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Abstract 

Landsat imagery has the ability to assess the effect of vegetation cover change on rainfall. CHRIPS data was also used to analyze 

rainfall time series and trend line from 1990-2024. The goal of this study was to examine temporary and spatial changes in 

vegetation cover impact on rainfall, examine the trends of rainfall and the correlation between rainfalls with vegetation cover 

change during the study period. The study methods were undertaken using NDVI, change detection, Mann-Kendall's and Sen's 

slope test and correlation analysis. This study explores using NDVI analysis, the vegetation cover was shown 13.5% in 1990, 

29.8% in 2000, 20.2% in 2010, 31.3% in 2020 and 24.1 in 2024 over the study area. Therefore, the amount of vegetation cover 

has been regenerated by about 89,272 hectares (10.7%) in the past 35 years in the study area. this study results, the minimum, 

maximum and mean rainfalls have declined trend lines of 0.497, 0.81 and 0.26mm per year over the past 35 years period 

(1990-2024) respectively. Statistically non-significant trends were shown in maximum and mean rainfall but not in minimum 

rainfall. However, the analysis of the trend line explained that the minimum, maximum, and mean rainfalls were changed by the 

factors of -0.497 mm, -0.81mm, and -0.26 mm per year respectively. The mean rainfall of the vegetated area was greater than the 

mean rainfall of non-vegetated area for all reference years. This indicates areas with low vegetation cover or low NDVI values 

have shown low mean rainfall. Based on the coefficient of determination, 3% of vegetation cover change was caused by rainfall 

in the study area. All the residents of Wag Hemra zone are to strengthen the protection of the vegetation cover in the study area 

and encourage afforestation work. 
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1. Introduction 

Controlling vegetation cover changes is important in arid 

and semi-arid area due to the inadequate and delicate nature of 

the plant cover. Due to expected changes in vegetation cover, 

land productivity and biodiversity might be affected [1]. 

Vegetation cover change can help to predict the recurrence of 

natural disasters, and provide humanitarian assistance [2]. The 

percentage of vegetation cover is also used as a parameter to 

estimate the annual removal of vegetation, which refers to the 

degradation condition in the regions spatially [3]. The trans-

formation of different levels of vegetation cover types was 
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characterized by the transformation from low-cover areas to 

high-cover areas [4]. Changes in vegetation cover can have an 

impact on the climate system by changing the components of 

an area’s climate [5]. The land-use intensification and drastic 

reduction in vegetative cover are considered pervasive threats 

to the natural environment and biodiversity, yet the rate of 

reduction of vegetative cover is little known globally, but it 

has been reported that vegetative cover and, more importantly, 

forest cover change are accelerating in the present time [6]. 

Changes in vegetation cover directly impact surface water and 

energy budgets through plant transpiration, surface albedo, 

emissivity, and roughness [7]. One of the oldest vegetation 

indicators used to track dryness is the Normalized Difference 

Vegetation Index (NDVI), which has been used since the 

1980s [8, 9]. 

The changes in vegetation cover were the appearance of 

heat and cold waves, clouds, and rainfall patterns [10]. Veg-

etation cover has a positive impact on local rainfall [11]. The 

seasonal correlation between NDVI and rainfall was negative 

except in the winter and post-monsoon seasons, where the 

correlation was slightly positive in Nepal [12]. In semi-arid 

zones, rainfall is thought to be the most important factor in-

fluencing plant development [13]. Changes in vegetation, land 

use and land cover are closely correlated with changes in 

seasonal rainfall [14]. There was a notable association be-

tween high-class NDVI-positive regions and wet years [15]. 

The vegetation of drier areas was found to be more dependent 

on rainfall [16], and quantified the indirect effects of rainfall 

on vegetation growth. 

The main factors contributing to deforestation and forest 

degradation in the area were the shifting of agriculture, log-

ging, and the development of communities, which increased 

agricultural yields and altered rainfall patterns, which in turn 

led to an increase in pests and diseases. Due to anthropogenic 

factors, vegetation was being lost, which affected the local 

climate and rainfall factors [17]. The rainfall situations de-

creased due to decreased vegetation cover, due to the direct 

effects of low rainfall volumes resulting from the lower native 

vegetation cover [18]. The depletion of forest resources con-

tributes significantly to the climatic and physical changes of 

the environment [19]. Remote sensing provides the spectral 

data from the satellites without any physical contact with the 

object in digital form. This digital data is converted into a 

visual image in the form of imagery [20]. With the introduc-

tion of remote sensing systems and image processing software, 

the importance of remote sensing in geospatial information 

systems (GIS) has expanded significantly [21]. 

