


Climate Variability and Its Influence on Vegetation Dynamics in Tanzania
Abstract
Understanding how climate variability drives tropical vegetation is critical for sustainable land management and climate-change adaptation. This study aimed to characterize the spatiotemporal distribution and trends of vegetation using the Enhanced Vegetation Index (EVI), Land Surface Temperature (LST), CHIRPS rainfall, and MODIS-derived Evapotranspiration (ET) in Tanzania from 2000 to 2024, and quantify the relative influence of climatic drivers on observed vegetation dynamics. Datasets were accessed via Google Earth Engine and processed with Savitzky–Golay noise filtering and spatial harmonization to generate annual and seasonal time series. Long-term trends were assessed using Sen’s slope estimator and Mann–Kendall significance tests, while vegetation cover was quantified through Fractional Vegetation Cover (FVC). Results showed heterogeneous rainfall increase during DJFMA (December to April) and MAM (March to May), 9.6 mm/year and 5.2 mm/year respectively. EVI and FVC revealed mixed vegetation trajectories: central, southeastern, and western regions experienced degradation, whereas southwestern and northeastern highlands and parts of the northern coast showed greening. Correlation and lag analyses indicate LST exerts the strongest immediate suppressive effect (ρ = -0.78, p < 0.05), while rainfall and ET influence both instantaneous growth and multi-year recovery (rainfall: ρ = 0.64 at year 0, ρ = 0.54 at year 5; ET: ρ = 0.72 at year 0, ρ = 0.56 at year 5).  These findings demonstrate that vegetation dynamics in Tanzania are governed by a dual climatic control system: the acute, immediate sensitivity of vegetation to surface thermal conditions and a protracted, multi-year recovery potential driven by antecedent rainfall.  The study underscores the necessity of integrated management frameworks that combine immediate heat-mitigation strategies to counter LST-induced suppression with multi-year water-governance policies that leverage the five-year ecological memory of rainfall and ET. Such evidence-based interventions are critical for stabilizing vegetation trajectories and enhancing ecosystem resilience across Tanzania’s climate-vulnerable landscapes.
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1 Introduction
Vegetation is crucial for terrestrial environments by acting as the planet's primary carbon sink and oxygen source, while also regulating regional climate through evapotranspiration and moisture control (Chaturvedi et al., 2025; Houghton, 2007; Miralles et al., 2025). It critically manages the water cycle by promoting infiltration and stabilizing soil against erosion, enriching it with vital organic matter for all life (Wang et al., 2018; Wiesmeier et al., 2019). This essential role is magnified by the sheer scale of plant life, terrestrial plants collectively comprise more than 90% of global biomass, and the world's forests alone uptake around one-third of human-induced carbon emissions, highlighting their indispensable influence on the entire planetary system (Forzieri et al., 2022). 
Tropical climates, situated near the Equator, are characterized by consistently high temperatures and abundant rainfall, leading to the world's most biologically diverse and carbon-rich ecosystems. These regions are globally critical because their immense vegetation cover plays an outsize role in regulating the planetary climate and hydrological cycles (Friedlingstein et al., 2023). Tanzania particularly contains vast stores of Miombo woodlands and rainforests that serve as immense reservoirs of carbon and biodiversity essential for planetary climate regulation (Mwakalukwa et al., 2024). Thus, understanding the spatio-temporal patterns and drivers of vegetation cover dynamics in Tanzania is essential, as monitoring how and why vegetation changes across space and time provides the critical data needed to inform effective conservation, sustainable land-use planning, and targeted climate change mitigation strategies (Horion et al., 2013). 
