAL 213.73 100.00 0.62 100.00 0.57 100.00 0.61 100.00 
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This indicates that “sensitive climate windows” within the 
co5ee phenological cycle play a more important role in 
explaining yield variability. Concurrently, the di5erences 
in variable sets among stations confirm that climate-
yield relationships exhibit local speci"city, necessitating 
the development of separate predictive models for each 
region. The variables selected through LASSO analysis 
will serve as inputs for machine learning models (ANN, 
RF, SVR, and XGBoost) to simulate co5ee yield under 
future climate change scenarios in the subsequent step.

3.4. Development and evaluation of co(ee yield simulation 
models 

Table 5 summarizes the performance of the opti-
mal machine-learning models for each station. SVR 
achieved the highest predictive accuracy at Buon Ho, 
Dak Mil and M’Drak, whereas XGBoost performed best 
at Buon Ma Thuot and Lak. On the testing dataset, NSE 
values ranged from 0.783 to 0.850 and RX values ranged 
from 0.841 to 0.899, indicating very good model perfor-
mance according to Moriasi et al. (2007). The similar-
ity between training and testing statistics suggests that 
over"tting was e5ectively controlled despite the rela-
tively limited sample size (n = 20 years). These results 
con"rm that the selected climate variables successfully 
captured the major drivers of co5ee yield variability and 

provide a reliable basis for future climate impact assess-
ments.

3.5. Projected impacts of climate change on co(ee yield

Projected climate change impacts on co5ee yield 
exhibited strong spatial heterogeneity across the Srepok 
River Basin (Figure 5). Overall, yield losses intensi"ed 
with increasing emission levels and toward the end of 
the century. Although future precipitation is projected to 
increase under most scenarios, rising temperatures and 
evapotranspiration demand o5set these gains, resulting 
in increasing climatic stress on co5ee production.

Dak Mil was identi"ed as the most vulnerable area, 
with projected yield reductions ranging from 13.80% to 
58.10% across scenarios and periods. Buon Ma Thuot 
also experienced substantial declines, ranging from 
4.83% to 32.90%. In both locations, the combination of 
increasing temperature and changes in water-balance 
conditions contributed to signi"cant reductions in pro-
ductivity.

In contrast, M’Drak and Lak exhibited relatively 
stable responses to future climate change. Yield changes 
ranged from W11.76% to +2.43% at M’Drak and from 
W10.32% to +8.52% at Lak, indicating greater resilience 
under projected climate conditions. Buon Ho showed 
intermediate sensitivity, with maximum yield reductions 
reaching 10.73% under SSP5-8.5.

The increasing divergence among stations under 
higher-emission scenarios highlights the importance of 
local climate and water-balance conditions in determin-
ing co5ee vulnerability. The di5erence between the most 
vulnerable and most resilient locations reached approxi-
mately 48 percentage points by the end of the century, 
emphasizing the need for location-speci"c adaptation 
strategies across the basin.

Table 4. LASSO regression results for variable selection by station.

Buon Ho Dak Mil M’Drak Buon Ma 
Thuot Lak

Annual DayR Tmax Tmin R
PET PET PET SUR SUR

Growing season TmS9 TaS4 TaS1 RS4 RS4
Monthly R3 R7 R9 R2

Tx9 Tx2 Tx6 Tx5
Tm8 Tm10 Tm1 Tm1

Ta7 Ta7 Ta4

Table 5. Performance evaluation results of the best machine learning model by station.

Station Machine 
Learning

Training Testing

MAE RMSE NSE R2 MAE RMSE NSE R2

Buon Ho SVR 0.05 0.053 0.878 0.887 0.059 0.059 0.783 0.841
Dak Mil SVR 0.037 0.04 0.877 0.884 0.041 0.042 0.801 0.846
M’Drak SVR 0.077 0.081 0.851 0.865 0.067 0.068 0.832 0.86
BMT XGBoost 0.024 0.031 0.885 0.895 0.02 0.021 0.814 0.892
Lak XGBoost 0.025 0.035 0.882 0.899 0.034 0.041 0.85 0.899
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N. DISCUSSION

4.1. Role of water balance and climate-sensitive windows 
in determining yield

The dominance of PET and SUR among LASSO-
selected predictors reBects the physiological reality of 
Robusta co5ee cultivation in the Central Highlands dry 
season (November–April), when potential evapotranspi-
ration routinely exceeds monthly precipitation by 80–180 
mm. SUR – the residual water a$er evapotranspiration 

demand is met – functions as a direct proxy for soil 
water availability during the critical fruit development 
stage; its selection at Buon Ma Thuot and Lak con"rms 
that water balance dynamics, not temperature alone, 
govern yield at low-elevation stations. This "nding is 
consistent with Jayakumar et al. (2017), who demonstrat-
ed that growing-season water availability outperforms 
annual climatic means in explaining co5ee yield vari-
ability in Kerala, India, and with Dinh et al. (2022), who 
identi"ed the April–August water availability window as 

  

(a) Dak Mil (b) Buon Ma Thuot 

  

(c) M’Drak (d) Lak 

  

(e) Buon Ho (f) Ensemble mean 
 1 Figure 5. Projected Robusta co5ee yield change (%) for "ve stations (a–e) and multi-model ensemble mean (f ) under climate change sce-

narios.
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the principal determinant of Robusta yield formation in 
the Vietnamese Central Highlands.

The selection of monthly extreme temperature indi-
ces (Tx9, Tm8, Tmin) rather than annual mean val-
ues at most stations reBects the nonlinear physiologi-
cal response of Robusta to thermal stress. Kath et al. 
(2020) demonstrated, using data from 798 farms across 
Vietnam and Indonesia, that each 1°C increase beyond 
optimal thresholds of 16.2/24.1°C for minimum/maxi-
mum temperature corresponds to an approximately 14% 
yield reduction. The projected temperature increases 
of 0.3–3.2°C documented in this study imply that sta-
tions whose baseline Tmax already approaches 29°C – 
particularly Lak (29.8°C) and Buon Ma Thuot (29.8°C) 
– may frequently exceed this threshold during Bower-
ing and fruit development under mid-to-high emission 
scenarios. At Dak Mil, where PET and growing-season 
temperature (TaS4) are the dominant LASSO predictors 
rather than DEF or SUR, projected increases in PET will 
progressively reduce water surplus availability (SUR), 
thereby creating an indirect water stress pathway dur-
ing the fruit development window even though baseline 
annual DEF is the lowest among the "ve stations (45 
mm·yrF*). This distinction – between direct DEF-driven 
stress and indirect PET-driven SUR depletion – high-
lights the importance of using LASSO-identi"ed predic-
tors as the mechanistic basis for vulnerability explana-
tion, rather than relying on annual de"cit statistics that 
can be misleading in seasonally variable monsoon cli-
mates (Byrareddy et al., 2024).

4.2. Machine learning model performance and methodo-
logical contributions

SVR and XGBoost achieved NSE > 0.75 and RX > 
0.84 across all "ve stations despite the limited 20-year 
training record, qualifying as “very good” performance 
under the Moriasi et al. (2007) criteria. This accuracy 
is comparable to studies using substantially larger data-
sets: Khaki & Wang (2019) reported RX > 0.85 for maize 
yield prediction in the United States using deep neural 
networks trained on thousands of farm records. The 
comparable accuracy achieved here reBects the e!ciency 
of combining LASSO-based dimensionality reduction – 
which eliminates multicollinear variables before model 
training – with the built-in regularization properties of 
SVR (margin maximisation) and XGBoost (L1/L2 penal-
isation), both of which suppress over"tting under data-
limited conditions.

The divergence in optimal algorithms may be related 
to di5erences in the dominant climate predictors among 
stations: SVR with the RBF kernel excelled at the three 

stations where temperature extremes dominate the pre-
dictor set (Buon Ho, Dak Mil, M’Drak), consistent with 
its ability to construct smooth nonlinear boundaries in 
high-dimensional feature spaces. XGBoost outperformed 
at Buon Ma Thuot and Lak, where precipitation-based 
predictors (SUR, RS4) drive yield variability and sequen-
tial error correction e!ciently captures abrupt, thresh-
old-like responses to rainfall anomalies. This pattern 
suggests that algorithm performance may depend on the 
dominant climate–yield relationships represented in the 
dataset.

4.3. Mechanisms underlying spatial heterogeneity in pro-
jected yield impacts

Projected climate change impacts exhibited pro-
nounced spatial heterogeneity across the Srepok River 
Basin. M’Drak and Lak consistently showed lower vul-
nerability, whereas Dak Mil experienced the largest pro-
jected yield declines. These contrasting responses appear 
to be associated with di5erences in baseline water avail-
ability and projected changes in temperature and evapo-
rative demand among stations.

M’Drak recorded the highest baseline surplus water 
(SUR = 862 mm yrF*) and relatively small increases in 
projected water de"cit, which may help maintain favora-
ble moisture conditions during critical phenological 
stages. Consequently, yield changes remained relatively 
small and even showed slight increases under some low-
emission scenarios.

In contrast, Dak Mil emerged as the most vulnerable 
station despite having the lowest baseline annual water 
de"cit. LASSO identi"ed PET and growing-season tem-
perature (TaS4) as the dominant predictors at this loca-
tion, indicating strong sensitivity to changes in atmos-
pheric water demand and thermal conditions. Under 
future warming, increasing PET combined with higher 
temperatures during Bowering and fruit development is 
likely to intensify both heat and water stress, resulting in 
substantial yield reductions. Notably, Dak Mil’s vulner-
ability arises from the projected rates of increase in PET 
and temperature, not from its current absolute PET val-
ue (1,113 mm·yrF*), which is lower than at M’Drak (1,314 
mm·yrF*) and Lak (1,344 mm·yrF*).

Lak provides an important example that annual water 
de"cit alone does not fully explain climate vulnerability. 
Although Lak exhibited the highest baseline DEF, its rela-
tively high precipitation and SUR values may help bu5er 
future climatic stress. The selection of SUR and RS4 by 
LASSO further suggests that water availability during the 
fruit development period is more important than annual 
de"cit statistics in determining co5ee productivity.
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These findings demonstrate that climate vulner-
ability is governed not only by changes in mean climate 
conditions but also by local water-balance characteristics 
and climate-sensitive growth stages. Consequently, adap-
tation planning should be tailored to the speci"c climat-
ic drivers identi"ed for each production area.

4.4. Comparison with other studies

The projected yield reductions at Dak Mil (W23.23% 
during 2050–2075) and Buon Ma Thuot (W18.65%) are 
broadly consistent with global projections for coffee 
under comparable emission scenarios. Della Peruta et 
al. (2025) project Arabica reductions of 23–35% in Latin 
America and 16–21% in Africa during 2036–2065; the 
comparable magnitude observed here for Robusta – a 
species generally considered more thermally tolerant 
than Arabica – reBects the amplifying role of simulta-
neous heat and water stress at vulnerable sites. At the 
regional scale, Sarvina (2021) documented 6–22% pro-
duction losses due to seasonal climate variability in 
Indonesian Robusta, a range that overlaps with moder-
ate-emission outcomes (SSP1-2.6, SSP2-4.5) at most sta-
tions during 2026–2050. Byrareddy et al. (2024) further 
demonstrated in Karnataka, India, that rainfall variabil-
ity is the binding constraint at the district scale while 
temperature stress dominates at the regional scale – a 
scale-dependency consistent with the LASSO variable 
patterns observed across the "ve stations in this study.