The gap of the study vegetation cover change was lead to 

the increment of unseasonal and variability of rainfall, soil 

erosion, flooding and loss of crop production has been ex-

pected over the study area. The present study area has not 

been studied in Wag Hemra zone related to the effect of veg-

etation cover change on rainfall. The basic argument why this 

study was proposed and done in Amhara Regional State, Wag 

Hemra zone, is that it is characterized by rapid change in 

vegetation cover, climate, and topographic trends. The study 

area focused on a gap fill that the fields of conservation and 

rehabilitation must address, important to understand vegeta-

tion-atmosphere interactions and their effects on climate. The 

findings of the study were also provided information about 

vegetation cover change and its effect on the climate as an 

input for planning and decision-making is what signifies the 

importance of this research. Therefore, the goal of this study 

was to examine how the area's temporary and spatial changes 

in vegetation cover affect rainfall, examine the trends of 

rainfall and the correlation between rainfalls with vegetation 

cover change during the study period. 

2. Materials and Method 

2.1. Description of the Study Area 

Wag Hemra is one of zones in Amhara Region of Ethiopia. 

It is bordered on the south by Wag Hemra, on the southwest 

by South Gondar, on the west by North Gondar, and the north 

and east by the Tigray Regional state (figure 1). It is located at 

38° 15’ 0” to 39° 15’ 0” E longitudes to 12° 25’ 0” to 13° 25‘0” 

N latitudes. The elevation of the area ranges from 989 to 

4043m above sea level. This study area has eight Woredas, 

one administrative town and 125 Kebeles. 

 
Figure 1. Location map of study area. 

2.2. Source of Data 

2.2.1. Landsat Data 

The United States Geological Survey (USGS) is a gold 

mine of information and a source of free satellite images that 

cover wide areas. For this reason, both the Landsat 5 Thematic 

Mapper (Landsat 5TM), and Landsat-8 Operational Land 

Imager (OLI) were used Landsat collection two level two 

used 1990, 2000, 2010, 2020 and 2024 respectively, with path 
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169 with raw 051. Landsat 5TM and Landsat 8 OLI were used 

for vegetation cover change analysis to know the extent of 

deforestation in Wag Hemra zone for the last 35 years (1990 

to 2024). All the Landsat images were included 30m spatial 

resolution and to analyze the effect of vegetation cover 

change using three decadal and half data sets. February to 

April months and zero percent or cloud-free images was used 

in this study. Because dry-season images were used to sepa-

rate evergreen vegetation from rainfall-dependent vegetation 

likes grass and other agricultural crops. Google Earth points 

were used for historical data classification and exactness 

evaluation using the Google Earth Pro tool. 

2.2.2. Rainfall Data 

CHIRPS is a gridded merged satellite-station rainfall data 

product with a 40+ year record, quasi-global extent, and 5 

km resolution [22]. CHIRPS is widely used for drought early 

warning, agro-climatological monitoring, and historical cli-

mate impact and trend assessments [23]. To assess the trends 

of rainfall, the monthly product of Climate Hazards Group 

Infrared Rainfall with Stations (CHIRPS) time series data 

from 1990 to 2024 has been used. The reason CHIRPS data 

were selected from other satellite-based rainfall estimation 

product is that the CHIRPS product corresponds best to the 

rain gauge values [24, 25]. 

Table 1. Description of Satellite Images. 

Satellite 
Spatial Res-

olution 
Path & Row 

Date of Acquisitions and Sensors 

Landsat 5 TM Landsat 8 OLI 

1990 2000 2010 2020 2024 

Landsat 30M 169 & 051 07/01/1990 19/01/2000 14/01/2010 26/01/2020 22/02/2024 

CHRIPS 5km/month  January- April /1990-2024 

 

2.3. Method 

2.3.1. Image Preprocessing 

Satellites images are have not been directly utilized for 

feature identification or any other applications. 

Pre-processing has been applied before the main data analysis 

and extraction of information to reduce the number of mis-

takes that influence the ultimate result of the study. In this 

study, layer stacking and image enhancement were applied 

using ENVI software (Environment for Visualizing Images). 