Variability in rainfall and temperature profoundly impacts global vegetation dynamics by controlling plant physiological processes and geographic distribution (O’Sullivan et al., 2020). Changing precipitation patterns dictate soil moisture and productivity in water-limited regions, while temperature dictates growth rates, the length of the growing season, and overall biome boundaries. Despite the recognized pressure on Tanzania's tropical vegetation, several critical knowledge gaps remain in the scientific understanding necessary for effective planning, particularly concerning the climatic influence. Existing regional studies have monitored localized degradation (Kambi et al., 2025; Kashaigili et al., 2010), but a comprehensive national-level, high-resolution assessment of the long-term spatio-temporal trends and synchronicity among Enhanced Vegetation Index (EVI), Land Surface Temperature (LST), and rainfall is currently lacking across the entire country and there is a significant gap in the quantified statistical assessment of the relationship between EVI and the primary climate parameters. 
To address these gaps, this study sets forth the following objectives, i. Identifying the spatiotemporal distribution and trends in annual and seasonal EVI, rainfall, and LST using relevant remote sensed data products. ii. Comparing the spatiotemporal pattern of vegetation change across the country and quantifying the relative influence of climate change on the observed vegetation dynamics. 
Data and Methodology
0. Characteristics of the Study Area
Tanzania is located in East Africa between latitudes 1°S and 12°S, longitudes between 29°E and 41°E, covering approximately 945,100 km² (Kabanda, 2024). The country exhibits highly diverse physical, climatic, and ecological conditions, making it an ideal setting for assessing long-term vegetation dynamics and their relationship with climate and hydrological variability. Tanzania’s elevation ranges from coastal lowlands along the Indian Ocean to high mountains and volcanic highlands, including Mount Kilimanjaro (Figure 1). This topographic diversity strongly influences spatial patterns of temperature, rainfall, and vegetation productivity.  Tanzania experiences a tropical climate with marked regional variations. The northern and eastern regions are predominantly bimodal rainfall zones, receiving rainfall during the “Masika” (March-May) and the “Vuli” (October-December). In contrast, the central, western, and southern parts experience a unimodal rainfall pattern, mostly concentrated between December and April (Borhara et al., 2020). Temperature variation also reflects the country’s elevation gradients, with higher LST observed in lowland and semi-arid zones. Tanzania's vegetation is diverse, largely consisting of miombo woodlands in the western and southern parts of the country. The landscape also features a variety of other vegetation types, including savanna woodlands, coastal mangrove swamps, tropical rainforests high-altitude forests on mountain ranges like Kilimanjaro. Other vegetation types include grasslands, shrublands, and semi-desert areas.
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Figure 1 Geographic context of Tanzania: (a) Continental-scale map showing the location of Tanzania in Africa, and (b) detailed topography of Tanzania derived from the digital elevation model (DEM).
2.2 Datasets
[bookmark: _GoBack]Several high-resolution remote sense datasets have been utilized in the study covering a period from 2000 to 2024, Table 1 shows the description of each dataset.
Table 1 Details of data sources used in this study.
	Dataset
	Product ID
	Band
	Period
	Resolution