4.5. Limitations and Future Research Directions
Four limitations should be acknowledged. First, the 

20-year observational record constrains ML training, 
particularly for capturing decadal ENSO-related vari-
ability; the El Niño event of 2023–2024 was associated 
with a 20% decline in Vietnam’s national co5ee produc-
tion – the lowest output in four years – with particu-
larly severe impacts reported in the Central Highlands 
(USDA FAS, 2024) – an extreme not represented in the 
training period. Second, farm management variables 
(irrigation scheduling, fertilisation, shade-tree coverage) 
are excluded; since improved irrigation management 
can sustain yields above 3,000 kg·haF* with substantially 
reduced water inputs (Byrareddy et al., 2020), the projec-
tions here represent a no-adaptation baseline rather than 
inevitable outcomes. Third, district-level yield statistics 
aggregate heterogeneous management conditions and 
microclimates, limiting plot-scale validation. Fourth, the 
three-GCM ensemble does not capture the full CMIP6 
spread; precipitation shows the highest inter-model 
variance in this study (46% scenario contribution), and 
future work should expand the ensemble and apply bias-
correction to downscaled precipitation series.

Future priorities include: integrating satellite veg-
etation indices (NDVI, LAI) for continuous phenological 
monitoring; developing hybrid process–ML frameworks 
to improve extrapolation under unprecedented climate 
conditions; and extending the analysis to the full trans-
boundary Srepok Basin including downstream Cambo-
dia, where water allocation conBicts represent a growing 
climate-related risk for co5ee-growing communities.

O. CONCLUSIONS AND RECOMMENDATIONS

This study assessed the impacts of climate change 
on Robusta co5ee yield in the Srepok River Basin by 
integrating LASSO variable selection, machine learn-
ing models, and CMIP6 climate scenarios. The results 
indicate that water balance variables (PET, SUR) and 
extreme temperature indices play dominant roles in 
determining co5ee yield, with seasonal and monthly 
climate variables accounting for 68% of selected predic-
tors, demonstrating the existence of “sensitive climate 
windows” throughout the coffee phenological cycle. 
The developed machine learning models achieved high 
accuracy, with SVR and XGBoost exhibiting superior 
performance (NSE > 0.75; RX > 0.84). Simulation results 
reveal pronounced spatial heterogeneity in climate 
change impacts across the study basin. Dak Mil emerges 
as the most vulnerable area, with potential yield reduc-
tions reaching 58.10% by the end of the century, while 
M’Drak exhibits the smallest f luctuations. The find-
ings are consistent with co5ee yield reduction trends 
observed in major co5ee-producing regions worldwide.

Based on the research findings, several adapta-
tion strategies are proposed to mitigate climate change 
impacts on the co5ee sector in the Srepok Basin. First, 
co5ee production zoning should be reconsidered based 
on bioclimatic suitability, particularly in high-risk areas 
such as Dak Mil and parts of Buon Ma Thuot. Addition-
ally, adaptive cultivation practices should be promoted, 
including adjusting planting calendars, implement-
ing water-saving irrigation systems, enhancing shade 
tree coverage, and improving soil moisture retention 
capacity. Long-term priorities should include breeding 
programs for drought and heat-tolerant coffee varie-
ties, along with developing monitoring and early warn-
ing systems based on key climatic factors. Furthermore, 
strengthening training and technology transfer to farm-
ers regarding adaptive cultivation practices will contrib-
ute to enhancing the resilience of co5ee production sys-
tems against future climate variability.
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Abstract. Context. East Africa has a heterogeneous climate, ranging from arid and 
semi-arid zones to humid highlands. This climate leads to diverse agroecological con-
ditions and livestock production systems, from extensive pastoral and agro-pastoral 
systems in drier regions to intensive zero-grazing dairy systems. Climate-driven fac-
tors are anticipated to impact animal welfare, as well as reproduction and production 
parameters. Understanding the latter is paramount in a region where dairy produc-
tion represents a lifeline for pastoral systems. Objective. Here we use state-of-the-art 
climate projections (CORDEX-CORE) across two representative concentration path-
ways (RCP) 2.6 and 8.5 to assess the direct (animal welfare) and indirect (fodder sup-
ply) e5ects of climate change on indigenous and climate resilient-breeds (Boran) in 
Tanzania, Kenya, Uganda, and Rwanda. Methods. Our approach involves applying the 
Temperature-Humidity Index (THI) and Milk Production Decline (MDEC) equa-
tions to assess heat stress on animal welfare and milk production, alongside evaluat-
ing the indirect e5ects on fodder supply, particularly maize and Napier grass through 
the Python Agroecological Zoning (AEZ) eco-physiological model. Results. Moderate 
stress (81< THI C 91) is likely to spread across the region under future climate, threat-
ening milk production and reproductive performance. Boran daily milk yields losses 
may reach 0.45 kg/day (~14%) by 2070-2099 under RCP 8.5. Similarly, fodder short-
ages are anticipated in northern parts of Kenya and Uganda, threatening consistent 
animal fodder supply and a5ecting smallholder farmers dependent on rain-fed agri-
cultural systems. Conclusion. The compounded e5ect of simultaneous weather hazards 
intensi"es risks in vulnerable regions facing limited coping capacity. As demand for 
meat and dairy continues to rise in East Africa, immediate climate actions are essential 
to safeguard livestock productivity and to enhance food security in a region confront-
ing the dire consequences of climate change. Signi%cance. This comprehensive analysis 
is instrumental in guiding public and private investments aimed at fostering climate 
resilience and improving disaster risk management across livestock production systems 
in the region.
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Z. INTRODUCTION 

1.1. Cattle: a lifeline for smallholder farmers in East Africa 

About 19.6% of the 390 million cattle heads in Afri-
ca are found in the United Republic of Tanzania (9.7%), 
the Republic of Kenya (5.6%), Uganda (3.9%), and Rwan-
da (0.4%) (FAO, 2023a). While cattle production is cru-
cial in the region, dairy farming is the lifeline for East 
African farmers, serving as a multifaceted cornerstone 
sustaining households and community livelihoods amid 
the challenges of climate change. In the diverse agri-
cultural landscape of East Africa, where smallholder 
farming predominates, dairy farming not only provides 
income but also holds cultural signi"cance, promotes 
social cohesion, and enhances resilience against eco-
nomic shocks and environmental stresses. Dairy farm-
ing is, therefore, a primary source of income and wealth 
accumulation (Orodho, 2019; Ru"no et al. 2013; Ngigi 
et al. 2010). Cattle, as the main source of dairy, provides 
a steady stream of milk that is processed and sold, con-
tributing to household income generation and diversi"-
cation. This additional income enables access to credit 
and "nancial services, empowering farmers to invest in 
agricultural inputs, education, and healthcare for their 
families. Beyond its economic importance, dairy farm-
ing is fundamental to food security and human nutrition 
due to its  high-quality protein content, essential amino 
acids, vitamins, and minerals critical for health and 
growth, especially for vulnerable groups such as children 
and pregnant women (Beal, 2023; FAO, 2023b; Lokuru-
ka, 2020).

Dairy production in East Africa is primarily small-
holder and low-input systems. Three dairy production 
systems are typically identi"ed: pastoralism, agro-pas-
toralism, and mixed crop-livestock (Hunt et al., 2019; 
Dawson et al. 2014). Production types vary based on 
the climatic conditions, the availability of fodder, access 
to land production resources, consumer demands, and 
market availability. Seasonal climatic variations, particu-
larly rainfall and temperature, impact fodder and water 
availability, leading to detrimental e5ects on milk yields 
and reproductive performance of dairy animals (Ongadi 
et al. 2020). In a changing climate, rising temperatures, 
erratic rainfall patterns, and prolonged droughts, along 
with their complex interactions, are expected to fur-
ther constrain water and fodder availability and quality 
(Trisos et al. 2022). Climate change may also inBuence 
the distribution and prevalence of livestock diseases and 
pests, which threaten fodder and dairy productivity, ulti-
mately impacting food security and nutrition (Nalianya 
et al. 2020; Tadesse and Dereje, 2018).

1.2. Behavioral and physiological e(ects of heat stress on 
cattle

Climatic parameters such as air temperature, relative 
humidity, solar radiation, and rainfall patterns signi"-
cantly impact livestock welfare, survival, disease, para-
sitism, and fodder availability and quality (Brychkova 
et al. 2022; Nardone et al. 2008). Among these climatic 
parameters, heat stress is the most critical factor a5ect-
ing dairy production systems in the Horn of Africa 
(Rahimi et al. 2021). The normal temperature range, 
referred to as the thermoneutral zone (TNZ) (Ahmad et 
al. 2018), is the comfort zone at which dairy cows do not 
require additional energy to regulate their body temper-
ature. TNZ is inBuenced by factors such as age, breed, 
feed intake, diet composition, prior temperature acclima-
tization, production levels, housing and stall conditions, 
tissue insulation (fat and skin), external insulation (coat), 
and animal behavior. Di5erent dairy breeds exhibit var-
ying abilities to maintain a constant internal body tem-
perature, regardless of the external environmental condi-
tions, due to various temperature-regulating physiologi-
cal mechanisms (Gianone et al. 2023; Tao et al. 2020). 

Heat stress is generally calculated using the Tem-
perature Humidity Index (THI), with a value greater 
than 79 considered the onset of dairy cattle heat stress 
(see Table 1). However, the latter THI threshold can 
vary considerably depending on the breed. Heat stress 
arises when the animal’s body temperature exceeds 
their normal range due to prolonged exposure to exces-
sive heat and humidity (Becker et al. 2020). This con-
dition occurs when an animal’s ability to dissipate heat 
is compromised, leading to physiological and behavioral 
changes. Some physiological responses to heat stress in 
dairy cattle include sweating, elevated respiration rates, 
vasodilation with increased blood Bow to the skin sur-
face, higher rectal temperatures, reduced metabolic 
rates, decreased dry matter intake, diminished feed 
utilization efficiency, and altered water metabolism 
(Ganaie, 2013). These responses can adversely a5ect 
the productivity and health of dairy animals. Speci"-
cally, heat stress leads to decreased feed intake, lower 
milk yields, and changes in milk quality (Tao et al. 
2020; Kumar et al. 2020; Smith et al. 2013). Heat stress 
exerts strong and well-documented constraints on live-
stock reproductive parameters, such as reduced fertility 
and conception rates (Dovolou et al. 2023; Ahmad et al. 
2018), with critical implications for long-term sustain-
ability of pastoral systems. These reproductive chal-
lenges arise from various physiological e5ects, includ-
ing reduced blood Bow to the uterus, altered hormone 
levels, and reduced quality of oocytes and embryos 
(Dovolou et al. 2023; Thatcher et al. 2010). Elevated 
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thermal load also disrupts endocrine regulation and 
directly impairs ovarian and testicular function, lead-
ing to reduced conception and pregnancy rates, extend-
ed service and calving intervals, and increased early 
embryonic loss (Marai et al. 2007; Thornton et al. 2021). 
Female fertility is particularly vulnerable because the 
follicle-enclosed oocyte is highly sensitive to hyperther-
mia, while heat stress in males reduces spermatogenesis 
and semen quality, further constraining herd fertility. 
These reproductive impacts translate into cumulative 
demographic and economic consequences for pastoral 
herds, including lower replacement rates and reduced 
productivity over successive seasons.

Breed-speci"c di5erences strongly mediate repro-
ductive resilience under heat stress. Tropically adapted 
Bos indicus cattle consistently exhibit greater reproduc-
tive tolerance than Bos taurus breeds, with experimental 
evidence showing higher embryo survival and develop-
mental competence under elevated temperatures (Silva 
et al. 2013). Heat stress also impairs immune function, 
increasing disease susceptibility and compounding 
reproductive losses, particularly in pastoral systems with 
limited veterinary and nutritional bu5ering (Renaudeau 
et al. 2012). Together, these interactions highlight repro-
ductive capacity and immune robustness as key traits 
underpinning heat tolerance and long-term adapta-
tion in climate-stressed livestock systems. Heat stress 
is also linked to metabolic disorders through dysbiosis 
of rumen and hindgut microbiota (doi: 10.1128/spec-
trum.03312-23; doi: 10.3389/fmicb.2025.1724640). Sev-
eral hormonal responses, triggering immune reactions 
are activated during heat stress (Cartwright et al. 2023; 
Bagath et al. 2019), leading to increased incidences of 
intramammary infections among heat stressed animals 
(Rakib et al. 2020).