To prepare a vegetation cover map of the study area, bands 1 

to 7, except band 6, were stacked in the case of Landsat 5 TM, 

and bands 2 to 7 were stacked in the case of Landsat 8 

OLI/TIRS (Thermal Infra-Red) [11]. Layer stacking of indi-

vidual bands was done to get the multispectral image with all 

band combinations [2]. 

2.3.2. Normalized Difference Vegetation Index 

(NDVI) 

The most widely used method for detecting vegetation 

greenness is the Normalized Difference Vegetation Index 

using the Landsat 5 TM and 8 OLI collection two level two 

[26]. The NDVI is the difference in reflectance between 

near-infrared and red light, which is used to evaluate the 

health and greenness of vegetation cover in a study area [27]. 

The NDVI was used assessing vegetation condition. NDVI 

values has been determined from the below proportions as 

follows [28]: 

𝑁𝐷𝑉𝐼 = 
𝑁𝐼𝑅−𝑅

𝑁𝐼𝑅+𝑅
               (1) 

Where NDVI = Normalized Difference Vegetation Index. 

NIR = Near Infrared Band (TM and ETM band 4, OLI band 

5 and band 8 for sentinel image) and. 

R = Red Band (TM and ETM band 3, OLI band 4 and band 

4 for sentinel image). 

The NDVI was estimated from Landsat images and has 

characteristic values between -1 and 1. Negative NDVI indi-

cates clouds, water, snow, and other non-vegetation cover. 

Values of +0.1 and more show vegetation cover. NDVI up to 

0.1 indicates poor vegetation cover, which might be due to 

unfavorable weather conditions, whereas a high NDVI indi-

cates dense vegetation conditions [29]. 

2.3.3. Change Detection 

Change Detection is critically important application of 

remote sensing that focuses on identifying, mapping, and 

analyzing changes in vegetation or non-vegetation over a 

study period [30]. The change detection formula is provided 

by the following equation: 

Change difference= NDVI_t2 - NDVI_t1      (2) 
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Where t2 and t1 are the Normalized Difference Vegetation 

Index values at time. 

2.3.4. Accuracy Assessment 

Accuracy assessment is a measure of agreement between a 

standard assumed to be correct and a classified image of un-

known quality. If the classified image corresponds closely 

with the standards, it is said to be accurate [31]. The accuracy 

of the classified image compares how each of the classified 

pixels with the Google earth points recorded from their cor-

responding ground truth data [21]. A set of reference pixels 

representing geographic points from Google Earth on the 

classified image is required for the accuracy assessment. Due 

to this 75 Google Earth points for each year were used to the 

threshold and to validate the result of 2020 and 2024 Landsat 

images to validate the accuracy of the result [11]. 

In accuracy assessment, the kappa coefficient is a basic 

measure that was utilized to statistically determine, in the 

event that the remotely detected classification is better than an 

irregular classification and on the off chance that two or more 

error matrices are altogether distinct from each other. 

K= 
𝑁 ∑ 𝑥𝑗𝑗−∑ (𝑥𝑗+∗𝑥+𝑗)𝑛

𝑗=1
𝑛
𝑗=1

𝑁2−∑ (𝑥𝑗+∗𝑥+𝑗)𝑛
𝑗=1

             (3) 

where k is kappa statistics, N is total samples, xjj is the 

number of rows j and columns j, xj+ is row total, and x+j is 

column total. 

The Kappa coefficient is a frequently used method for 

comparing classified and actual vegetation cover. The kappa 

coefficient value ranges from -1 to +1; the higher the value, 

the greater the agreement where as a value close to zero means 

that the agreement is no better than would be expected by 

chance [31, 32]. These values fall into three branches: firstly, 

more prominent than 0.80 spoken to solid understanding; 

secondly, between 0.40 and 0.80 spoken to direct under-

standing; and less than 0.40 spoken to destitute understanding 

between the classification and reference information. The 

classification accuracy of remotely sensed images is widely 

assessed using the error matrix [33]. 

Finally, the following equations were used to calculate 

producer accuracy, user accuracy, and overall accuracy using 

the error matrix method in Microsoft Excel. 

PA (%) =
𝑁𝐴𝑉𝐶

𝑇𝑅𝑉𝐶 
 𝑋 100              (4) 

Where PA is producer accuracy, NAVC is number of ac-

curately identified points in an individual vegetation cover 

category and TRVC  is total reference points of respective 

vegetation cover category. 