	Vegetation
	MODIS/061/MOD13Q1
	Enhanced Vegetation Index
	2000-2024
	250m

	Rainfall
	Ucsb-Chg/Chirps/Daily
	Precipitation
	2000-2024
	0.050

	Land surface temperature
	MODIS/061/MOD11A1 (Terra and Aqua)
	LST_Day_1 km
	2000-2024
	10 x 10

	Evapotranspiration
	MODIS/061/MOD16A2GF
	Total evapotranspiration
	2000-2024
	0.0050

	DEM
	USGS/SRTMGL1_003
	elevation
	2000
	30m


2.3 Data Pre-processing and Temporal Aggregation
All data processing, filtering, and pre-aggregation were conducted using the Google Earth Engine (GEE) cloud-computing platform. This process began with rigorous quality control (QC) and scaling. Specifically, the 16-day composite Enhanced Vegetation Index (EVI) values were scaled by dividing by 10,000, and high-confidence observations were retained by masking out pixels flagged as poor or marginal quality using the Summary band. The 8-day Land Surface Temperature (LST) values were scaled by 0.02 and converted from Kelvin to degrees Celsius by subtracting 273.15. The Rainfall and evapotranspiration (ET) products, which are already in physical units, were processed by explicitly casting all input images to a 32-bit floating point format to ensure numerical stability.
To generate a continuous and reliable time series, the filtered EVI and LST data underwent noise reduction and gap-filling using the Savitzky-Golay (S-G) filtering technique (Savitzky et al., 1964).  This non-linear digital filter fits a low-degree polynomial to the time series data within a moving window, effectively smoothing the data and replacing masked or invalid values with a temporally consistent estimate. Following smoothing, all variables were spatially harmonized to enable pixel-wise comparison. The target resolution was set to 250m, matching the native resolution of the MODIS EVI data, which represents the highest resolution available in the MODIS suite used. Bicubic Interpolation was employed as the resampling method for all variables (LST, EVI, Rain, ET and DEM), as it uses a weighted average of the 4 by 4 nearest pixels, providing smoother transitions and better preservation of local feature details than simpler interpolation methods. Finally, all datasets were projected to a consistent geographical coordinate system. 
The final step in pre-processing involved temporal aggregation. The high-frequency data were first aggregated to a monthly temporal scale, using summation for flow variables (Rain and ET) to capture total monthly values, and the mean for state variables (EVI and LST) to capture average monthly conditions. These monthly composites were then aggregated into four continuous time series (N=25) for the entire study period, the Annual Mean (ANNUAL), the Masika Season (MAM) (March, April, May), the Vuli Season (OND) (October, November, December), and the DJFMA Season (DJFMA) (December to April). For the DJFMA period, which spans two calendar years, the aggregated value was consistently assigned to the time step of the year in which the period predominantly fell.
2.4 Spatial-Temporal Trend Analysis and Trend Categorization
Annual and seasonal pixel-wise long-term spatio-temporal trends were performed by employing non-parametric Sen’s slope estimator and quantifying the corresponding statistical significance level test at 95% confidence using the Mann-Kendall test. These methods were used in the study because the Sen’s slope estimator is resistant to the influence of outliers and missing values and the Mann-Kendall test does not require the data to follow any distribution and also not influenced by missing or extreme values.
The Mann-Kendall test statistic S is defined as:
					1
Where the sign function is defined as:
			           		2
The standardized test statistic Z is calculated as:
					3
With the variance of S calculated as:
					
			4
Where n is the number of observations in the time series, t is the number of tied groups and mk indicates the number of observations in the kth group.
The Mann-Kendall test is limited by its inability to handle serial correlation (autocorrelation), which is prevalent in climate variables Yue & Wang, 2004). When the autocorrelation is present, the test may erroneously identify a trend where none exists and vice versa (Yue et al., 2002). Therefore, a modified Mann-Kendall test approach which utilizes trend-free pre-whitening and variance correction adopted from different studies (Kagabo et al., 2024; Niyigena et al., 2025) was used in this study. This Mann-Kendall test modifies the variance Var(S) which is now calculated as shown in equation 5.
					5
The term  is correction due to the autocorrection in the data which is calculated as shown in equation 6.
			6
where ρk is the autocorrelation function of the ranks of the observations. 
A two-tailed significance test was used to assess the reliability of the observed trends, where a Z-value exceeding ±1.96 indicated a statistically significant trend at the 95% confidence level (α = 0.05). This threshold follows the criteria established by (Yuan et al., 2013)(Yuan et al., 2013). To better interpret the spatial and temporal dynamics of vegetation, each pixel in the study area was classified into one of five trend categories based on the magnitude of the Theil-Sen slope (β) and the statistical significance of the Mann-Kendall Z-statistic (|Z|). This dual-criteria approach ensures that both the direction and reliability of the trend are considered. The classification scheme used in this study is summarized in Table 2.
Table 2 Mann-kendall test trend categories.
	β
	Z
	Trend class
	Trend features