1.3. Study rationale 

In the Horn of Africa, recent failures in rainy seasons 
from 2020 to 2023, intensi"ed by inter-annual rainfall 
variability associated with El Niño Southern Oscillation, 
have led to signi"cant declines in crop yields and milk 
production. Insufficient water and fodder availability 
has resulted in the loss of over 9 million livestock heads 
(NASA, 2023). Such alarming statistics underscore the 
urgent need for the Food and Agriculture Organization 
(FAO) to broaden its understanding of heat stress on ani-
mal’s welfare in a region where livelihoods are increas-
ingly compromised, and food security is under severe 
threat. While literature on this topic is emerging (Rahimi 
et al. 2021; Ekine-Dzivenu et al. 2020), this study aims to 
build on the existing foundational work by exploring the 

dual e5ects (direct impacts on animal welfare and pro-
ductivity and indirect e5ects on animal food supply) of 
heat stress on livestock. Given the complex interactions 
between climate variables and the physiological responses 
of livestock, this research is both timely and necessary.

To achieve this objective, we apply advanced climate 
projections from the Coordinated Regional Downscal-
ing Experiment (CORDEX) and the Coordinated Output 
for Regional Evaluations (CORE). Additionally, we adopt 
well established scienti"c analytical frameworks such as 
the THI and Agroecological Zoning (AEZ) eco-physio-
logical model to assess the evolving situation in a holis-
tic manner. By linking climate science with impacts and 
actions, our goal is to provide evidence-based insights 
for decision-makers, agricultural extension workers, and 
researchers. This research also aims to equip pastoral 
communities with the knowledge and strategies neces-
sary to tackle the increasing challenges posed by climate 
change, thereby enhancing resilience and promoting sus-
tainable livelihoods.

6. MATERIALS AND METHODS

2.1. Climatic and ecosystem characterization

A tropical savannah climate covers the four coun-
tries, interrupted by a corridor of arid steppe and desert 
climates along the Indian Ocean coastline and across 
northwest Kenya and central Tanzania. Tropical rain-
forest conditions are found in the Lake Victoria Basin, 
while temperate climates occur in the high-altitude 
regions of the Great Rift Valley. Kenya is the driest 
among the four countries, with a total annual precipi-
tation ranging from 400 to 600 mm near Lake Turkana 
and in areas bordering Somalia. In contrast, southern 
parts of Uganda and Rwanda receive an annual rainfall 
between 1,000 and 1,600 mm. These climatic conditions 
create a mosaic of environments, resulting in a diverse 
range of agroecological zones and livestock production 
systems across East Africa (Fig. 1).

2.2. Livestock production systems

2.2.1. Livestock density

Before characterizing the livestock production sys-
tems in East Africa, it is essential to have an overview 
of livestock density in Kenya, Rwanda, Tanzania, and 
Uganda. Although disaggregated values speci"cally for 
cattle are not available, Fig. 2 illustrates the number of 
livestock units per km2. Regions approximately 150 km 

https://doi.org/10.1128/spectrum.03312-23
https://doi.org/10.1128/spectrum.03312-23
https://doi.org/10.3389/fmicb.2025.1724640
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Figure 1. Livestock production systems in East Africa. Source: Robinson et al. (2011).
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from Lake Victoria exhibit the highest livestock density, 
25-100 heads per kmX, along with areas in northeastern 
Kenya. In contrast, southeastern Tanzania and the Lake 
Turkana region have densities of less than one animal 
per kmX.

2.2.2. Kenya

The livestock production landscape in Kenya is 
categorized into three main systems (intensive, semi-
intensive, and extensive) based on herd size, manage-
ment practices, and inputs (FAO, 2018a). About 39% 
of the country’s milk is produced by intensive systems, 
known as zero-grazing, while 43% is produced by semi-
intensive, and 18% by extensive systems (FAO, 2022). In 
the Kenyan highlands, for example, over three-quarters 
of the smallholder dairy farms already fall under semi-
intensive or intensive systems (Paul et al. 2022). Exten-
sive farming systems relying on pasture are typically 
adopted by farms with larger herds, whereas agro-pasto-
ral systems are key to livelihoods in arid regions. 

2.2.3. Rwanda

Rwanda’s livestock production systems include 
intensive or zero-grazing, pastoral or open grazing, and 

semi-grazing (Habiyaremye et al. 2021). Notably, 94% 
of dairy animals are raised on zero-grazing farms and 
produce 93% of national milk (FAO, 2022). The zero-
grazing systems consist of feeding cut-and-carry fodder, 
mostly Napier grass and crop residues to animals kept in 
sheds (Eugene, 2018). Semi-grazing systems involve feed-
ing cattle a mix of grass and fodder, combining elements 
of both zero and open grazing, with only 4% of Rwan-
dan dairy cows categorized as semi-grazing. Only 2% of 
national dairy herd is kept under open grazing, contrib-
uting to 3% of the national milk production.

2.2.4. Tanzania

Tanzania’s traditional pastoralist system focuses on 
the production of meat and milk while managing large 
cattle herds grazing on natural pastures. These herds 
may be family-owned or part of commercial operations, 
with large-scale production concentrated in the northern 
and western regions, while smallholders dominate the 
southern highlands (FAO and NZAGGRC, 2019a). Tra-
ditional pastoral systems produce 91% of national milk, 
whereas intensive dairy systems produce 9% of national 
milk and keep 2% of the dairy herd (FAO, 2022). 

2.2.5. Uganda

Uganda’s dairy industry is primarily led by tradi-
tional systems (extensive, agro-pastoral, and pastoral), 
accounting for 86% of the country’s milk production 
(FAO and NZAGGRC, 2019b). Extensive systems keep 
around 18% of the herd and produce 24% of national 
milk (FAO, 2022). Agro-pastoral systems are mainly 
managed using family labor and few purchased inputs, 
keeping around 54% of the herd and producing 53% 
of the national dairy milk. Lastly, pastoral and semi-
nomadic pastoralists keep about 27% of the herd and 
produce 9% of national milk. 

2.3. Livestock breeds

In East Africa, livestock breeds can be categorized 
into three genetic groups: indigenous breeds (e.g., Boran, 
Kenyan Sahiwal, Maasai Zebu, Bahima, Chagga, Iringa 
Red, Kigezi, Mpwapwa, Ruzizi, Watusi, and Winam), 
exotic breeds (e.g., Holstein-Friesian, Jersey, Guern-
sey, Ayrshire, Brown Swiss, and Milking Shorthorn), 
and crossbreeds between indigenous and exotic breeds 
(Kambal et al. 2023; Rege, 1999). Indigenous breeds gen-
erally yield lower milk quantities and are kept for dual 

Figure 2. Livestock density (heads/km2) in East Africa. Figure 
adapted from Global Livestock of the World (GLW3) distribution 
dataset per kmX for bu5aloes, cattle, chicken, ducks, goats, horses, 
pigs and sheep (Gilbert et al. 2018). 
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purposes, such as meat and milk production (Akinsola 
et al. 2023). Indigenous breeds are highly adapted to 
harsh environmental conditions and tolerant to endemic 
diseases. Indigenous cattle groups in Kenya, Tanzania, 
and Uganda include large and small East African Zebu, 
Zenga, and Sanga, whereas Rwanda mostly has the San-
ga breed (Mwai et al. 2015).

In this work, we assessed the e5ects of heat stress on 
Boran’s welfare and production. Boran cattle (Bos indi-
cus) possess a combination of morphological, structural, 
and physiological traits that confer high tolerance to 
heat stress in East African pastoral systems (Haile, 2011) 
and are more productive than other indigenous breeds 
(Cossins et al. 1998). They can survive and reproduce 
under high ambient temperatures while utilizing low-
quality fodder resources and enduring water shortages 
and long watering intervals (Bayssa et al. 2021). Boran 
cows in, for example, Ethiopia can produce 843 kg of 
milk over a 36-week lactation period (about 3.3 kg/day) 
under the pastoralist system in the Borana rangelands. 
Morphologically, they typically have a light grey to fawn 
coat that reBects solar radiation, along with a short hair 
coat and thin, highly pigmented, and motile skin that 
enhances convective and evaporative heat loss while 
protecting underlying tissues from ultraviolet radiation. 
Structurally, long legs elevate the body above hot ground 
surfaces, reducing conductive heat gain and enabling 
long-distance trekking, while large dewlaps and wide 
ears increase surface area for metabolic heat dissipation. 
Physiologically, Boran cattle exhibit low maintenance 
energy requirements, efficient fat mobilization, and 
adaptive water-conservation mechanisms, allowing sus-
tained productivity and reproductive performance under 
high temperatures, feed scarcity, and limited water avail-
ability (Bayssa et al. 2021). 

2.4. Historical and future climate data

The W5E5 dataset for the 1980-2009 period, which 
is an observational gridded dataset with global coverage 
at a 0.5º spatial resolution, was adopted in this study due 
to its strong performance ratings for temperature and 
precipitation variables (Cucchi et al. 2020). The W5E5 
dataset is derived from the ERA5 dataset and adjusted 
using global observational datasets such as CRU TS4.03 
and GPCCv2018 (Harris et al. 2020; Schneider et al. 
2018). It provides daily information for twelve climatic 
variables and is the reference dataset by the Inter-Secto-
ral Impact Model Intercomparison Project (ISIMIP) for 
impact assessment studies such as this one.

For future climate projections, this study embraces 
CORDEX-CORE, which aims to establish a common cli-

mate modeling framework globally (Giorgi et al. 2021a). 
The CORDEX-CORE initiative provides consistent 
regional climate projections across most inhabited land 
regions using nine CORDEX domains at a 0.22º spatial 
resolution (~25 km). The reason for selecting three spe-
ci"c GCMs in this work is that, on the one hand, these 
GCMs (Global Climate Models) have a high (HadG-
EM2-ES), medium (MPI-ESM-MR), and low (NorESM1-
M) equilibrium climate sensitivity within the Coupled 
Model Intercomparison Project-5 (CMIP5) ensemble; 
and, on the other hand, they perform reasonably well 
over most of the CORDEX-CORE domains (Elguindi 
et al. 2014; McSweeney et al. 2025). Future simulations 
were run for two climate change scenarios: Representa-
tive Concentration Pathway (RCP) 2.6 and 8.5, which 
correspond to approximately 490 and 1370 ppm CO2 
equivalent by 2100, respectively (Van Vuuren et al. 2011; 
Clarke et al. 2007; Riahi et al. 2011). The selection of 
RCPs 2.6 and 8.5 covers the Intergovernmental Panel 
on Climate Change (IPCC) range of greenhouse gas 
concentration pathways for the 21st century. Therefore, 
projected changes under the intermediate scenario (RCP 
4.5), aiming to stabilize global temperature increases at 
2 to 3 °C, are considered to fall within the simulation 
range of RCPs 2.6 and 8.5. Outputs from the GCMs are 
dynamically downscaled using the Regional Climate 
Model (RCM) REMO2015 at a 0.22º spatial resolution 
(Giorgi et al. 2021b). REMO2015 is selected because it 
has completed the full set of CORDEX-CORE experi-
ment simulations (Giorgi et al. 2022; Jacob et al. 2012). 
Although RCMs can e5ectively represent regional cli-
mates, they o$en su5er from systematic biases that may 
limit their usefulness in impact assessment studies. To 
address these biases and correct climate projections, we 
applied bias-correction with Empirical Quantile Map-
ping using the period running from 1976 to 2005 as the 
overlapping timeframe between the W5E5 reanalysis 
dataset and the CORDEX-CORE historical simulation 
runs, concluding in 2005.

