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Abstract
There has been an increasing concern about effects of global warming on rainfall. Negative impacts on rainfall affect 
the environment and socio-economic activities of nations, globally. Rainfall characteristics at the Upper East Region 
(UER) of Ghana in terms of temporal and spatial variability are investigated from 1981 to 2016 using rainfall data from 
Ghana Meteorological Agency (GMet) and Climate Hazards Group Infrared Precipitation with Station. Using cumulative 
residual analysis, Mann–Kendall (MK), Sen’s slope, wavelet transform (WT) and principal component analysis (PCA) tests, 
the rainfall variability in UER was examined. Results showed that 1981, 1999, 2002 and 2013 were years of major changes 
in rainfall variation. The MK and Sen’s slope showed that 55.71% of UER have decreasing monthly rainfall with 27.34% 
significant trend. Months April, May and June showed decreasing rainfall trends. Months July, August and September 
showed significant increasing rainfall trend. WT revealed a significant variation in the annual rainfall. PCA revealed that 
the spatial variability of rainfall in UER is very diverse with 33.76% of the variability located in the northeastern part. The 
findings serve as benchmark in providing in-depth understanding of rainfall variation in UER for water resource manag-
ers, agriculturalists and drought mitigation.
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1 Introduction

Climate change is an important factor in the African econ-
omy, and it indicates high spatial and temporal variabilities 
at different scales [34]. Despite the fact that atmospheric 
factors like temperature, relative humidity and pressure 
demonstrate variability in both area and height, precipi-
tation shows high variability in both space and time [3, 5, 
22, 42]. Despite high rainfall variations, rain-fed agricul-
ture-dependent countries in Africa, including Ghana, are 
unable to adapt new strategies [4]. In the last few decades, 
Ghana has been experiencing fluctuations in its rainfall. 

This has resulted in general decline in rainfall availability 
[32]. These fluctuations in rainfall at intraannual, interan-
nual and decadal periods make Ghana as one of the most 
climate variable region in the Sahelian region of Africa [2, 
19]. Rainfall in Ghana has shown intraoccasional, inter-
yearly and interdecadal variations throughout the years 
[7]. These affect agriculture which utilizes about 70% of the 
aggregate population and contributes 28% to the region’s 
gross domestic product (GDP) [7, 42].

Recent rainfall variations in the northern part of Ghana 
have led to a decrease in product yield, land degradation 
and migration as a means of mitigating the hardships 
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caused by the frequent erratic rainfall patterns [6, 20, 52]. 
The drought activities during the 1990s have also reduced 
water resources. With the goal of alleviating the impact of 
rainfall variability in northern Ghana, a number of small 
irrigation dams have been constructed for agriculture and 
domestic use. Understanding spatiotemporal patterns of 
rainfall provides insight into rainfall management, dam 
management, planning for farming, etc. [8, 25, 33, 38]. 
Various studies on rainfall patterns in West Africa report a 
decreasing trend in the 1970s and 1980s and an increasing 
trend in rainfall during the 1990s indicating drought recov-
ery period [1, 7, 22, 23, 26, 40, 42, 46]. The drought recovery 
period can be attributed to the transformation of farming 
system in the region from extensive unproductive farms 
to intensive mechanized and organic fertilizer farms [13, 
14]. The objective of this study is to determine the spatial 
and temporal variability of rainfall in UER. Andam-Akrorful 
et al. [3] studies on fresh water availability revealed that 
rainfall in West Africa is undergoing interdecadal variability 
with decreasing trend since the year 2000. Since all the 
West Africa countries are rain-fed agricultural economies, 
the variability of rainfall is very vital. The variability deter-
mines the success or failure of agriculture activities and 
water availability on regional and local basis and hence 
needs to attach a great concern. Therefore, there is a need 
to determine the spatial and temporal dimensions of rain-
fall variation in the UER. There is also the need to deter-
mine the progressions occurring in rainfall time pattern. 
This will promote sustainable management decisions.