UA (%) = 
𝑁𝐴𝑉𝐶

𝑇𝐶𝑅𝑃
 x 100            (5) 

Where UA is user accuracy and TCRP is total number of 

classified reference points. 

OA (%) =
𝑆𝐶𝐶

𝑇𝑆
∗ 100             (6) 

Where OA is overall accuracy, SCC is the sum of correctly 

classified items, and TS is the total sample. The overall ac-

curacy of the classified image is determined by comparing 

how each satellite image cell is classified to the definite land 

cover conditions acquired from the actual land cover [34]. 

2.3.5. Mann-Kendall (MK) and Sen’s Slope Trend 

Test 

The MK trend test is a non-parametric test based on two 

hypotheses: one is null (H0), and the other is the alternative 

(H1) hypothesis [35]. The MK test is based on a null hy-

pothesis (H0), which means that there is no trend and the data 

are independent and randomly ordered, and this is verified 

against the alternative hypothesis (Ha), which supposes that 

there is a trend [36]. The Mann-Kendall test formula is pro-

vided by the following equation: 

S=∑ ∑ 𝑠𝑖𝑔𝑛(𝑦𝑗 − 𝑦𝑖)𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1          (7) 

The trend test is applied to a time series yj, which is ranked 

from i = 1, 2, 3,... n – 1 and yi, which is ranked from j = i + 1, 

i + 2, i + 3,... n. Each of the data point’s yj is taken as a ref-

erence point, which is compared with the rest of the data 

point’s yi. 

According to [37], a positive value of S means an increas-

ing trend, and a negative value shows a decreasing trend. 

Sign (yj-yi) ={

+1, 𝑖𝑓 (𝑦𝑗 − 𝑦𝑖) > 0

0, 𝑖𝑓 (𝑦𝑗 − 𝑦𝑖) = 0

−1, 𝑖𝑓 (𝑦𝑗 − 𝑦𝑖) < 0

      (8) 

Where yj and yi are the sequential data values and n is the 

length of the data set. 

This particular test was calculated using R-studio or 

R-programming for Window and the XLSTAT tool. 

2.3.6. Correlation Analysis 

In correlated data analysis, the change in the magnitude or 

trends of rainfall is associated with a change in the magnitude 

of NDVI, and either in the positive correlation or negative 

correlation [38]. 

Correlation coefficients are scaled such that they range 

from -1 to +1 inclusive, where 1 is a total positive correlation, 

0 is no correlation, no linear or monotonic association, and − 1 

is a negative correlation [39]. The correlation coefficients of 

the two variables are expressed in the following equation (9): 

Rxy =
∑ (𝑥𝑖−𝑥𝑚)∗(𝑦𝑖−𝑦𝑚)𝑛

𝑖=1

√∑ (𝑥𝑖−𝑥𝑚)2 ∑ (𝑦𝑖−𝑦𝑚)2𝑛
𝑖=1

𝑛
𝑖=1

        (9) 
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Where Rxy is the simple correlation coefficient of variables 

x and y, xi is the NDVI or vegetation cover of the ith year or 

month, Yi is the rainfall of the ith year or month, Xm is the 

average NDVI or vegetation cover for all years or months, and 

Ym is the average rainfall for all years or months. 

3. Results and Discussion 

3.1. Detection of Normalized Difference 

Vegetation Index (NDVI) 

The current study investigated the effect of changing the 

amount of vegetation on rainfall in Wag Hemra zone. In this 

study, NDVI was calculated from Landsat images of 1990, 

2000, 2010, 2020 and 2024 to assess the extent of vegetation 

cover change over the study area. Many researchers used it to 

assess vegetation cover change and showed trends of climate 

variability in many areas [11, 39]. The darker green color 

NDVI image in the southern part of the study suggested that it 

had the highest NDVI values and the highest vegetation cov-

erage. Otherwise, the red color, as shown in Figure 2, has the 

lowest NDVI values, which mean non-vegetation cover such 

as water, bare land, and roads over the study area. The study 

agrees with the low value of NDVI, which represents no 

vegetation such as water, soil, and urban areas, while 

green-colored areas represent high vegetation such as agri-

culture land, forest and vegetation [9]. 

 
Figure 2. NDVI map of 1990, 2000, 2010, 2020 and 2024. Sources: from Landsat satellite image. 