2.5. Direct e(ects of climate change

The analytical framework used to assess the e5ects 
of heat stress on dairy animals was based on the THI 
formula (Eq. 1) adopted in Sub-Saharan Africa by Ekine-
Dzivenu et al. (2020), slightly differing from that of 
Hahn et al. (2009). However, a cross-validation of both 
formulas yielded nearly identical THI results (results not 
shown for brevity). A$er computing the THI units for 
each day using temperature and relative humidity data 
from CORDEX-CORE simulation runs, the THI units 
were categorized into four THI classes using the thresh-
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olds (Table 1) proposed by Rahimi (2020) for beef cattle 
in East Africa. Lastly, the THI daily data was aggregated 
into 30-year periods: 1980-2009 for the historical peri-
od and 2010-2039, 2040-2069, and 2070-2099 for future 
periods.  

THI=(1.8 x Tmax + 32) - [(0.55 - 0.0055 x RH) x  
(1.8 x Tmax - 26.8) (1)

where Tmax is the maximum daily temperature in ºC 
and RH the daily relative humidity in %.

The increase in air temperature and relative humid-
ity can result in a signi"cant milk production decline 
(MDEC). From a quantitative perspective, Bernabucci et 
al. (2010) reported a daily milk loss of 0.27 kg for each 
THI unit increase. In this study, changes in milk pro-
duction were calculated using the formula (Eq. 2) pro-
posed by Berry et al. (1964) and extensively applied in 
literature (see, for example, Hammami et al. 2013):

MDEC (kg/day) = -1.075 - (1.736 x NL) + (0.02474 x NL 
x THI) (2)

where NL is the normal level of daily milk production 
(kg/day) for Boran (3.3 kg/day) under TNZ.

In Eq. 2, the baseline net lactation yield (NL = 3.3 
kg/day) for Boran cattle represents an average daily milk 
yield under extensive pastoral conditions, derived from 
published estimates for indigenous cattle in East African 
arid and semi-arid systems. This value reBects a long-
term mean across the lactation period, rather than peak 
yield, and implicitly integrates seasonal variability in 
feed and water availability characteristic of pastoral pro-
duction systems. The baseline is, therefore, intended as a 
reference production level under non-intensive manage-

ment, suitable for use in comparative and climate-sen-
sitivity analyses rather than as a stage-speci"c or high-
input performance estimate.

2.6. Indirect e(ects of climate change

Climate change may a5ect the availability and quali-
ty of fodder indirectly. It can result in feed shortages and 
decline in livestock productivity. To gain a better under-
standing of fodder changes, we estimated the impacts of 
climate change on potential yields using the AEZ meth-
od developed by the FAO and the International Institute 
for Applied Systems Analysis (IIASA) for land evaluation 
(FAO and IIASA, 2000). AEZ integrates crop simulation 
models with land management decision analysis to cap-
ture changes in agroclimatic resources over time (Fis-
cher et al. 2021). To simplify the application of AEZ, a 
Python package (referred to as PyAEZ) is used to encap-
sulate the complex calculations involved in AEZ. 

PyAEZ includes six main modules: (i) climate 
regime, (ii) crop simulations, (iii) climate constraints, 
(iv) soil constraints, (v) terrain constraints, and (vi) eco-
nomic suitability analysis. All the climate data generated 
during the historical (W5E5) and future (CORDEX-
CORE) simulation runs were used as data input in mod-
ule 1. PyAEZ calculates biomass based on an eco-physi-
ological model (Deshapriya et al. 2020). Constraint-free 
crop biomass accumulates throughout the growing sea-
son, driven mainly by incoming solar radiation, temper-
ature, and crop-speci"c characteristics (e.g., crop cycle 
length, maximum photosynthesis rate, leaf area index at 
full development, harvest index, and crop sensitivity to 
heat). To maximize yields, PyAEZ automatically deter-
mines the optimal start of the growing season. Here, 
simulations are conducted under rain-fed conditions and 

Table 1. Degree of heat stress on beef cattle in East Africa. 

THI category THI units Animal’s responses
None THI C 75 – Both productive and reproductive performance are optimum.
Mild 75< THI C 81 – Livestock body can control heat stress by chemical and physical means. 

– Livestock seeks shade.
– Rectal temperature and respiration rates increase.
– Dilation of blood vessels. 

Moderate 81< THI C 91 – Body temperature increases and productive and reproductive are severely a5ected.
– Respiration rates signi"cantly increase. 
– Dry matter intake and ratio of forage to concentrate intake decreases.
– Water intake signi"cantly increases.

Severe/Danger THI >91 – Respiration and excessive saliva production increases.
– Productive and reproductive performance signi"cantly decrease.
– Rumination and urination decrease. 
– Livestock may die under extreme stress conditions. 
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yield projections are bias-corrected based on historical 
simulations and by using the di5erences between simu-
lated yields in the "rst projected year and those of the 
last historical year (2010). The results are then averaged 
by administrative boundaries, as PyAEZ produces out-
puts at the same spatial resolution as the climate models. 
Yield results from di5erent climate models are ensem-
bled for various periods (2031-2060 and 2061-2090) and 
analyzed for two RCPs (2.6 and 8.5).

To assess the indirect impacts of climate change on 
livestock production, we selected maize (Zea mays) and 
Napier grass (formerly Pennisetum purpureum, now 
Cenchrus purpureus). Maize is commonly used as a basal 
feed and a source of "ber, carbohydrates, and protein in 
the form of silage, stover (residues), and grain (Nyokabi 
et al. 2022; Maleko, 2018). Maize starch provides a com-
bination of rumen-fermentable energy, fueling the micro-
bial population, and rumen bypass starch, which is then 
converted into glucose that the animal absorbs and uti-
lizes. On the other hand, Napier grass is a fast-growing 
perennial grass native to Sub-Saharan Africa and serves 
as a multipurpose fodder crop, primarily used for feeding 
cattle in cut-and-carry production systems (Islam et al. 
2024). Napier grass is used by East African smallholder 
farmers for cattle fattening and obtaining higher milk 

yields (Islam et al. 2023). Given that most smallholder 
farmers own small and fragmented land parcels, Napier 
grass represents an ideal alternative to other feed options 
due to their high yield, low input requirements, and min-
imal acreage needed for cultivation.

L. RESULTS

3.1. E(ects of climate change on animal welfare

3.1.1. Historical THI analysis

Annual-averaged THI historical (1980-2009) results 
show moderate stress (81 < THI C 91) conditions across 
Uganda, Kenya, and the eastern region of Tanzania (Fig. 
3a). In these areas, moderate THI has already a5ected 
milk production (see Table 1) and reproductive param-
eters. Conversely, in high-altitude areas of south-west 
Kenya, Tanzania, and Rwanda the level of THI stress 
was either mild (75 < THI C 81) or none (THI C 75). In 
areas experiencing mild stress, heightened animal res-
piration rates have been noted, though the impact of 
heat on milk yields was minimal.  Historical THI trends 
also reveal statistically signi"cant di5erences (p < 0.05) 

 a)                                                                       b) 

 
 Figure 3. (a) Annual-averaged THI classes and (b) yearly change (THI units/year) over 1980-2009. Pixels with a black dot in Fig. 1b show 
statistically signi"cant di5erences (p < 0.05) over the historical period.
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across the arid and semi-arid zones of Kenya, including 
Uganda’s Karamoja drylands and the coastal and south-
ern regions of Tanzania (Fig. 3b). In these areas, THI 
units have risen at a rate of 0.02 to 0.04 units per year, 
totaling an increase of 0.70 to 1.40 since 1980. In con-

trast, THI units in central Tanzania and northeast Ken-
ya have remained unchanged or slightly decreased since 
1980. 

Fig. 4 displays the annual count of days with above 
mild (THI > 75, Fig. 4a), moderate (THI > 81, Fig. 4b), 

a)                                                                             b) 

 
 
c) 

 
 Figure 4. Annual-averaged count of days under (a) mild (THI >75), (b) moderate (THI >81), and (c) severe/danger (THI >91) heat stress 
over 1980-2009.
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and severe/danger (THI > 91, Fig. 4c) heat stress condi-
tions during the historical period from 1980 to 2009. 
Year-round (>300 days/year) mild stress conditions were 
observed in most regions, with exceptions in the moun-
tainous south-western parts of Kenya, Rwanda, and 
south-western Tanzania (Fig. 4a). Additionally, the high-
est (300 days/year) annual count of days with above mod-
erate stress conditions were reported in central parts of 
Uganda, areas around Lake Turkana and eastern parts of 
Kenya, as well as the coastal areas of Tanzania (Fig. 4b). 
Lastly, severe/danger (~50 days/year) conditions were 
only observed in small pockets of eastern Kenya (Fig. 4c). 
However, short-duration extreme (THI > 91) conditions 
fatal to animals may have occurred but are not detectable 
in annual averages.

3.1.2. Future THI analysis

Climate change is expected to increase Boran’s expo-
sure to heat stress (Fig. 5a). Under RCP 2.6, areas under 
moderate (81< THI C 91) stress rise slightly until mid-
century and then remain constant. In contrast, under 
RCP 8.5, moderate stress expands across all territories, 
particularly by mid- to late-century. Only a few areas 
will experience mild (75 < THI C 81) stress whereas are-
as under no stress (THI < 75) vanish completely under 
both RCPs. Fig. 5b illustrates the incremental change in 
THI units for both RCPs throughout the century relative 
to 1976-2005. THI units are projected to increase by 1 to 
2 units under RCP 2.6, and by 3 to 4 and 5 to 6 units by 
the mid and end of the century, respectively, under RCP 
8.5. In the southern regions of Uganda and along the 

Tanzanian coastline, the THI increase could reach 6 to 7 
units by 2070-2099 under RCP 8.5.

Fig. 6 depicts the change in the annual average num-
ber of days when speci"c THI conditions are met across 
the century for di5erent RCPs relative to 1976-2005. Fig. 
6a shows a year-round and widespread increase in mild 
(75 < THI C 81) stress conditions across all countries, 
throughout the century and under both RCPs. Moder-
ate (81 < THI C 91) stress, characterized by substantial 
milk yield losses and reduced reproductive rates, fur-
ther increase (250-350 days/years) in coastline areas by 
2070-2099 under RCP 8.5 (Fig. 6b). Under the worst-case 
scenario, recurrent fatal conditions (THI > 91) for ani-
mals may increasingly occur (0-50 days/year under RCP 
2.6 and 100-150 days/year under RCP 8.5), particularly 
along the Tanzanian and Kenyan coastlines (Fig. 6c).

3.2. E(ects of climate change on milk production

3.2.1. Historical milk yield analysis

Fig. 7 illustrates the annual average milk losses (kg/
day) for the Boran breed from 1980 to 2009. Since 1980, 
areas along Lake Turkana have experienced a statisti-
cally signi"cant (p < 0.05) decrease in milk yield losses 
of 0.002 kg/day per year. This decline corresponds to a 
total daily milk reduction of 0.6 kg/day from a baseline 
of 3.3 kg/day under TNZ. Coastal regions of Tanzania 
and Kenya have also reported a statistically signi"cant 
decline in milk yields, although these reductions are less 
pronounced (0.001 kg/day per year) than those observed 
along Lake Turkana. In contrast, in central and south-

a)                                                                             b)    

 
 Figure 5. Projected (a) THI classes and (b) THI unit increase over the century for RCPs 2.6 and 8.5 relative to 1976-2005. A black-dot in 
Fig. 3b represents a high GCM agreement in the climate change signal.   
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eastern areas of Tanzania milk yields have remained sta-
ble since 1980.  