2  Materials and methods

2.1  Study area

UER is located in the northeastern part of Ghana (Fig. 1). 
It lies between latitude 10° 20′ N and 11° 12′ N and longi-
tude 0° 03′ E and 1° 25′ W. It has a total ground surface of 
approximately 8842 km2, representing 2.7% of the total 
ground cover of Ghana [16]. The region is bounded to the 
north by Burkina Faso, east by Togo, west by UER and south 
by Northern Region. The climate of the UER is dry subhu-
mid with average daily temperatures of 38 °C. The region 
experiences a unimodal rainfall regime, beginning in April/
May through August and ends in October. The topogra-
phy is dominated by relatively undulating plains, and 
gentle slopes ranging from 1 to 5% gradient with some 
few rock out crops and some highlands slope [16], and 
the vegetation is Sudan Savannah type with short grasses 
and wide-scattered shrub [52]. The region is drained by 
the Red Volta, White Volta and Sissili Rivers. Dam reservoirs 
have been constructed on the rivers for irrigating farms 
and domestic use during the dry season [28]. The region 
is characterized by climatic variations due to low rainfall 
activity, high temperatures, land degradation, deforesta-
tion and overgrazing. The main economic activity of the 
indigenous people is agriculture which employs about 
80% of the total population in the UER [16]. The remain-
ing 20% are involved in trading and crafts work like smock 
weaving, pottery and basketry [16].

Fig. 1  Study area and rain 
gauge stations
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2.2  Data description

CHIRPS data are a new precipitation estimate product 
designed purposefully to monitor global drought activi-
ties. What makes CHIRPS unique from other datasets is 
its high spatial resolution and long span [27, 43]. CHIRPS 
adopts quasi-global infrared observations from the TRMM 
geostationary satellite, atmospheric rainfall model fore-
cast systems from the National Oceanic and Atmospheric 
Administration and incorporates gauge station data from 
different parts of the globe to create a high spatial reso-
lution of 0.05° and a temporary resolution at a timescale 
almost in real time and monthly. Since its inception, vari-
ous studies have been conducted to assess its accuracy 
and it has been applied in various hydrological models. 
For example, Le and Pricope [27] used CHIRPS to assess the 
accuracy of runoff and streamflow in Kenya. Paredes-Trejo 
et al. [41] validated CHIRPS over Northern Brazil. Retalis 
et al. [43] resampled CHIRPS to 1 km by 1 km resolution 
and evaluated it with gauge data in Cyprus. In all these 
studies, CHIRPS data exhibited outstanding performance 
and results making it an effective tool to be employed in 
this study. In addition, rainfall data from local gauge sta-
tions from Ghana Meteorological Agency were employed.

2.3  Methods

MK test and Sen’s slope were used to determine trends in 
rainfall time series at 90% and 95% confidence interval. 
CRA was used to identify changes in rainfall. The WT was 
used to analyze the periodicity in rainfall time series. Thus, 
the Morlet mother wavelet was adopted since it reveals 
balance between time and frequency localization, inte-
grate a wave at certain period, determine time-dependent 
amplitude and frequency shift phase [53]. This is appropri-
ate in dissecting the changes in climate time series [29, 45, 
48, 53]. PCA was used to determine the space and time 
trend in rainfall based on region of interest.

2.3.1  Changes detect in rainfall time series

The changes in rainfall time series were determined by 
using points selected uniformly distributed over UER. 
These points were used as virtual gauge stations to detect 
changes in the region’s rainfall time series. A point was 
selected in each district. A total of 13 points were iden-
tified for the thirteen districts in the UER from 1981 to 
2016. CRA detected changes in rainfall time series. The 
CRA method was implemented by finding the mean rain-
fall from 1981 to 2016 and subtracting the result from the 
annual rainfall to obtain the residuals.