	β ≥ 0.0005
	|Z| ≥ 1.96
	5
	Significant improvement

	β ≥ 0.0005
	|Z| < 1.96
	4
	Slight improvement

	|β| < 0.0005
	|Z| < 1.96
	3
	Stable and unchanged

	β < - 0.0005
	|Z| < 1.96
	2
	Slight degradation

	β < - 0.0005
	|Z| ≥ 1.96
	1
	Severe degradation


2.5 Fractional Vegetation Cover (FVC) Estimation
[bookmark: _Hlk217178134]Fractional Vegetation Cover (FVC) quantifies the proportion of a land surface that is covered by green vegetation and is widely recognized as an essential variable for land surface characterization and ecosystem monitoring. In this study, FVC was estimated using the Image Element Dichotomous Model (He et al., 2023; Ning et al., 2023), which assumes that the spectral reflectance of a mixed pixel is a linear combination of contributions from two endmembers i.e., bare soil and full vegetation. To apply the model, the EVI data was used. To avoid subjectivity associated with using predefined fixed values for EVIsoil and EVIveg, the EVI values with 95% and 0.5% percentiles of the aggregate distribution from the entire EVI time series datasets were assigned to EVImax and EVImin, corresponding to EVIveg and EVIsoil. FVC for each pixel was then calculated using Equation 7;
						7
2.6 Spatio-Temporal Correlation Analysis
To quantify the relationship between vegetation dynamics and the driving climate variables, the Spearman's rank correlation coefficient (Spearman, 1904) was computed using Equation 8. The Spearman method, a non-parametric measure, was selected due to its robustness against non-normally distributed data and its ability to measure monotonic relationships without assuming linearity (Liu et al., 2022). The correlation coefficient was calculated between the annual and seasonal EVI time series and the corresponding time series for rainfall, LST and ET. 
							8
where di is the difference between the two ranks of each observation and n is the number of observations.
Results
3.1 Rainfall Distribution and Trends
The rainfall distribution across the study region for the period 2000 to 2024 exhibited marked spatial heterogeneity, with an overall mean annual precipitation of 1024.4 mm. Spatially, the highest annual totals were concentrated at the coastal regions and high-altitude areas of the southwest, while central and mid-western inland regions consistently recorded the lowest amounts (Figure 2a). Inter-annual variability was substantial (Figure 2i), fluctuating from a minimum of 708.7 mm in the exceptionally dry year of 2005, to a maximum of 1305.7mm observed in 2022. Seasonally, precipitation is strongly dominated by the DJFMA period, receiving a mean amount of 804.1 mm of rainfall during the study period. The MAM season and the OND season observed a mean amount of 398.1 mm and 299 mm of rainfall, respectively during the study period (Figure 2b-d). Analysis of the linear trends revealed an overall statistically significant increasing trend in rainfall of almost 14.1 mm/year. This significant annual increase was spatially concentrated over the coasts, extending towards the south-western parts of the country and regions around Lake Victoria (Figure 2e), with a largely similar pattern observed during the DJFMA season, with a trend increase of 9.6 mm/year (Figure 2h). The Masika (MAM) season showed a distinct significant increase in precipitation of 5.2 mm/year on average which was more pronounced over the southwestern highlands extending to the coastal regions (Figure 2f). Conversely, the Vuli (OND) rainfall (Figure 2g) depicted a non-significant decrease across the majority of the country during the study period, with isolated areas around the southwestern parts of Lake Victoria being the only exceptions to register a significant positive trend with an average of 2.6 mm/year over the whole country.
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Figure 2 Spatial and temporal patterns of annual and seasonal rainfall across Tanzania. Panels (a–d) Spatial distribution, (e–h) corresponding spatial trends derived using Sen’s slope estimator, with black dots indicating statistically significant trends (p < 0.05), and (i) the temporal distribution of regional means.