The minimum and maximum NDVI values of 1990 and 

2000 were -0.07 to +0.433 and -0.058 to +0.395 respectively. 

The mean values of 1990 and 2000 were increased from 

+0.067 to +0.085, as shown in Table 2. This showed that 

higher and healthier vegetation cover was obtained in 2000. 

The minimum and maximum NDVI values of 2010 and 2020 

were -0.089 to +0.393 and -0.156 to +0.495 respectively. The 

mean value was decreased to +0.078 in 2010 and increased to 

+0.0843 in 2020 as compared with 2000. The minimum and 

maximum NDVI values of 2024 were ranges -0.11 to +0.448, 

and its mean NDVI value was +0.0797. The highest mean 

NDVI value was observed in 2000 as compared to all refer-

ence years. This revealed that the status of vegetation cover 

improved in this year. Therefore, the mean NDVI values of all 

reference years were below 0.1, which means non-vegetation 

cover have greater area coverage than vegetation cover in the 

study area (1990-2024). 

Table 2. Summary of NDVI results. 

Year/parameter 1990 2000 2010 2020 2024 

Minimum -0.07 -0.058 -0.089 -0.156 -0.110 

Maximum 0.433 0.395 0.393 0.495 0.448 

Mean 0.067 0.085 0.078 0.0843 0.0797 

Source: Computed from USGS Landsat satellite image 
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3.2. Vegetation and Non-Vegetation Cover Map 

According to the analysis of vegetation and non-vegetation 

cover mapping in Figure 3, vegetation cover has been detected 

the green color in the eastern and southern parts of the study 

area for 1990, 2000, 2010, 2020 and 2024. On the other hand, 

the non-vegetation cover showed the orange color in the 

western, central and north parts of the study area. Therefore, 

the area of non-vegetation covers was greater than the area of 

vegetation cover. 

 
Figure 3. Vegetation and non-vegetation cover map of 1993, 2000, 2010 and 2022. 

As indicated in Table 3, vegetation and non-vegetation 

covers in 1990 were 112,280 ha and 722,480 ha respectively. 

This suggested that the vegetation cover account for 13.5% in 

1990 of the study area. The vegetation and non-vegetation 

covers in 2000 were 248,560 ha (29.8%) and 586,202 ha 

(70.2%), respectively, which means that the vegetation cover 

increased by 136,280 ha from reference year 1990 to 2000. 

The vegetation and non-vegetation cover in 2010 were 

168,321 ha (20.2%) and 666,441 ha (79.8%), respectively. 

This indicated that the vegetation cover decreased by 80,239 

ha, and this indicated vegetation cover degraded in 2010 as 

compared to 2000. Vegetation covers in 2020 were 261,268 

ha (31.3%), which implies that the vegetation covers were 

expanded by 92,947 ha from 2010 to 2020. The vegetation 

and non-vegetation cover in 2024 were 201,552 ha (24.1%) 

and 633,210 ha (75.9%), which means the vegetation cover 

degraded in this year compared to 2020. During the analysis, 

the largest area of vegetation cover was expanded in 2020, 

which accounts for 31.3%. On the other hand, the least area of 

vegetation cover was exhibited during the period of 1990, 

which accounted for 13.5% of the study area. 

Table 3. Vegetation and non-vegetation cover showing the area in 

hectare for the year 1993, 2000, 2010 and 2022. 

Land cover 1990 2000 2010 2020 2024 

Vegetation 112,280 248,560 168,321 261,268 201,552 

Non-vegeta

tion 
722,480 586,202 666,441 573,494 633,210 

Total 834,762 834,762 834,762 834,762 834,762 

Source: Computed from Landsat image 

3.3. Vegetation Cover Change Detection 

Using image differencing (Table 4), there was the largest 

vegetation restored area from 1990 to 2020 at 166,598 ha and 

the smallest vegetation eliminated area from 1990 to 2000 at 

13,363 ha. This implies that the vegetation expanded area 
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occupied 20%, while the smallest vegetation cover changed 

area also occupied 1.6% of the study area. Change detection 

analysis of image differentiation revealed that the highest 

vegetation removed from the area (from vegetated to 

non-vegetated) between 2010 and 2020 was 190,755 ha 

(22.9%). From the image differentiation analysis, the vege-

tated cover was expanded by 24,530 ha (2.9%) while the 

non-vegetated cover was increased by 85,061 ha (10.2%) from 

2020 to 2024. The major vegetation cover change was detected 

between 2010 and 2020 over the study area. Therefore, the 

change detection analysis of the results demonstrated that veg-

etation cover over the past 35 years was least expanded. 