2.3.2  Mann–Kendall trend test

MK is a statistical method for testing trends in time 
arrangement [9]. It is nonparametric and, therefore, does 
not make any assumption in the time series. It has been 
recommended by the World Meteorological Organiza-
tion (WMO) as a method for detecting trend in nonsta-
tionary climatic variables [29, 35]. MK tests for the null 
hypothesis  (H0) indicate the absence of trend against the 
alternative hypothesis (H1) that indicates the presence 
of trend in a time series at a given confidence level. For 
a given time series (x) with length (N), the test statistic 
(a way of comparing  Ho and H1) is given in Eq. 1 [9, 12]:

where j > 1 if N > 8 then the time series is assumed to be 
normally distributed with a zero mean [9] the variance (V) 
is computed from Eq. 2 as follows:

where GG = number of groups and ti = length of GGth 
group.

The test statistic (t) is standardized, and the signifi-
cance is also estimated by Eq. 3 as follows:

H0 is accepted if |Z| ≤ Z1 −
�∕2 , otherwise H1is accepted 

at α significant level.

2.3.3  Sen’s slope estimator (Q)

Sen’s slope estimator (Q) is used to determine the extent 
of trend in a time series. A negative Q implies a decreas-
ing trend and vice versa. For a given time series (x) of 
length N, where xi and xj are observation or measured 
values at ith and jth timescale, Q is computed as shown 
in Eq. 4 [12, 39, 47]:

where i = 1, 2, 3.......N

(1)Test statistic (t) =

N−1∑
i=1

N∑
j=i+1

sgn(xj − xi)

(2)V = N(N − 1)(2N + 5) −

GG∑
y=1

ti(y − 1)(2y + 2)y

/
18

(3)z =

⎧
⎪⎪⎪⎨⎪⎪⎪⎩

t − 1√
V

→ t > 0

0 → t = 0

t + 1√
V

→ t < 0

⎫⎪⎪⎪⎬⎪⎪⎪⎭

(4)Qi = xi − xj
/
i − j
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The Q value is computed N times and rearranged in 
increasing manner. If N is odd, then the median of Q is 
computed using Eq. 5 but if N is even the median Q is 
computed using Eq. 6.

2.3.4  Principal component analysis

PCA is a multivariate technique for data analysis. PCA 
reduces or decomposes multifaceted data into small vari-
ables which still contain the original data or information. 
PCA rotates the multifaceted data into a new dimension 
coordinate system which are orthogonal eigenvectors of 
the old dimension and contain a maximum variance [18, 
53]. PCA focuses on variances in data analysis. It decom-
poses an observed intercorrelated variable into new 
smaller linear uncorrelated variables or modes that explain 
the variation in the time series. The modes are arranged 
according to the percentage of explained variation in a 
descending order. For a spatiotemporal time series, the 
spatial patterns are described by the eigenvectors, referred 
to as empirical orthogonal functions (EOF) in this study. 
The eigenvalues or principal component (PC) describe the 
variances in the time domain. The number of simplified 
components ideal for determining the variation ought to 
be more than 70% [18, 50, 53]. Details on implementing 
PCA can be found in many studies, e.g., [17, 18, 25, 31, 34, 
36, 51].

3  Results and discussion

3.1  Rainfall modulation in UER

The mean yearly spatial collection of rainfall pixels esti-
mated over the districts in UER is displayed in Fig. 2. This 

(5)Qmed = Q[N + 1]∕2

(6)Qmed = Q
[
QN∕2 + QN+2∕2

]
∕2

demonstrates the overall amplitude adjustment of rainfall 
in the districts from 1981 to 2016. The least and highest 
annual rainfall is 750.7 mm and 1129.8 mm, respectively, 
occurring in 1983 and 2003. The standard deviation of 
annual rainfall in the area is 105.6 mm. Rainfall in UER 
showed diverse fluctuation patterns. However, 1983–1984, 
1990, 2002 and 2013 revealed low rainfall years. From 1981 
to 1988, rainfall in UER remained low ranging from 750 to 
980 mm. However, the pattern changed in 1989 when the 
recorded annual rainfall is 1,100 mm. It is worth noting 
that the relatively dry years of 1983, 1990, 2002 and 2003 
coincided with El Nino events which is in agreement with 
Nicholson et al. [37] and Baidu et al. [7]. Years 1989, 1991, 
1994 and 1999 showed relatively wet conditions.