3.2 Land Surface Temperature Distribution and Trends
The spatiotemporal analysis of LST revealed a markedly varying pattern across the study area (Figure 3). Annually, mean LST varied broadly across the landscape, with temperatures ranging from approximately 250C in the southern highlands to over 350C in the coast regions of Indian ocean towards northern and northeastern regions (Figure 3a). Seasonally, the Masika (MAM) period was the coolest, with mean temperatures primarily between 22.5 0C and 350C (Figure 3b), reflecting the cooling influence of the peak rainy season. Conversely, the Vuli (OND) season presented the highest temperatures, with peak LST values exceeding 350C in localized hot spots distributed over a larger part of the country (Figure 3c) and DJFMA season exhibited a similar pattern as that of MAM but at a relatively higher temperature (Figure 3d). 
The temporal analysis revealed a slight cooling trend of about -0.040C/year during the study period over most parts of the country including the regions around Lake Victoria, northeastern and southwestern highlands (Figure 3e).  Seasonally, the MAM, DJFMA and OND seasons exhibited an overall cooling trend over most parts of the country of about -0.020C/year, -0.010C/year and -0.080C/year, respectively (Figure 3f-h).  Despite the overall cooling trend both annually and seasonally across the country, some parts especially the areas along the coast and central regions showed a warming trend. On temporal distribution of the study area mean LST tended to vary yearly but showed to decline during the study period (Figure 3i).
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Figure 3 Spatial and temporal patterns of annual and seasonal land surface temperature (LST) across Tanzania. Panels (a–d) Spatial distribution, (e–h) corresponding spatial trends derived using Sen’s slope estimator, with black dots indicating statistically significant trends (p < 0.05), and (i) the temporal evolution of regional means. 
3.3 Vegetation Health (EVI) Distribution and Trends
The Enhanced Vegetation Index (EVI), used as a proxy for vegetation health and productivity, exhibited clear spatial and seasonal variability across the study area (Figure 4). Annually, the highest EVI values (up to 0.6) characterize the high-productivity regions such as the western and southwestern forest zones and the coastal areas (Figure 4a). Conversely, the central arid and semi-arid interior consistently recorded the lowest EVI values, often less than 0.2. Seasonally, vegetation cover peaked during the Masika (MAM) season, with maximum EVI values recorded over the study region (Figure 4b), a clear response to the major rainfall period. The Vuli (OND) and DJFMA seasons showed lower to intermediate EVI values, reflecting the post-rain recession and the main dry season, respectively (Figure 4c-d).
Analysis of the EVI trends over the 24-year period revealed a spatially heterogeneous pattern of both greening and degradation (Figure 4e-h). Annually, there was a pronounced and significant signal of vegetation degradation (browning) concentrated over the central and southeastern regions (Figure 4e). Conversely, significant greening trends (EVI increase) were localized primarily in southwestern and northeastern highlands and certain parts of the northern coast. The seasonal breakdown shows that the significant browning signal is most dominant during the Vuli (OND) short rainy season (Figure 4g). The DJFMA season also recorded significant mixed trends, balancing greening in the northern coast extending towards the northeastern highlands with browning in the central (Figure 4h). In contrast, the main growing season, MAM, showed a relatively stable trend with only localized and less severe significant changes (Figure 4f).
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Figure 4 Spatial and temporal patterns of annual and seasonal EVI across Tanzania. (a-d) Spatial distribution and (e-f) Spatial trends with black dots showing pixels with statistically significant trends at p < 0.05.
3.4 Spatiotemporal Pattern of Vegetation Change 
Analysis of the Fractional Vegetation Cover (FVC) trends provided a quantitative measure of long-term land degradation and restoration across the country (Figure 5). Overall, the mean annual FVC exhibited a statistically significant positive trend over the study period, increasing at a rate of 0.0032 per year (p < 0.05), as shown by the linear regression (R2 = 0.299). This finding suggests that, on average, the total fraction of vegetation cover improved slightly across the country. However, this aggregate mean masks profound spatial heterogeneity in land condition (Figure 5a-d). Spatially, significant FVC degradation (browning and red areas) was widespread, particularly concentrated in the central regions, southeastern regions as well as parts of the western regions of the country, regardless of the season. Conversely, significant improvement (greening, light green areas) was mainly confined to the southwestern highlands, the northeastern regions, and isolated pockets along the northern coast.