3.2.2. Future milk yield analysis

Future milk yield projections indicate strong GCM 
consensus regarding the impact of climate change. 
Under RCP 2.6, estimates suggest a slight loss of about 
0.15 kg/day by 2070-2099 relative to 1976-2005 (Fig. 8). 
However, milk yield losses are intensi"ed under RCP 
8.5. For instance, along the Tanzanian coastline and 
northeastern parts of Kenya, milk yields are expected to 
decline by 0.30-0.45 kg/day by 2070-2099. Other areas in 
Uganda will see additional milk declines of about 0.15-
0.25 kg/day by 2070-2099. Overall, Rwanda is the coun-
try that will experience the least declines in milk yields. 

3.3. E(ects of climate change on fodder resources

Fig. 9a illustrates the areas in East Africa with the 
highest potential to sustain maize yields under rain-fed 
conditions during the baseline period and across future 
timeframes (2031-2060 and 2061-2090). The highest 
yield potential during the baseline period is observed 
across the entirety of Rwanda, western Tanzania, the 
western and central regions of Uganda, and northwest-
ern Kenya. Conversely, the eastern and southern parts 
of Tanzania and Kenya exhibit the lowest yield potential 
for maize in the baseline period. In the mid-term (2031-
2060) and long-term (2061-2090), northern Kenya and 
Uganda are expected to experience the most signi"cant 
changes in maize yields, with yield losses estimated at 
5 to 10% under RCP 2.6 and 15 to 25% under RCP 8.5 
by 2061-2090. On the other hand, in central, western, 
and eastern regions of Uganda, the entirety of Rwanda, 
and most of Tanzania (except for northern areas) maize 
yields are unaffected under both RCPs. Maize yield 

a)                                                                            b) 

 
 
c) 

 
 Figure 6. Change in the average count of days under (a) mild (THI >75), (b) moderate (THI >81), and (c) severe/danger (THI >91) heat 
stress over the century for RCPs 2.6 and 8.5 relative to 1976-2005. A black-dot represents a high GCM agreement in the climate change signal. 
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variations are primarily driven by changes in precipita-
tion and temperature patterns, particularly pronounced 
under RCP 8.5 (results not shown for brevity).

Fig. 9b shows medium potential yield class for Napi-
er grass in most parts of Uganda and Kenya in the base-
line period, while high potential in Rwanda and south-
western Tanzania. Conversely, the eastern and northern 
parts of Tanzania are classi"ed as low potential. Most 
areas are anticipated to experience yield declines ranging 
0 to 10% in the mid-term (2031-2060) and further into 
the future (2061-2090) under RCP 2.6; except for south-
western Tanzania, which is expected to face minor yield 
losses. Under RCP 8.5, the most signi"cant declines in 
Napier grass yields are anticipated in northern Uganda 
(30-35%), northern Kenya (30%), and southeastern Tan-
zania (20-30%). 

Overall, livestock production systems in northern 
Kenya, which are predominantly extensive and heavily 
reliant on cultivated maize, may be at a higher risk com-
pared to Rwanda, where maize yields are anticipated to 
remain unchanged. In northwestern Kenya and northern 
Uganda, animal feed shortages are likely to worsen due 
to a decline in Napier grass, primarily impacting the cut-
and-carry fodder systems. Although southwestern Tan-
zania is not a livestock predominant area, the analysis 
shows rising yields for both maize and Napier grass, pre-
senting a potential opportunity for enhancing livestock 
production systems across these areas.

N. DISCUSSION

4.1. Direct impacts on cattle

Heat stress is generally considered the most det-
rimental climate factor affecting cattle welfare and 
productivity (Carvajal et al. 2021; Rahimi et al. 2021; 
Thornton et al. 2021; Kadzere et al. 2002). Cattle exhibit 
various physiological responses to heat stress, including 
sweating, increased respiration rates, vasodilation that 
enhances blood Bow to the skin’s surface, elevated rectal 
temperature, reduced metabolic rate, decreased dry mat-
ter intake, lower feed utilization e!ciency, and changes 
in water metabolism. Heat stress also negatively impacts 
reproduction, leading to diminished fertility and low-
er conception rates (Dovolou et al. 2023; Ahmad et al. 
2018; Ganaie, 2013). Boran is recognized as one of the 
hardiest indigenous breeds for milk and meat produc-
tion (Bayssa et al. 2021), whereas high-producing dairy 
cattle breeds are more susceptible to heat stress. Boran’s 
ability to survive, produce, and reproduce under high 
ambient temperatures and water scarcity is attributed 
to a combination of morphological, physiological, bio-
chemical, metabolic, cellular, and molecular adaptations 
(Bayssa et al. 2021). Some behavioral responses to cli-
mate stress observed in arid and semi-arid zones of East 
African rangelands is the reduction in feed intake and 
decreasing water excretion (Valente et al. 2015) 

Our analysis indicates that Boran cattle is already 
experiencing some level (mild or moderate) of heat 
stress during the baseline period, except for high-alti-
tude areas in the Great Ri$ Valley and the Buberuka 
Highlands in Rwanda, where heat stress is minimal 
(Fig. 3). These "ndings align with those of Rahimi et 
al. (2021), who reported a higher frequency of moderate 
THI stress across the four studied countries, excluding 
high-altitude regions in Kenya and Tanzania. Future 
climate scenarios suggest a widespread increase in mod-
erate stress conditions, particularly by the end of the 
century and under RCP 8.5. The Tanzanian coastline is 
expected to experience severe/danger levels that could 
be fatal to animals (Figs. 5a, 6c), though these areas are 
not livestock predominant (Fig. 1). In contrast, north-
eastern and eastern Kenya, which are characterized by 
extensive livestock systems that rely on shrubland, are 
projected to see an increase in the annual average num-
ber of days with severe/danger (Fig. 6c) heat stress, par-
ticularly under RCP 8.5.

THI values are projected to rise by 1 to 2 units 
under RCP 2.6 and by 5 to 6 units under RCP 8.5. 
Bernabucci et al. (2010) noted a milk loss of 0.27 kg per 
day for each THI unit increase, highlighting the poten-
tial magnitude of milk losses in the region. Accord-

Figure 7. Annual-averaged daily milk losses (kg/day per year) for 
Boran over 1980-2009. Pixels with a black-dot show statistically sig-
ni"cant di5erences (p < 0.05) over the historical period.
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Figure 8. Projected daily average milk production losses (kg/day) for Boran breed over the century for RCPs 2.6 and 8.5. A black-dot repre-
sents a high GCM agreement in the climate change signal.  

a)                                                                               b) 

      
 Figure 9. Maximum potential yield classes and yield change (%) for (a) maize and (b) Napier grass under rain-fed conditions over the cen-
tury for RCPs 2.6 and 8.5. Yield results from di5erent climate models are averaged (ensemble) for di5erent time periods. 
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ing to Bernabucci et al. (2010) this is expected to result 
in an estimated milk production decline ranging from 
0.54 to 1.62 kg/day. The latter per-unit THI loss rate 
was derived from high-producing Holstein cows and, as 
anticipated, exceeds our estimates (0.15-0.45 kg/day by 
2070-2099) for the low-producing Boran breed, which 
shows lower absolute losses but potentially similar rela-
tive impacts on production capacity.  The former repre-
sents a reduction of 4.5% to 14% for RCPs 2.6 and 8.5, 
respectively. Other regional studies (Rahimi et al. 2020) 
using three GCMs (GFDL-ESM2M, HadGEM2-ES, and 
MPI-ESM-MR) show milk production losses of 9%, 17%, 
and 35% under RCP 4.5 for the period 2071-2100 in 
West Africa. 

4.2. Impacts on fodder supply 

Feed shortage is a major constraint in dairy pro-
duction systems in East Africa, leading to high milk 
production Buctuations due to pastoralists’ dependence 
on precipitation for fodder production. Even during the 
wet season, there is not adequate fodder to be preserved 
and stored for use during the dry season (Ongadi et al. 
2020). Climate-driven Buctuations in maize and Napier 
grass yields threaten consistent fodder supply, particu-
larly for smallholders reliant on rain-fed systems. Addi-
tionally, reduced fodder quality (e.g. lower protein con-
tent in Napier grass) may decrease milk yields, especially 
for high-producing exotic breeds (Brychkova et al. 2022). 
Our "ndings on maize and Napier grass reveal even dir-
er consequences for the dairy sector in East Africa, espe-
cially for extensive livestock production systems in the 
north of Uganda and Kenya. In these areas, smallholder 
dairy farms mostly rely on rain-fed production systems, 
though rainfall is erratic and sometimes inadequate. 

The decline in maize yields is primarily driven by 
heat stress conditions reducing pollen viability, which 
subsequently a5ects kernel development (Lizaso et al. 
2018). Additionally, water water de"cit during the Bow-
ering and grain-filling stages can lead to significant 
yield penalties, particularly among non-drought-tolerant 
varieties (Sah et al. 2020). Stuch et al. (2021) estimate a 
decrease in maize yields of approximately 32% in East 
Africa between 1971-2000 and 2041-2070, with some 
exceptions in high-altitude areas where yields might 
increase as current cold related stress will diminish 
under future warmer conditions. Other regional studies, 
such as those conducted in Ethiopia, report declines in 
maize yields ranging from 24% to 43% in regions experi-
encing high rainfall variability and the greatest tempera-
ture increases (Abera et al. 2018). There are few studies 
addressing the impacts of climate change on forage grass 

species in East Africa; however, existing literature indi-
cates that perennial C4 grasses may to bene"t from ris-
ing ambient CO2 levels (Brychkova et al. 2022). A study 
conducted in Ethiopia suggests that fodder demands of 
the dairy system could be met by the production of for-
age grasses under both current and future climate con-
ditions. However, if land availability decreases and herd 
composition shi$s towards higher-productivity exotic 
breeds, such as Holstein-Friesian, the forage resources 
may not be su!cient to meet cattle demand, even with 
improved agronomic management. Our "ndings contrast 
with those of Brychkova et al. (2022), likely because the 
PyAEZ model does not account for changes in atmos-
pheric CO2. PyAEZ predicts Napier grass yield losses of 
up to 10% under RCP 2.6 and between 20% and 30% 
under RCP 8.5 in northern Uganda and Kenya.

Overall, our study findings indicate a significant 
decrease in both maize and Napier grass yields along 
the Lake Turkana region in Kenya and in the Karamoja 
Drylands in Uganda. As cultivated fodder availability 
declines, livestock dependence on natural rangelands is 
likely to increase, intensifying grazing pressure in already 
fragile dryland ecosystems. In extensive livestock sys-
tems, this increased pressure o$en exceeds the regenera-
tive capacity of native pastures, leading to reductions in 
perennial grass cover, increased bare soil exposure, and 
declining soil organic matter; key indicators of land deg-
radation (Brychkova et al. 2022). These processes create a 
reinforcing feedback loop in which degraded rangelands 
further reduce forage availability, prompting wider herd 
movements and greater spatial concentration of graz-
ing. Resulting feed shortages have already contributed 
to internal and cross-border competition over grazing 
and water resources among pastoral communities (Anno 
and Ameripus, 2022), a dynamic that is likely to intensify 
under projected climate change through increased rain-
fall variability and more frequent drought conditions.

4.3. Adaptation strategies 

E5ective adaptation to increasing heat stress in East 
African pastoral systems requires integrated strategies 
that operate at animal, herd, and rangeland levels and 
are aligned with local socio-ecological realities. Recent 
evidence from extensive livestock systems in East Africa 
indicates that relatively low-cost management interven-
tions such as improved access to water, provision of shade 
(natural or arti"cial), and heat-aware grazing schedules 
can substantially reduce thermal load and productivity 
losses, making them economically feasible for pastoral-
ists and smallholders with limited capital (Bashiru and 
Oseni, 2025). At the landscape scale, sustainable range-
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land management practices, including controlled grazing, 
seasonal mobility, and restoration of degraded pastures, 
have shown to enhance forage availability, reduce land 
degradation, and strengthen ecosystem resilience under 
increasing climate variability (Njuguna, 2024).