The spatial trend of mean annual rainfall from 1981 
to 2016 is shown in Fig. 3. Throughout the 36 years, the 
most maximum rainfall occurred at the middle part of UER 
with a mean annual rainfall of 1000–1050 mm. The low-
est rainfall occurred in the northeastern part of the UER 
with a mean annual rainfall of 850–900 mm. The spatial 
distribution of monthly rainfall is from north to south with 
decreasing gradient in rainfall quantity. The middle and 
areas lying close to the northwest of the region have the 
highest rainfall.

The interannual rainfall regime is presented in Fig. 4. 
Throughout the study period, months January, February, 

Fig. 2  Annual rainfall trends 
in the Upper East Region from 
1981 to 2016

Fig. 3  Spatial distribution of mean annual rainfall in Upper East 
Region from 1981 to 2016
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March, November and December were noted to be dry 
periods with little or no rainfall. The onset of the raining 
season is in April, peaks in August and ends at the begin-
ning of October.

The monthly rainfall contribution is summarized in 
Table 1. August contributed 26.9% of the total annual 
rainfall during the 36-year period, and it is ranked first. In 
August, the maximum and minimum rainfall is 412.0 mm 
and 152.4 mm, respectively. Months July and September 
are the second and third highest contributors of rainfall, 
contributing 18.5% and 18.2% to the total annual rainfall, 
respectively. Months July, August and September contrib-
uted 63.6% of the total annual rainfall. These 3 months 
are important raining months for farmers within the UER. 
Months January, February and December ranked twelfth, 
eleventh and tenth, contributing 0.1%, 0.2% and 0.2%, 
respectively. The maximum and minimum rainfall recorded 
in these 2 months is 6.3 mm and 0.6 mm, respectively, and 
these are unfavorable for plant growth and maturity [24, 
30]. Months March, April, May, June and October contrib-
uted to 1.3, 4.9, 9.7, 14.0 and 5.6%, respectively.

3.2  Change detection in rainfall time series

The CRA method was implemented by finding the mean 
rainfall from 1981 to 2016 and subtracting the result from 
the annual rainfall to obtain the residuals. The annual 
residuals were cumulatively summed across the 36-year 
period to identify years with excess or low rainfall (Fig. 5). 
The results of the CRA for the thirteen virtual stations are 
depicted in Fig. 5. All the points showed the same trend. 
All the points had summations of the rainfall beneath 
the average from 1981 to 2011, except from Builsa South 
located in the southwestern part of UER where rainfall 

Fig. 4  Mean monthly rainfall from 1981 to 2016

Table 1  Contribution of monthly rainfall in the Upper East Region 
from 1981 to 2016

Months Mean (mm) % Contribu-
tion

Ranks Min (mm) Max (mm)

Jan 0.6 0.1 12 0.6 0.7
Feb 2.1 0.2 11 1.5 4.3
Mar 12.5 1.3 8 3.9 28.7
Apr 46.7 4.9 7 14.2 95.8
May 92.0 9.7 5 51.0 190.8
Jun 132.6 14.0 4 69.8 218.8
Jul 174.9 18.5 2 101.9 246.5
Aug 255.0 26.9 1 152.4 412.0
Sep 171.9 18.2 3 100.7 256.6
Oct 53.2 5.6 6 5.1 123.5
Nov 3.2 0.3 9 1.7 11.3
Dec 2.3 0.2 10 1.9 6.3

Fig. 5  Cumulative residuals plot of 13 points extracted from each district
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crossed the average value in 1993. There was a consist-
ent increase in rainfall despite the fact that it is beneath 
the average from 1984 to 2011. The total residual plot 
from Fig. 5 demonstrates the high and low changes that 
occurred within the 36-year period. Four major changes 
occurred in 1984, 1999, 2002 and 2013. The changes in 
1984 were due to the sharp drop in rainfall between 1981 
and 1983. The noticeable difference in 1999 was due to 
reduction in rainfall until 2002 after which there was an 
increase in rainfall up till 2013. In 2013, there was a sharp 
decline in rainfall up till 2015. Besides these significant 
changes, there were various minor differences in rainfall 
that occurred in the UER. As the sizes of the districts are 
small, the modulation of the plot is normal. This is because 
rainfall changes irrelevantly over such territories. The inter-
mittent low peak and high trough indicates severe dry sea-
son in the UER.