The quantification of area coverage confirms this mixed signal (Figure 5i). Over the 24-year period, 40% of the landmass showed some degree of FVC improvement (including Slight and Significant Improvement), while almost 22% of the landmass experienced FVC degradation (Slight and Severe Degradation). Annually, the most dominant category was Slight Improvement (~48%), followed by significant improvement (~27%). Critically, severe degradation affected approximately 5% of the total area annually.
Seasonally, the highest mean FVC and the largest extent of improvement were observed during the Vuli (OND) season, which also recorded the strongest positive trend (0.0042/year, R2 = 0.246). Despite this overall improvement signal, the seasonal maps confirmed that the areas vulnerable to FVC degradation are consistent across all periods, pointing to persistent underlying environmental or anthropogenic stressors in those specific regions. The DJFMA season showed a lower positive trend (0.0006/year, R2 = 0.007) with a higher proportion of degraded land compared to MAM.
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Figure 5 Spatial trends in annual and seasonal FVC (a–d), corresponding scatter plots of mean FVC (e–h), and percentage area coverage of FVC trend categories (i).
3.5 Spatial Relationship Between Climatic Variables and Vegetation
The spatial distribution of correlation coefficients (ρ) revealed contrasting influences of rainfall and temperature on vegetation health across the country (Figure 6). The correlation between EVI and Rainfall is overwhelmingly positive across all seasons (Figure 6a-d), with strong significance (ρ > 0.5) dominating the moisture-limited central and northern regions, confirming precipitation as the primary driver of productivity. Conversely, a strong and pervasive negative correlation (ρ < -0.5) is evident between EVI and LST across the vast majority of the country (Figure 6e-h), underscoring the severe and widespread negative constraint of thermal stress on vegetation health.
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Figure 6 Spatial correlations between vegetation greenness (EVI) and hydroclimatic variables across Tanzania (2000–2024): (a–d) Annual and seasonal rainfall–EVI correlations and (e–h) land surface temperature (LST)–EVI correlations.  Black dots indicate areas with statistically significant correlations (p < 0.05).
3.6 Temporal Lagged Relationships Climatic Variables and Vegetation
The Annual cross-correlation heatmap (Figure 7) provided critical insight into the memory and delayed response of the ecosystem to climatic drivers. Analysis of the time lags indicated that the maximum influence of LST on FVC is overwhelmingly immediate, occurring at Lag 0 (ρ= -0.78, p < 0.05). Beyond the contemporaneous relationship, no other significant relationships were observed, confirming that LST acts primarily as an immediate suppressor of vegetation productivity through thermal stress. In contrast, the influence of rainfall on FVC demonstrated a more complex pattern, the strongest relationship was contemporaneous (Lag 0, ρ= 0.64, p < 0.05), yet significant positive correlations were also observed at Lag -4 (ρ= 0.46) and critically at Lag +5 (ρ= 0.54). This significant positive correlation at Lag +5 suggests a long-term carry-over effect, where antecedent rainfall from five years prior continues to influence current annual FVC by potentially replenishing deeper moisture reserves or supporting slow-growing perennial species. Similarly, relationship between ET to FVC showed its maximum influence at Lag 0 (ρ= 0.72, p < 0.05), with significant positive lagged correlations also appearing at Lag +4 (ρ= 0.59) and Lag +5 (ρ= 0.56), signifying that the ecosystem’s current FVC condition remains highly predictable based on the active hydrological cycling five years earlier. Furthermore, the strong and significant positive correlation observed in the Rainfall to ET interaction at Lag -4 (ρ= 0.68) indicates a multi-year memory in the regional water system, where the current rate of ecosystem water use is significantly driven by antecedent rainfall that occurred up to four years prior.