Breed-based and system-level strategies are par-
ticularly important for long-term sustainability. The 
conservation and strategic use of heat-tolerant indig-
enous breeds, especially Bos indicus cattle, represent a 
cost-effective and climate-robust adaptation pathway 
compared with reliance on high-producing but heat-
susceptible exotic breeds (Bashiru and Oseni, 2025). 
Complementary measures such as forage diversi"cation, 
emergency feed reserves, and early warning systems that 
integrate climate and heat-stress indicators can further 
support anticipatory decision-making by policymakers 
and "eld operators (Njuguna, 2024). Indigenous adap-
tation practices, including seasonal herd mobility and 
local water-management strategies, remain central to 
sustaining livestock productivity in arid and semi-arid 
lands and should be strengthened rather than replaced 
by external interventions (Mungâ et al. 2019). 

4.4. Uncertainties of this study and future research perspec-
tives

Imprecise yield estimations are further exacer-
bated when simulating the impact of future climate on 
crop yields, particularly due to the use of inappropri-
ate climate downscaling methods and a limited number 
of GCMs and RCMs. This study addresses these chal-
lenges by employing dynamic downscaling methods 
with RCMs, utilizing state-of-the-art reanalysis data-
sets (W5E5) for impact assessments, and selecting three 
GCMs with varying (high, medium, and moderate) 
equilibrium climate sensitivities. Furthermore, the caus-
es of inaccurate yield gap estimations using top-down 
approaches, such as PyAEZ, have been thoroughly exam-
ined in literature (Alvar-Beltrán et al. 2023; Mourtzinis 
et al. 2017). Critical issues associated with these meth-
ods include reliance on secondary (unmeasured) grid-
ded data, the coarse resolution of global soil maps, and 
insu!cient ground data, which can result in inaccurate 
parameterization of cropping systems. These factors con-
tribute to a misleading perception of data quality and 
availability in spatial grids. Additionally, since PyAEZ 
does not account for CO2 fertilization, it may have led to 
an overestimation of yield losses. 

THI is valuable because it provides a simple, action-
able proxy for heat risk, but it is inherently an approxi-
mation – accurate assessment requires accounting for 
species, microclimate, physiology, and management. 

While the thermal categories for cattle are broadly rec-
ognized in literature, uncertainties emerge when evalu-
ating the e5ects of heat stress on speci"c breeds, particu-
larly heat-tolerant breeds like the Boran. Additionally, 
existing MDEC formulas lack correction factors tailored 
to individual cattle breeds, resulting in Bexibility con-
straints that restrict their applicability.

Future research perspectives should focus on 
addressing the limitations of top-down approaches 
like PyAEZ through the incorporation of CO2 fertiliza-
tion e5ects on fodder resources. This will help improve 
future crop yield estimations. There is also a need for 
focused studies on the implications of heat stress on 
various cattle breeds, especially heat-tolerant breeds, 
to develop breed-speci"c correction factors for existing 
MDEC frameworks. This will allow for a quantitative 
assessment of the impact of THI stress on various cattle 
breeds, helping to identify those that are better suited for 
future climate conditions. Other heat-related factors such 
as accumulation of heat-load (balance of heat gained and 
lost by an animal during the day and night) could be 
further explored. 

O. CONCLUSION

This research comprehensively evaluates the direct 
(animal welfare and production) and indirect (fodder 
availability) impacts of heat stress on the Boran breed, 
revealing the intricate repercussions faced by pastoral 
systems in East Africa. The escalating challenges to ani-
mal welfare and milk production, particularly in vul-
nerable pastoral regions, underscore a pressing need for 
intervention, except for certain areas in Rwanda and 
the high-altitude areas of Kenya and Tanzania. As criti-
cal issues such as livelihood loss, food insecurity, and 
conf licts over dwindling natural resources intensify 
in already food-insecure areas of northern Kenya and 
Uganda, our study illuminates current vulnerabilities 
and suggests adaptive solutions. Some of the action-
able adaptation solutions (see also section 4.3) to mod-
ulate increasing heat stress conditions include: (i) live-
stock housing and climate-proofed processing plants; 
(ii) tree shelters in "elds; (iii) animal bed and mattress 
cooling in barns; (iv) ventilation and evaporative cool-
ing methods using fans and water misters/springs in 
barns; (v) timely and actionable agrometeorological 
services, including nearby suitable grazing areas and 
water points; (vi) heat index maps and transhumance 
corridors; (vii) risk transfer financial mechanisms; 
(viii) breeding heat-tolerant animal species; (ix) use of 
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drought-tolerant crops and forages; and (x) dietary mod-
i"cations, among many others.  

Given the pivotal role of livestock research in sup-
porting the livelihoods of dairy producers, agro-pas-
toralists, and farmers in mixed crop-livestock systems 
across East Africa, our work lays the foundation for 
future studies aimed at enhancing risk awareness. This 
study’s strengths and limitations serve as both a bench-
mark and an invitation for further exploration into the 
impacts of climate change on other indigenous and 
improved exotic breeds across the region. Overall, the 
analysis provided here informs targeted investments 
in climate resilience and disaster risk management and 
empowers development agencies, research institutions, 
and national stakeholders to identify high-risk areas 
while evaluating the cost-e5ectiveness of implementing 
climate actions versus their anticipated bene"ts. 
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Abstract. This study investigated the relationship between seed quality parameters 
(germination, dormancy, initial shoot and root growth) of crimson clover originating 
from six locations in eastern Serbia and the agroclimatic conditions over a three-year 
period. The results indicate signi"cantly higher seed germination rates at temperatures 
of 20°C and 25 °C compared to 15 °C. A positive and statistically signi"cant (pC0.05) 
to very strong (pC0.001) correlation was observed between mean monthly tempera-
tures in May and seed dormancy. In contrast, a signi"cant negative (pC0.05) to strong 
(pC0.01) correlation was found between total monthly precipitation in May and seed 
germination. No statistically signi"cant correlations were identi"ed between mean 
monthly temperatures in March and April and any of the seed quality parameters 
or seedling growth traits. Similarly, no statistically signi"cant correlation was found 
between total precipitation in March and April and seed quality indicators. In light 
of global warming predictions and rising temperatures, these "ndings underscore the 
importance of adopting agronomic practices, such as seed treatment, to mitigate dor-
mancy and increase germinable seed rates.

Keywords: mean monthly air temperature, monthly precipitation sum, seed germina-
tion and dormancy, shoot and root growth.

HIGHLIGHTS

– A signi"cant positive to very strong correlation (pC0.05 to pC0.001) was 
observed between mean temperatures in May and seed dormancy.

– A significant negative correlation (pC0.05 to pC0.01) was identified 
between total precipitation in May and seed germination.
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– There was no statistically significant correlation 
between seed germination or dormancy and either 
mean monthly temperatures or total precipitation 
during March and April.

Z. INTRODUCTION

The genus Trifolium comprises approximately 250 
species (Zohari and Heller, 1984), though only a few 
hold signi"cant economic value as forage crops. White 
clover (Trifolium repens L.) is among the most widely 
cultivated species of the genus Trifolium. It is the most 
extensively distributed pasture legume across the tem-
perate regions of Europe, western Asia, and northwest-
ern Africa (Deng et al., 2025). Red clover (Trifolium prat-
ense L.), a species of Mediterranean origin, has become 
cosmopolitan and is well-adapted to a wide range of 
edaphoclimatic conditions (Greveniotis et al., 2025).

Red clover is commonly grown for silage and hay 
in many temperate regions (Zupanie et al., 2025), and it 
naturally occurs in grasslands and pastures throughout 
Europe, western Asia, and northwestern Africa (Egan et 
al., 2021; Petrovif et al., 2014). Grasslands and pastures in 
the Republic of Serbia account for 28.7% of the total agri-
cultural land (Statistical O!ce of the Republic of Serbia, 
2023), highlighting considerable potential for enhancing 
forage production. Compared to white clover and red clo-
ver, crimson clover (Trifolium incarnatum) is considerably 
less widespread. However, in eastern Serbia, it accounts 
for approximately 10% of pasture areas (Afif et al., 2013), 
and up to 14% of pastures near the towns of Knjagevac 
and Zajeear (Petrovif et al., 2007; Bogosavljevif et al., 
2007). Crimson clover can be cultivated similarly to other 
forage legumes (e.g., alfalfa and red clover), and in some 
regions, it produces satisfactory yields and forage quality 
(Zamanian et al., 2024; Peker et al., 2020).

Compared to monoculture of forage grasses, leg-
ume–grass mixtures – whether in pastures or sown 
forage systems – have been shown to enhance biologi-
cal nitrogen "xation (requiring minimal nitrogen fer-
tilization), improve soil quality, and increase both yield 
and forage nutritive value, particularly through higher 
protein content (Folina et al., 2025; Tomif et al., 2025). 
However, Velijevif et al. (2018) reported that Trifolium 
pratense exhibits suboptimal germination rates under 
standard conditions, relative to its optimal sowing 
requirements, indicating that pre-sowing seed treatment 
is recommended to enhance germination performance. 
Similar germination challenges have been reported for 
T. repens (Chu et al., 2022). In T. incarnatum, the pri-
mary issue is a high proportion of dormant seed (around 

50%), which results in lower overall germination of 
about 35% (btrbanovif et al., 2025). However, appropri-
ate treatments can raise germination to as much as 60% 
(btrbanovif et al., 2025). Seed germination is inBuenced 
not only by genetic factors (Wawo et al., 2024), but also 
by the environmental conditions prevailing during seed 
development on the maternal plant (Donohue, 2009). 
Therefore, temperature and water availability directly 
impact seed development and subsequent germination 
(Bailly & Gomez Roldan, 2023). For this reason, inves-
tigating seed quality as a response to climate conditions 
and climate change is a step toward understanding their 
e5ects and proposing new agronomic approaches that 
provide future solutions (Bailly & Gomez Roldan, 2023).

The ability of seeds to overcome dormancy and suc-
cessfully germinate is critical for all plant species (Wil-
lis et al., 2014) and this ability is strongly inBuenced by 
agroclimatic factors (Finch-Savage and Bassel, 2016). 
Despite its importance, there is a lack of studies directly 
examining the correlation between climatic conditions 
and seed quality. Crimson clover is a valuable species in 
eastern Serbia and many other regions globally, yet its 
germination performance under varying environmental 
conditions remains underexplored. The aim of this study 
was to investigate the relationship between agroclimatic 
conditions and seed quality – speci"cally germination 
and seedling growth – of crimson clover over a three-
year period across six locations in eastern Serbia.

6. MATERIALS AND METHODS

Plant material and meteorological data

Based on previous studies by Petrovif et al. (2007) 
and Bogosavljevif et al. (2007), as well as our own research 
conducted on natural meadows and pastures across six 
locations in eastern Serbia, the presence of crimson clover 
(Trifolium incarnatum L.) was con"rmed and geographical 
coordinates were recorded using a GPS device. 

Seed harvesting was carried out at the end of May or 
during the "rst days of June each year, during 2021-2023 
growing seasons (Table 1). Seeds were collected when the 
stems and inBorescences had turned brown. InBorescenc-
es were collected manually, seeds were extracted by hand, 
and then naturally dried until seed moisture dropped 
below 13%. Seeds from all locations (I- VI) were stored 
in paper bags under ambient conditions in a seed storage 
facility, as described by Stanisavljevif et al. (2020).

Identi"cation of T. incarnatum was based on mor-
phological characteristics of the stems, leaves, and, par-
ticularly, the inBorescences and seeds. Meteorological 
conditions were monitored during March, April, and 
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May of 2021, 2022, and 2023, at six locations, in east-
ern Serbia. The parameters included mean monthly air 
temperatures (Table 2) and total monthly precipitation 
(Table 3). 

A$er 3 to 4 months – coinciding with the autumn 
sowing season and/or pasture overseeding in Serbian 

agroclimatic conditions – seed samples were subjected to 
quality assessments and seedling growth testing. 