The irregularity in the annual rainfall in August indi-
cated zones with rainfall over or below the estimated 
average. Month August is the peak rainfall season in 
the region toward the end of 2016. The rainfall disparity 
computed with the use of Eq. 7 is portrayed in Fig. 6. 

The outcome demonstrates that 1.04% of UER had posi-
tive values, and this implies that 98.96% of the rainfall 
around the mean rainfall has negative values. Negative 
values imply that rainfall is below the average value. This 
suggests that the UER is susceptible to dryness.

where i = year and n = 1, 2, …, 36.

3.3  Rainfall trend analysis

The results of MK test and Sen’s slope estimator are dis-
played in Fig. 7a, b. The MK test at 95% confidence inter-
val showed that 0.70% of the study area showed notice-
able trend, while 99.30% confidence interval showed no 
critical trends. This can be related to the low measure of 
month to month rainfall prompting little difference over 
a long period. At 90% confidence interval 27.34% of the 
UER showed noticeable trends. This acknowledges the 
acceptance of the alternative hypothesis (H1) that trend 
exists in rainfall time series. Conversely 72.66% of the 
aggregate surface area shows no critical trend, hence 
the rejection of H1. The MK plot showed that majority 
of the critical trends are situated in the eastern parts 
of the UER with few dispersed pixels lying close to the 
west signifying critical trends (Fig. 7a). The Sen’s slope 
in Fig. 7b shows that 55.71% of the UER has decreasing 
trend, while 44.29% has increasing trend. The decreasing 
trends are located at the northeastern part and advanc-
ing toward the middle parts. The western parts showed 
increasing trends. The southeastern parts showed few 
increasing trends in rainfall.

(7)Rainanomalyi
=

(Raini −mean(Rainn))

mean(Rainn)
× 100

Fig. 6  August rainfall anomaly at the end of 2016

Fig. 7  a Mann-Kendal (H) test and b Sen’s slope (Q) estimator at 95% confidence interval
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3.3.1  Trends in seasonal rainfall

Trends in rainfall from months May through to Septem-
ber contributed to the total annual rainfall from 1981 
to 2016. Trends were assessed using MK test and Sen’s 
slope estimator at 95% confidence interval. In May Fig. 8a 
shows that 94.81% and 5.19% of UER showed decreasing 
and increasing rainfall, respectively. In June, 97.58% and 
2.42% of the UER showed negative and positive trends, 
respectively. The major part of UER that showed positive 

rainfall trends occurred in July, August and September 
at 97.58, 94.81 and 96.54%, respectively. The rest of UER 
showed negative trends in the same months at 2.42, 5.19 
and 3.46%, respectively. The maps in Fig. 8b, d, f, h, j are 
critical to accepting or rejecting the null hypothesis. The 
areas in black indicate the rejection of  H0 and acceptance 
 H1 which implies the presence of trends in the time series. 
The white portions indicate an acceptance of  H0 that there 
are no patterns in the time series at 95% confidence inter-
val (α = 0.05). Months May, June and July which are the 