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Figure 7 Lagged annual cross-correlations of key environmental variables with significant correlations at p < 0.05 indicated with (*)
3.7 Quantification of Relative Influence of Climatic Variables on Vegetation Cover
The quantification of the relative influence of the climatic and hydrological drivers by comparing their annual anomaly patterns with the annual FVC anomaly is depicted in the combined anomaly time series (Figure 8). Visually inspecting the time series shows a strong inverse relationship between the FVC anomaly and the LST Anomaly (Figure 8a). In years characterized by extreme heat (high positive LST anomaly, e.g., 2000, 2005), the FVC anomaly consistently registered its largest negative values, confirming LST as the most dominant immediate constraint on vegetation health. Conversely, the FVC Anomaly demonstrated a strong direct relationship with the rainfall anomaly (Figure 8b), with positive FVC growth corresponding well to positive rainfall surges (e.g., 2017, 2020, 2023). However, the most consistent and highest congruence was observed between the FVC anomaly and the ET anomaly (Figure 8c). ET, which reflects the active water consumption by the ecosystem, tracked the FVC trajectory most closely, peaking with high FVC years (e.g., 2021, 2024) and dropping during FVC reduction years. The robust statistical correlations confirmed this visual assessment in section 3.6, LST exhibited the highest negative correlation (ρ= -0.78), while ET showed the highest positive correlation (ρ= 0.72) with annual FVC, indicating that thermal stress (LST) is the primary factor limiting FVC, and active ecosystem water use (ET) is the best integrated predictor of annual FVC productivity.
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Figure 8 Annual anomalies of FVC in relation to (a) LST, (b) Rainfall, and (c) ET from 2000-2024.
Discussion
The spatiotemporal dynamics observed across Tanzania from 2000 to 2024 reveal a complex environmental narrative where an intensifying hydrological cycle is in a constant state of feedback with surface thermal conditions. The results indicate a statistically significant increase in annual rainfall of 14.1 mm/year, particularly concentrated in the coastal and southwestern highlands. This seasonal wetting trend aligns with the strengthening of the temperature gradient between the Indian Ocean and continental landmasses and the east African monsoon, which drives enhanced moisture transport into East Africa (Behera et al., 2005; Nicholson et al., 2018; Saji et al., 1999). Substantial inter-annual variability was evident, such as the low rainfall and reduced EVI recorded in 2005, which can be contextualized by the broader impacts of El Niño-Southern Oscillation (ENSO) phases that frequently drive moisture deficits across the region (Palmer et al., 2023). Conversely, the surges in rainfall observed in years like 2022 mirror the effects of La Niña events, which typically result in exceptionally heavy precipitation, higher soil moisture, and improved vegetation health (Palmer et al., 2023).
Crucially, this study identified a localized cooling trend in LST of approximately -0.04°C/year, primarily in the southwestern and northeastern highlands. Our analysis clearly indicates that the increased values of EVI at higher elevations of the study area are attributable to increasing rainfall and reduced LST. This suggests a robust negative feedback effect, whereby increased greenness results in lower LST through enhanced canopy shade and higher rates of transpiration, which releases water back to the atmosphere through photosynthesis and consumes latent heat (Gupta et al., 2018; Park et al., 2024; Yu et al., 2024). This localized cooling further promotes vegetation health by augmenting soil moisture and reducing potential evapotranspiration, creating a self-reinforcing cycle of ecological recovery. Such trends are consistent with global observations that increasing greenness can significantly mitigate LST, particularly in moisture-limited regions (Banerjee et al., 2023; Li et al., 2023).
Despite these favorable trends in the highlands, a significant browning signal persists across 22% of the landmass, particularly in the central and southeastern interior. In these arid and semi-arid regions, LST consistently exceeds 35°C, underscoring a severe thermal constraint that likely surpasses the physiological thresholds of indigenous vegetation, leading to stomatal closure and reduced carbon assimilation (Zahra et al., 2023). The occurrence of browning in areas simultaneously experiencing increased rainfall points toward an anthropogenic override. In these specific regions, human-induced land-use changes such as overgrazing, biomass harvesting, or deforestation alter surface albedo and soil thermal properties. These activities effectively neutralize potential climatic gains, decoupling vegetation dynamics from regional wetting trends and pointing to persistent underlying environmental stressors (Gül & Esen, 2024; Yirdaw et al., 2017).