Table 4. Change detection of vegetation cover change area in hectares. 

LCC 1990-2000 2000-2010 2010-2020 2020-2024 2010-2024 1990-2020 1990-2024 2000-2020 

NV to NV 572,626 559,878 555,795 550,327 591,430 558,429 605,244 504,254 

NV to V 150,491 26,111 113,7045 24,530 78,078 166,598 119,792 81,723 

V to NV 13,363 107,769 190,755 85,061 43,980 16,438 30,168 69,432 

V to V 95,933 138,660 146,096 174,742 121,188 93,201 79,470 177,000 

Where NV= Non-vegetation, V=Vegetation and LCC=Land Cover Change 

Source: Computed from Landsat image 

3.4. Accuracy Assessment 

The vegetation cover change accuracy assessment, in-

cluding the Kappa coefficient, user accuracy, producer accu-

racy, and overall accuracy, is presented in Table 5. This as-

sessment result showed that it was consistently high image 

classification confirmed [40]. Based on the result, both the 

user and producer accuracy image classifications for both 

class ranges were strictly high, ranging from 84.0% to 88.0% 

and 84.4% to 87.7%, respectively and both years. According 

to the accuracy assessment result, overall accuracy and kappa 

statistics were 85.3% and 70% in 2020, respectively. The 

overall accuracy and kappa coefficient of 2024 were 86.7% 

and 74%, respectively. 

Table 5. Accuracy assessments for the year 2020 and 2024. 

 

2020 2024 

vegetation Non-veg. vegetation Non-veg. 

User accuracy (%) 84.0 86.7 85.3 88.0 

Producer accuracy (%) 86.3 84.4 87.7 85.7 

Overall accuracy (%) 85.3 86.7 

Kappa statistics (%) 70 74 

Source: computed and taken 75 points from Google earth image for each years 

3.5. Time Series and Trend Lines of Minimum, 

Maximum and Mean Rainfall 

According to the result of the trend line, it showed that in 

(Figures 4, 5 and 6) the minimum, maximum, and mean 

rainfalls were decreasing from 1990–2024 over the study area. 

The trend line shows a slight decrease in mean rainfall of 0.26 

mm per year over the 35-year period (1990-2024). This shows 

significant year-to-year fluctuations and a high rainfall vari-

able in this region. The minimum rainfall trend line shows a 

decrease of 0.497 mm per year over the past 35-year period 

(1990-2024). This indicates approximately 17.4 mm of total 

minimum rainfall decrease and a dry trend in dry condition. 

The maximum rainfall also shows a decrease trend line of 

0.81 mm per year. This suggests less extreme heavy rainfall 

events. The negative slope values show gradual decreases in 

minimum, maximum and mean rainfall. This happened a 
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consistent downward trend, and the entire rainfall distribution was shifting towards a drier condition. 

 
Figure 4. Time series and trend line of minimum rainfall. 

 
Figure 5. Time series and trend line of maximum rainfall. 

 
Figure 6. Time series and trend line of mean rainfall. 

Ho: there is no trend in the time series analysis of the 35-year minimum, maximum, and mean rainfall. 

Ha: there is a trend in the time series analysis of the 35-year minimum, maximum, and mean rainfall. 
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The calculated p-value is more significant than the signif-

icant level alpha = 0.05 since it prevents the null hypothesis 

Ho from being rejected. The probability of having to reject the 

null hypothesis Ho while it is true is 0.9%, 73%, and 89% for 

the minimum, maximum, and mean rainfall (Table 6). The 

maximum and mean rainfalls were not statistically significant 

as p-values of 0.73 and 0.89 are greater than alpha values of 

0.05, respectively while the minimum rainfall was significant 

trend at p-value 0.009. The minimum, maximum and mean 

rainfall showed a decreasing trend with Kendall's tau values 

of -0.31, -0.04 and -0.02, respectively. According to the 

Mann-Kendall test result, the slope of minimum, maximum 

and mean rainfalls was changed by -0.47 mm, -0.28 mm and 

-0.04 mm per year respectively. 