Seed quality evaluation 

Germinated seeds (GS) and Dormant seeds (DS). 
The experimental design comprised 450 seeds, arranged 
as 50 seeds per replication across three replications for 
each of three temperature regimes per each location and 
each year. Germinated and dormant seeds were assessed 
on the seventh day after placement in germination 
chambers, under dark conditions at 20 °C, in accordance 
with ISTA rules (ISTA, 2020). In addition to testing at 
20°C, we also tested GS and DS seeds at 15°C and 25°C, 
to test the correlation between temperature and seed 
quality parameters.

When seed viability could not be clearly determined, 
a tetrazolium test was applied, which relies on the activ-
ity of certain dehydrogenase enzymes and indirectly 

Table 1. Geographic origin and collection time of T. incarnatum 
seeds.

Locations Latitude 
(N)

Longitude 
(E) m a.s.l

Collection time -Year

2021 2022 2023
I (Bor) 43°54’15’’ 22°51’03’’ 199 27. 05 21.05 25. 05
II (Zajeear)  43°59’11’’ 22°20’18’’ 108 30. 05 29. 05 27. 05
III (Boljevac)  43°59’41’’ 21°57’14’’ 270 02. 06 05.06 02. 06
IV (Negotin)  44°13’16’’ 22°25’04’’ 223 26. 05 29. 05 29. 06
V (Knjagevac) 43°39’31’’ 22°14’58’’ 246 28. 05 01.06 01. 06
VI (Kladovo) 44°38’47’’ 22°33’17’’ 48 02. 06 29. 05 28. 06

Table 2. Mean monthly air temperatures (T ºh) during three years for months, March, April, and May.

Year Month
Locations (I – VI)

X̄ Min. Max. CV %
I II III IV V VI

2021 March 6.2 4.8 3.6 5.6 3.9 5.1 4.9 3.6 6.2 20.37
April 10.3 9.2 8.2 10.2 8.5 11.2 9.6 8.2 11.2 12.09
May 15.3 16.1 15.6 17.6 15.9 18.3 16.5 15.3 18.3 7.29

2022 March 4.9 3.7 3.1 5.8 3.6 6.3 4.6 3.1 6.3 28.51
April 11.4 11.8 11.2 12.2 11.8 13.2 11.9 11.2 13.2 5.96
May 16.1 17.6 16.4 19.1 17.2 20.3 17.8 16.1 20.3 9.31

2023 March 8.3 8.8 8.1 7.6 7.9 9.1 8.3 7.6 9.1 6.77
April 10.4 11.4 10.6 10.2 10.8 12.3 11.0 10.2 12.3 7.12
May 14.9 16.7 14.8 15.2 15.2 17.6 15.7 14.8 17.6 7.28

X̄ 10.9 11.1 10.2 11.5 10.5 12.6

Table 3. Average rainfall (mm) during three years for months, March, April, May.

Year Month
Locations (I – VI)

i Min. Max. CV %
I II III IV V VI

2021 March 69.3 38.8 62.3 49.8 61.2 55.3 337 38.8 69.3 19.16
April 59.3 49.8 59.6 56.0 66.3 61.2 352 49.8 66.3 10.38
May 77.1 34.5 57.8 27.4 56.3 59.9 313 27.4 77.1 34.88

2022 March 61.2 17.4 68.4 70.2 59.3 55.3 332 17.4 70.2 35.07
April 48.4 33.3 51.2 33.7 52.2 41.6 260 33.3 52.2 19.62
May 30.5 52.1 34.3 61.3 44.6 56.3 279 30.5 61.3 26.41

2023 March 51.3 29.8 88.3 99.8 48.6 68.6 386 29.8 99.8 40.85
April 49.6 62.4 61.2 67.9 59.3 51.3 352 49.6 67.9 11.88
May 72.5 42.1 99.3 41.3 44.6 43.3 343 41.3 99.3 41.67

i 519 360 582 507 492 493
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measures the ability of living seed tissues to breathe 
(França-Neto and Krzyzanowski 2022). 

Seedling growth

Shoot and root length (in cm), was measured on 
the same day as germination. This is the "rst time when 
the di5erences in the seedling growth can be observed. 
Shoot length was measured from the base of the shoot/
root junction till the tip of the longest leaf with a grad-
ual scale and expressed in cm. Root length was meas-
ured from the base of the shoot/root junction till the tip 
of the longest root (Stanisavljevif et al., 2020; https://
www.tropicalgrasslands.info/index.php/tgft/article/
view/639/395).

Statistical analysis

Following ANOVA, Tukey’s multiple range test was 
used to evaluate the statistical signi"cance of treatment 
e5ects. Data were subjected to arcsine transformation. 
Standard error of the mean (SEM) and coe!cient of var-

iation (CV%) were calculated to express data variability. 
Data analysis was conducted using Minitab so$ware, 
version 16.1.0 (Minitab Inc., State College, Pennsylvania, 
USA; https://www.minitab.com/en-us/, accessed Novem-
ber 25, 2023), and the R statistical computing environ-
ment (R Core Team, 2018), freely available from the R 
Foundation for Statistical Computing, Vienna, Austria.

L. RESULTS

During the three study years, the inBuence of loca-
tion on variability in average monthly temperature was 
highest in March 2022 and March 2021 (CV=28.51% 
and CV=20.37%, respectively), and lowest in April 2022 
(CV=5.96%) (Table 1).

The highest variability in monthly precipitation 
by location was observed in May 2023 (CV=41.67%), 
followed by March 2023 (CV=40.85%), March 2022 
(CV=35.07%), and May 2021 (CV=34.88%). The lowest 
variability was recorded in April 2021 (CV=10.38%) and 
April 2023 (CV=11.88%) (Table 2).

Table 4. Germination (GS) and dormancy (DS) of seeds among di5erent locations (I-VI) at di5erent temperatures during 2021–2023. 

Year Locations
GS in Temperatures °h DS in Temperatures °h

15 20 25 X̄ 15 20 25 X̄
2021 I 28±0.28 bB 31±0.42 bA 32±0.61 bA 30.3 49±0.55 bA 50±0.55 bA 50±0.69 bA 49.7

II 32±0.48 aB 35±0.48 aA 35±0.78 aA 34.0 50±0.36 bA 51±0.32 abA 51±0.36 bA 50.7
III 31±0.36 aB 35±0.66 aA 34±0.45 aA 33.3 49±0.69 bA 51±0.48 abA 50±0.29 bA 50.0
IV 32±0.71 aB 35±0.41 aA 35±0.52 aA 34.0 52±0.31 aA 52±055 abA 51±0.81 bA 51.7
V 31±0.56 aB 34±0.77 aA 35±0.39 aA 33.3 49±0.49 bA 50±0.67 bA 50±0.55 bA 49.7
VI 30±0.39 abB 33±0.81 abA 33±0.63 abA 32.0 52±0.55 aA 53±0.37 aA 53±0.29 aA 52.7

X̄ 30.7 33.8 34.0 50.2 51.2 50.8
2022 I 35±0.49 aA 36±0.66 aA 36±0.29 aA 35.7 52±0.62 bA 53±0.42 cA 52±0.46 dA 52.3

II 30±0.52 bcB 33±0.31 bA 34±0.32 abA 32.3 53±0.21 bA 55±0.36 bA 54±0.55 cAB 54.0
III 34±0.64 aB 36±0.46 aA 37±0.68 aA 35.7 53±0.48 bA 52±0.45 cA 52±0.31 dA 52.3
IV 31±0.72 bcA 32±0.52abA 32±0.55 bA 31.7 56±0.61 aAB 57±0.33 aAB 58±0.29 aA 57.0
V 31±0.39 bcA 32±0.19abB 34±0.41 abA 32.3 54±0.54 abA 55±0.62 bA 56±0.21 bA 55.0
VI 28±0.63 cB 31±0.39 cA 31±0.72 bA 30.0 52±0.42 bB 53±0.51 bcAB 54±0.44 cB 53.0

X̄ 31.5 33.3 34.0 53.3 54.2 54.3
2023 I 30±0.39 abB 33±0.62 aA 33±0.28 abA 32.0 52±0.69cA 53±0.19dA 53±0.51deA 52.7

II 31±0.64 abB 33±0.29 aA 34±0.55 aA 32.7 53±0.55bcB 55±0.66cA 54±0.43dAB 54.0
III 29±0.48 bB 31±0.52 bA 32±0.48 bA 30.7 53±0.31bcA 52±0.43dA 52±0.62eA 52.3
IV 32±0.51 aB 34±0.60 aB 34±0.32 aB 33.3 56±0.71aB 57±0.52bAB 58±0.55bA 57.0
V 30±0.30 abB 33±0.68 aB 33±0.39 abB 32.0 54±0.41bB 55±0.61cAB 56±0.31cB 55.0
VI 31±0.72 abB 34±0.36 aB 33±0.44 abA 32.7 58±0.33aB 59±0.72aAB 60±0.41aB 59.0

X̄ 30.5 33.0 33.2 54.3 55.2 55.5

Tukey’s multiple range test: pC 0.05, small letters a, b, c for the column, capital letters A, B, C for the row.

https://www.tropicalgrasslands.info/index.php/tgft/article/view/639/395
https://www.tropicalgrasslands.info/index.php/tgft/article/view/639/395
https://www.tropicalgrasslands.info/index.php/tgft/article/view/639/395
https://www.minitab.com/en-us/
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Seed testing from six locations across all years 
showed that all locations had signi"cantly higher ger-
mination (pC0.05) at 20 °C compared to 15 °C, while no 
signi"cant di5erence was observed between germination 
at 20 °C and 25 °C (pD0.05) (Table 4). 

For seeds collected between 2021 and 2023, dorman-
cy and germination were tested at 15 °C, 20 °C, and 25 
°C. Correlation analysis between mean monthly temper-
atures and seed germination at these test temperatures 
revealed no signi"cant relationships (p D 0.05) for any 
of the three months across the six locations (Table 5). 
However, seed dormancy assessed at the same tempera-
tures showed a signi"cant positive correlation with May 
temperatures across all locations and years, (r=p C 0.05 
to p C 0.001. In contrast, no signi"cant correlation was 
observed between dormancy and mean temperatures in 
March or April (p D 0.05) (Table 5).

Over the three-year period, no signi"cant correla-
tion was observed between precipitation in March and 
April and seed germination at 15 °C, 20 °C, or 25 °C. In 
contrast, May precipitation showed a signi"cant negative 
correlation with seed germination at all three tempera-
tures (p C 0.05 to p C 0.01). Additionally, no signi"cant 
relationship was found between precipitation in March, 
April, or May and seed dormancy at any of the tested 
temperatures (Table 6).

Shoot and root growth. For all seeds locations and 
all years, shoot and root growth were signi"cantly high-
er (pC0.05) following germination at 20 °C and 25 °C 
compared to 15 °C, while no signi"cant di5erence was 
observed between growth a$er germination at 20 °C and 
25 °C (pD0.05) (Table 7).

No statistically signi"cant di5erence (pD0.05) was 
found between the relationship (r) of root and shoot 

Table 5. Correlation coe!cients (r) between mean monthly air temperatures and seed quality of six locations at three di5erent tempera-
tures – T. incarnatum. 