The quantification of climatic influences highlights a profound ecological memory within the Tanzanian landscape. While the relationship between LST and FVC is overwhelmingly immediate (Lag 0), reflecting the acute impact of thermal stress on plant hydraulics, the influence of rainfall demonstrates a significant carry-over effect at a 5-year lag (ρ= 0.54). This protracted hydrological legacy suggests that current vegetation health is supported by the multi-year recharge of deep soil moisture and groundwater aquifers from antecedent wet years (Jin et al., 2025). The high congruence between actual evapotranspiration (ET) anomalies and FVC further substantiates that ecosystem water consumption is the most robust predictor of productivity, as it serves as the functional bridge between surface temperature and water availability (Fisher et al., 2017). This memory warns that the current relative stability of some vegetation cover may be a legacy effect that masks a burgeoning vulnerability, potentially leading to non-linear degradation if deep-seated moisture reserves are exhausted.
The findings of this research necessitate a shift in environmental governance toward spatially targeted and temporally aware adaptation strategies. Since LST remains the most dominant immediate constraint on vegetation health, management in degradation hotspots should prioritize thermal management through agroforestry and canopy restoration to provide shade, reduce vapor pressure deficits, and enhance water-use efficiency. Furthermore, the divergence in seasonal rainfall reliability increasing Masika (MAM) versus stagnant Vuli (OND) suggests that agricultural planning must prioritize the MAM season to capitalize on the favorable balance of moisture and cooling. Accounting for the observed five-year hydrological lag is essential for long-term planning, ensuring that land-use policies move beyond short-term observations to build genuine resilience against shifting climate patterns.
Conclusion
[bookmark: _Hlk217355686]This study establishes that land surface dynamics across Tanzania over the past two decades are governed by a dual control mechanism which are, the acute, immediate sensitivity of vegetation to surface thermal conditions and a protracted multi-year recovery potential driven by antecedent rainfall. The analysis demonstrates that the strong inverse correlation between LST and FVC highlights the persistent role of surface temperature in modulating primary productivity, particularly within moisture-limited central and southeastern regions. The localized cooling, most evident in high-altitude and coastal zones, suggests a robust negative feedback loop where improved vegetation greenness facilitates surface cooling through transpiration and shading. Consequently, conservation strategies must move beyond traditional water-centric approaches to prioritize the maintenance of this transpiration cooling effect, utilizing agroforestry and canopy restoration to stabilize the microclimate and reduce vapor pressure deficits.
Furthermore, the significant positive influence of rainfall identified at a five-year time lag reveals a profound ecological memory inherent in the Tanzanian landscape. This hydrological legacy underscores the critical necessity of long-term water management and conservation efforts aimed at enhancing deep soil infiltration and groundwater recharge, which collectively sustain ecosystem resilience during intermittent dry spells. In light of the continuing patterns of severe degradation observed in arid and semi-arid rangelands where browning persists even amid regional wetting land management policies must transition from reactive drought relief to proactive, multi-year planning. Prioritizing water harvesting and the afforestation of deep-rooted, indigenous species is essential for effectively banking surplus moisture in the soil to support the long-term biomass stability identified in this research. Future studies should focus on disaggregating the degradation signal to precisely distinguish human-induced land-use changes from climate-driven effects, enabling more targeted and effective policy interventions to ensure the long-term sustainability of Tanzania's diverse ecosystems.
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