Table 6. Mann-Kendall trend test of minimum, maximum and mean 

rainfalls. 

Variables Minimum Maximum Mean 

Observations 35 35 35 

Kendall's tau -0.31 -0.04 -0.02 

Sen's slope -0.47 -0.28 -0.04 

p-value (Two-tailed) 0.009 0.73 0.89 

Alpha 0.05 0.05 0.05 

Source: Computed from Climate Hazard Center 

 

3.6. The Changes of Vegetation Cover Impact on 

Rainfall 

Areas with higher vegetation cover have shown consider-

able higher mean rainfall in the study area during the study 

period, whereas areas with low vegetation cover have shown 

low mean rainfall (Table 7). The present study is similar to a 

study by [41]; their finding is that a higher vegetation cover is 

found to increase rainfall in the Sahel. The statistical results 

revealed that all the minimum, maximum and mean rainfall of 

vegetation cover areas was greater than the non-vegetated 

areas in 1990. The mean rainfalls in both the vegetated and 

non-vegetated areas were 131.4 mm and 98.9 mm in 1990, 

respectively. The mean rainfalls in vegetated and 

non-vegetated areas were 95.1 mm and 85.8 mm in 2000, 

respectively. During the year 2010, the mean rainfall of the 

vegetation and non-vegetation areas increased to 101.4 mm 

and 92.3 mm, respectively. The mean rainfalls of vegetated 

and non-vegetated areas in 2020 were 151.1 mm and 131.1 

mm, respectively. Hence, the mean rainfalls of both vegetated 

and non-vegetated areas in 2024 were 117.1 mm and 104.2 

mm respectively. 

Based on the analysis, the highest mean rainfall was re-

vealed in 2020 with an amount of 195.4 mm, and the highest 

vegetation cover was seen in 2000, while the lowest mean 

rainfall was observed in 2010. The minimum, maximum, and 

mean rainfalls of the vegetation cover in 2000 were 57.0 mm, 

126.6 mm, and 95.1 mm, respectively. The minimum, max-

imum, and mean rainfalls of the vegetated area in 2010 were 

60.5 mm, 124.1 mm, and 101.4 mm respectively. Therefore, 

the result of the study revealed that vegetation cover has a 

positive effect on local rainfall. 

Table 7. Vegetation and non-vegetation areas with minimum, maximum and mean rainfall. 

Year Land cover (ha) Minimum Maximum Mean 

1990 
vegetated 112,280 105.3 158.7 131.4 

Non-vegetated 722,480 60.5 157.9 98.9 

2000 
vegetated 248,560 57.0 126.6 95.1 

Non-vegetated 586,202 50.0 131.4 85.8 

2010 
vegetated 168,321 60.5 124.1 101.4 

Non-vegetated 666,441 55.5 125.3 92.3 

2020 
vegetated 261,268 77.8 195.4 151.1 

Non-vegetated 573,494 64.6 194.6 131.1 

2024 

Vegetated 201,552 49.8 159.0 117.1 

Non-vegetated 633,210 47.9 159.0 104.2 

Source: computed from Landsat and CHRIPS Satellite data 
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According to the analysis result, both trends of vegetation 

cover and mean rainfall were shown inclined from 1990 to 

2024. From the graph, the lowest and highest vegetation co-

vers were exhibited in 1990 and 2020 respectively. On the 

other hand, the lowest and highest mean rainfall were in 2000 

and 2020 respectively over the study period. Therefore, the 

trend result (Figure 7) revealed that both vegetation cover and 

mean rainfall had a strong positive relationship during the 

study period. 

 
Figure 7. Vegetation covers (ha) with mean rainfall (mm); computed from Landsat and CHRIPS satellite data. 

3.7. The Relationship of NDVI with Rainfall 

There was a substantial positive linear association between 

mean NDVI and mean rainfall; however, the Pearson corre-

lation data analysis showed that there was a statistically sig-

nificant connection between the vegetation index of the mean 

NDVI and the mean rainfall, as the p-value of 0.00023 is 

smaller than the significant level of alpha value of 0.05. The 

correlation coefficient R between the mean NDVI and the 

mean rainfall was 0.17 (Table 8). Therefore, the analysis of 

the Pearson correlation result showed that the mean rainfall 

had a positive correlation with the mean NDVI (Table 8). This 

result is consistent with [42]. They did their study on the 

effects of tropical vegetation on rainfall. Their result reported 

that changes in the surface vegetation cover can alter local 

rainfall. The result of the present study is also in agreement 

with the study by [26], whose finding proposed that the trop-

ical savannah correlates 62.44% of the vegetation cover pos-

itively with rainfall in climate zones of Africa. 