Year Mean monthly 
air temperatures

GS DS

15 °C 20 °C 25 °C 15 °C 20 °C 25 °C
2021 March -0.480 ns -0.599 ns -0.607 ns 0.652 ns 0.568 ns 0.720 ns

April -0.400 ns -0.527 ns -0.531 ns 0.726 ns 0.619 ns 0.737 ns
May 0.269 ns 0.163 ns 0.092 ns 0.965 ** 0.931 ** 0.893 *

2022 March 0.134 ns 0.154 ns -0.027 ns 0.755 ns 0.787 ns 0.628 ns
April 0.521 ns 0.515 ns 0.359 ns 0.612 ns 0.699 ns 0.430 ns
May 0.621 ns 0.619 ns 0.455 ns 0.965 ** 0.975 *** 0.855 *

2023 March 0.034 ns 0.162 ns -0.003 ns 0.237 ns 0.333 ns -0.111 ns
April 0.711 ns 0.458 ns 0.548 ns 0.378 ns 0.367 ns 0.617 ns
May 0.468 ns 0.534 ns 0.339 ns 0.880 * 0.869 * 0.825 *

* pC0.05, **pC0.01, ***pC0.001, ns not signifcant (pD0.05).

Table 6. Correlation coe!cients (r) between monthly amount of rainfall (mm) and seed quality of six locations at three di5erent tempera-
tures – T. incarnatum. 

Year Monthly amount 
of rainfall mm

GS DS

15 °C 20 °C 25 °C 15 °C 20 °C 25 °C
2021 March -0.770 ns -0.652 ns -0.648 ns -0.489 ns -0.417 ns -0.415 ns

April -0.383 ns -0.340 ns -0.221 ns -0.234 ns -0.183 ns -0.127 ns
May -0.899* -0.819* -0.860* -0.352 ns -0.176 ns 0.021 ns

2022 March -0.051 ns -0.094 ns 0.043 ns -0.367 ns -0.630 ns -0.470 ns
April -0.571 ns -0.605 ns -0.401 ns -0.367 ns -0.630 ns -0.470 ns
May -0.853* -0.883* -0.918** 0.526 ns 0.698 ns 0.778 ns

2023 March 0.119 ns -0.059 ns -0.233 ns 0.417 ns 0.122 ns 0.245 ns
April 0.341 ns -0.084 ns 0.400 ns 0.012 ns -0.005 ns -0.014 ns
May -0.823* -0.873* -0.815* -0.541 ns -0.800 ns -0.739 ns

* pC0.05, **pC0.01, ***pC0.001, ns not signifcant (pD0.05).
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growth and the monthly temperatures in March, April, 
and May over the three-year period (Table 8). Similarly, 
no signi"cant correlation (pD0.05) was found between 
root and shoot growth and monthly precipitation in 
March, April, and May from 2021 to 2023 (Table 9).

N. DISCUSSION

Many analyses indicate that we are experiencing a 
period of increased and variable average temperatures 
and irregular precipitation, o$en with extreme events, 
which inevitably impact agricultural production (Alvar-
Beltrán & Franceschini, 2024; Messeri et al., 2024).

Table 7. Stem and root growth (cm) of seeds in six locations under di5erent meteorological conditions (2021–2023). 

Year Locations
Stem cm Root cm

15 °C 20 °C 25 °C X̄ 15 °C 20 °C 25 °C X̄
2021 I 1.995 bB 2.167 bA 2.195bA 2.119 1.312 baB 1.365 bA 1.378 bA 1.352

II 2.119 aB 2.195 abA 2.199bA 2.171 1.469 abB 1.489 abA 1.499 abA 1.486
III 2.045 abB 2.189 abA 2.231abA 2.155 1.357 abB 1.371 bA 1.382 bA 1.370
IV 2.121 abB 2.269 aA 2.286 aA 2.225 1.403 abA 1.452 abA 1.468 abA 1.441
V 2.192 aB 2.239 abA 2.256a bA 2.229 1.504 aB 1.558 aA 1.562 aA 1.541
VI 2.028 abB 2.198 abA 2.218abA 2.148 1.338 bB 1.368 bA 1.372 abA 1.359

X̄ 2,083 2.210 2.231 1.397 1.434 1.444
2022 I 1.812 bB 1.993 bA 2.005 bA 1.937 1.267 abB 1.298 abB 1.299 abB 1.288

II 2.037 aB 2.189 abA 2.297 abA 2.174 1.305 aB 1.351 aA 1.362 aA 1.339
III 1.969 abB 2.195 abA 2.221 abA 2.129 1.304 aB 1.349 aA 1.354 aA 1.336
IV 2.004 aB 2.362 aA 2.484 aA 2.283 1.294 abB 1.339 abA 1.342 abA 1.325
V 1.903 abB 2.165 abA 1.192 b A 1.753 1.217 bB 1.263 abA 1.264 abA 1.248
VI 1.838 abB 1.997 bA 2.011abA 1.949 1.209 bB 1.245 bA 1.248 bA 1.234

X̄ 1,927 2.150 2.035 1.266 1.308 1.312
2023 I 2.074abB 2.275abA 2.312abA 2.220 1.465aB 1.489aA 1.496aA 1.483

II 2.019abB 2.246abA 2.251abA 2.172 1.448abB 1.472aA 1.478abA 1.466
III 2.006bB 2.256abA 2.272abA 2.178 1.455abB 1.469abA 1.470abA 1.465
IV 2.119aB 2.289abA 2.342aA 2.250 1.451abB 1.473abA 1.478abA 1.467
V 1.999bB 2.214bA 2.224bA 2.146 1.405bB 1.431bA 1.433bA 1.423
VI 2.102bB 2.298aA 2.311abA 2.237 1.396bB 1.461abA 1.468abA 1.442

X̄ 2.053 2.263 2.285 1.437 1.466 1.471

Tukey’s multiple range test: pC 0.05, small letters a, b, c for the column, capital letters A, B, C for the row.

Table 8. Correlation coe!cients (r) between mean temperatures and seedling growth of six locations at three di5erent temperatures. 

Year Mean monthly 
air temperatures

Stem cm Root cm

15 ºh 20 ºh 25 ºh 15 ºh 20 ºh 25 ºh
2021 March -0.421 -0.325 -0.069 -0.503 -0.392 -0.402

April 0.090 0.117 0.282 -0.037 0.064 0.031
May -0.594 -0.694 -0.531 -0.546 -0.481 -0.507

2022 March -0.367 0.105 -0.100 -0.179 -0.195 -0.248
April -0.556 -0.417 -0.681 -0.375 -0.382 -0.408
May 0.403 0.442 0.278 -0.117 -0.061 -0.039

2023 March 0.465 0.517 0.622 0.135 0.137 0.088
April -0.123 -0.222 -0.071 0.244 -0.147 -0.194
May -0.355 -0.037 -0.023 0.517 0.341 0.259

* pC0.05, **pC0.01, ***pC0.001, ns not signifcant (pD0.05).
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Our research con"rms this, showing high variability 
in both mean monthly temperatures and precipitation 
during March, April, and May across all years (2021, 
2022, 2023) and six locations in Eastern Serbia (Table 1).

According to Willis et al. (2014), varying percentages 
of seed dormancy occur depending on climatic condi-
tions and plant species, driven by complex physiological 
and biochemical mechanisms.

Over centuries, humans have domesticated plants 
and improved many traits – such as reduced seed dor-
mancy and increased germination – to better align crop 
establishment with agroecological conditions (Purugga-
nan, 2019). However, in species where breeding has been 
less intensive, dormancy levels remain similar to those of 
their wild relatives (Wen et al., 2024).

In legumes, water-impermeable seed coats prevent 
germination even under favorable agroecological condi-
tions (Rezaei-Manesh et al., 2023; Fu et al., 2024).

According to Baskin and Baskin (2004), seed dor-
mancy can be physiological, morphological, morpho-
physiological, physical, or a combination thereof. How-
ever, in legumes, physical dormancy is most common 
due to impermeable seed coats. Pen"eld & MacGregor 
(2017) note that seed coat structure is highly variable 
and strongly inBuenced by the environment, a5ecting 
seed dormancy depending on the species. The mecha-
nisms regulating these processes primarily maintain a 
dynamic balance between abscisic acid and gibberellins 
(Nambara et al., 2010).

Baill & Gomez Roldan (2023) highlight that the 
seed-"lling stage is critical, involving synthesis, mobili-
zation, and transport of proteins, carbohydrates, lipids, 
and other compounds. This process is highly sensitive to 
environmental changes, which can cause both qualita-
tive and quantitative shi$s in seed traits.

In physically dormant seeds, such as those of many 
legumes, the seed coat prevents water uptake, thereby 
inhibiting embryo development (Bolingue et al., 2010). 
This physical dormancy, characteristic of Fabaceae 
(Leguminosae) family members – especially forage 
crops from the Trifolium (btrbanovif et al., 2025; Rezaei-
Manesh et al., 2023; Can et al., 2009) and Medicago (Wu 
et al., 2023; Xie et al., 2023; Renziet al., 2020; Galussi et 
al., 2013) genera – is well documented.

According to Pawjowski at al. (2020) the dorman-
cy cycling phenomenon has been widely studied, but 
the molecular mechanism responsible remains largely 
unknown. Seed dormancy breaking and germination is 
a multifaceted process, associated with changes in the 
gene expression, protein synthesis, and physiology, but 
also with organelle functioning (Née et al., 2017).

Our "ndings for T. incarnatum suggest that higher 
temperatures increase the synthesis of water-impermea-
ble compounds in the seed coat, directly raising the per-
centage of dormant seeds. This is supported by positive 
correlation coe!cients between mean monthly tempera-
tures and seed dormancy (pC0.05 to pC0.001) (Table 5).

In contrast, higher May precipitation negatively 
a5ects seed germination, as indicated by signi"cant neg-
ative correlations between rainfall amounts and germi-
nation percentages (pC0.05 to pC0.01) (Table 6).

According to Bailly & Gomez Roldan (2023), tem-
perature and water availability directly inBuence seed 
development and germination. Therefore, examin-
ing seed quality in response to climate change is a step 
toward recommending new cultivars and agronomic 
practices to address future challenges.

Table 9. Correlation coe!cients (r) between monthly amount of rainfall (mm) and seedling growth of six locations at three di5erent tem-
peratures. 

Year Monthly amount 
of rainfall mm

Stem cm Root cm

15 20 25 15 20 25
2021 March -0.549 -0.238 -0.361 -0.579 -0.499 -0.506

April -0.489 -0.174 -0.290 -0.545 -0.461 -0.464
May 0.007 0.219 0.171 -0.119 -0.117 -0.129

2022 March -0.390 -0.190 0.278 -0.376 -0.428 -0.434
April -0.226 -0.191 0.029 -0.595 -0.586 -0.564
May 0.009 0.070 0.210 -0.396 -0.373 -0.353

2023 March -0.463 -0.565 -0.720 -0.784 -0.757 -0.711
April 0.071 0.193 -0.140 -0.695 -0.235 -0.170
May 0.264 0.326 0.029 -0.586 -0.095 -0.018

* pC0.05, **pC0.01, ***pC0.001, ns not signifcant (pD0.05).
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O. CONCLUSION

These "ndings suggest that early spring precipita-
tion (March and April) does not signi"cantly inBuence 
the germination or dormancy of crimson clover seeds 
under given temperature conditions, indicating a degree 
of resilience in seed physiological development during 
this period. 

In contrast, during the later stages of development 
(seed "lling and ripening in May), increased rainfall has 
a signi"cant negative e5ect on seed germination. Dur-
ing this same period, higher temperatures lead to an 
increased proportion of dormant seeds.

From an agricultural perspective, these results 
underscore the importance of monitoring and managing 
precipitation patterns during the late reproductive phase 
of crimson clover. Furthermore, site selection for seed 
production should consider agroclimatic conditions, 
especially during the seed-"lling and maturation stages 
(May), to minimize the risk of impact of precipitation on 
seed quality. If climate change leads to higher May tem-
peratures, it is realistic to expect increased seed dorman-
cy, highlighting the need to implement new pre-sowing 
technologies to improve germination and early seedling 
growth. 

Further studies are warranted to identify and opti-
mize seed treatment methods that e5ectively break dor-
mancy and improve germination performance in crim-
son clover, thereby supporting more consistent establish-
ment in "eld conditions.
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