Table 8. NDVI in relation to rainfall. 

variables Mean NDVI with mean rainfall 

p-value 0.00023 

Alpha value 0.05 

R 0.17 

R2 0.03 

Source: computed from Landsat and CHRIPS image 

The coefficient of determination R2 revealed that 3% of 

rainfall change is caused by vegetation cover change in the 

study area, which means that vegetation cover has a positive 

impact on rainfall. This study is consistent with [11] report 

that 23% of rainfall change is due to the change in vegetation 

cover in the central, northern, and southeastern parts of the 

study area in Ethiopia. This analysis result suggested that, in 

the eastern, north-eastern, and south-eastern regions of the 

research study, an area with considerable NDVI and rainfall 

value has been discovered in Figure 8. The findings demon-

strate that during the study period, areas with low NDVI 

values had considerably little rainfall, whereas those with 

high NDVI values demonstrated considerably moderate 

amounts of rainfall. This study is similar to the [14, 43]. 
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Figure 8. The relationship of NDVI and rainfall, sources: computed from Landsat and chirps satellite dataset. 
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4. Conclusion 

Landsat imagery has the ability to assess the effect of veg-

etation cover change on rainfall. This study uses NDVI values 

as a proxy for observing vegetation cover in the southern and 

southeastern parts of the Wag Hemra Zone, Ethiopia. The 

mean NDVI values of all reference years were below 0.1, 

which means the average vegetation cover was poor in the 

study area (1990-2024). Threshold results indicated that 13.5% 

of the study area was covered by vegetation in 1990, which 

had increased to 29.8% by 2000, and also decreased to 20.2% 

by 2010. Based on the analysis of the NDVI results, the veg-

etation cover in 2020 accounted for 31.3% and was the 

highest percentage of vegetation cover in the study area, 

which had also decreased to 24.1% by 2024. Over the past 

thirty-five years, based on the vegetation cover analysis, the 

amount of vegetation covered from 1990 to 2024 increased by 

89,272 ha. This indicated that there was least increased the 

area of vegetation cover in the study area. Using image dif-

ferencing, there was the largest vegetation restored area of 

166,598 ha from 1990 to 2020 and the smallest vegetation 

cover changed area of 13,363 ha within a reference year from 

1990 to 2000. Change detection analysis of image differenti-

ation revealed that the highest vegetation removed from the 

area (from vegetated to non-vegetated) from 2010 to 2020 

was shown 190,755 ha (22.9%). Therefore, the change de-

tection analysis of the results demonstrated that vegetation 

cover over the past 35 years was least expanded than degraded. 

The vegetation cover change accuracy assessment was con-

sistently high, as confirmed by the image classification. The 

minimum, maximum, and mean rainfalls were decreasing 

trend lines of 0.497, 0.81 and 0.26mm per year over the past 

35 years period (1990-2024) respectively. This negative slope 

values show gradual decreases in rainfall and consistent 

downward trends. The maximum and mean rainfalls were not 

statistically significant as p-values of 0.73, and 0.89 but the 

minimum rainfall were a statistically significant trend at 

p-value 0.009. The minimum, maximum and mean rainfall 

showed a decreasing trend with Kendall's tau values of -0.31, 

-0.04 and -0.02, respectively. The mean rainfall of vegetated 

area was greater than the mean rainfall of non-vegetated area 

for all reference years. This indicates areas with low vegeta-

tion cover have shown low mean rainfall. The analysis of the 

Pearson correlation result showed that the mean rainfall had a 

positive correlation with the mean NDVI. Based on the coef-

ficient of determination, 3% of vegetation cover change was 

caused by rainfall in the study area. This indicates areas with 

low NDVI values had considerably little rainfall and vice 

versa. Therefore, the result of the study revealed that vegeta-

tion cover has a positive effect on local rainfall. Generally, all 

the residents of Wag Hemra zone are to strengthen the pro-

tection of the vegetation cover in the study area, encourage 

afforestation work, and stakeholders should cooperate and 

integrate their plans and work on a natural resource conser-

vation plan to do a fruitful job. 
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