Fig. 8  a Sen’s slope for May; b Mann–Kendall trend test for May; 
c Sen’s slope for June; d Mann–Kendall trend test for June; e Sen’s 
slope for July; f Mann–Kendall trend test for July; g Sen’s slope for 
August; h Mann–Kendall trend test for August; i Sen’s slope for Sep-

tember; j Mann–Kendall trend test for September. Nonsignificant 
and significance pixels with H coefficient equal zero and one are 
shown in black and white, respectively
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initial months of the raining season are critical to farm-
ers since these are the periods for land preparation and 
planting [52]. A reduction in rainfall, coupled with harsh 
climatic condition, during these months implies that 
planted seeds will not have enough rainfall for growth. 
Research has demonstrated that plants require water at 
various phases of development. A solid positive correla-
tion between rainfall and vegetation has been obtained 
at different stages, right from germination to the repro-
duction stage [21, 26]. A decrease in rainfall or water defi-
ciency during the development phase will impede cell 
division and amplification of the plant inducing lessened 
yield. In the event where agriculturists shift the planting 
time frame, the cultivating time will be reduced and less 
water will be accessible during the developing phases of 
farm produce. This is evidenced by the sharp decrease in 
rainfall in October from peak rains in August. The results 
are similar to those obtained by Yiran et al. [6, 52]. Yiran 
et al. [6, 52] further documented on the complaints by 
farmers about the changes in the beginning of rainfall 
and the diminishing length of the rainy season, thereby 
affecting crop production.

3.4  Monthly rainfall variation using wavelet 
transform

The periodicity in rainfall variation was assessed using 
WT because rainfall data comprise of a succession of 

densities that can be viably taken care of by wavelets [11]. 
Aside the wavelet capacities in the time-recurrence area, 
it can identify different highlights in the time-series data 
like the scale, intensity and consistency of its trend. The 
wavelet variance plot can be used to evaluate multi-scale 
patterns. Additionally, WT application on time series has 
gained ubiquity recently due to its capacity to deteriorate 
unstable data into a defused time-recurrence scale [45, 
47]. The defused time-recurrence outline empowers the 
period of variation concentration to be detected instead 
of just its weight. It further allows acquisition of details on 
both sufficiency and how it shifts in time [45, 47, 48]. WT 
yields better results when a mother wavelet is chosen to 
decompose the original time series.

The month to month rainfall is shown in Fig. 9a–d. 
Figure  9a is the amplitude adjustment of month to 
month rainfall in the UER from 1981 to 2012. The most 
remarkable month to month rainfall occurred in 2008 
with a pinnacle estimation of 412 mm. The most mini-
mal month to month rainfall, 152 mm, occurred in 1983. 
Figure 9b shows the wavelet power spectrum (WPS) 
which portrays the compressed rainfall time series into 
its recurrence timescale to demonstrate the fluctuation 
or power concentration. Figure 9b depicts that the dif-
ference in the power concentration is around a 1-year 
time span, implying that rainfall variability in the UER 
is critical every year. There are high power concentra-
tions, the zones in red, in 1987–1990, 1993–1996 and 

Fig. 9  a Monthly rainfall pat-
tern in Upper East Region from 
1981 to 2016; b wavelet power 
spectrum (WPS) which indi-
cates the variance of the power 
concentration in the time 
series; c global wavelet power 
spectrum (GWPS); and d yearly 
scale-average time series
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2006–2011. These coincide with the wet periods in 
the UER. The black U-shape in Fig.  9a is the cone of 
impact where the fluctuation is lessened by cushion-
ing the time series with zero toward the start and finish 
monthly rainfall. This decreases any errors present when 
the length of the time series is limited [45].

Figure 9c represents the global wavelet power spec-
trum (GWPS) and estimates the true power spectrum. 
GWPS describes the variability in a period arrange-
ment [18, 45]. The red dash line shows the 95% con-
fidence interval. In Fig. 9c, almost all the data points 
lie above the 95% confidence interval line and revolves 
around the 1-year time frame. This GWPS shows that 
the changeability in the rainfall time arrangement in 
the UER is yearly. Figure 9d is the average of the vari-
ance around the annual cycle period in the WPS. The 
average of the variance indicates how the variance in 
the power concentration around annual cycle period 
is varying with time. The varying power concentration 
shows how rainfall modulates around dry and wet peri-
ods in the UER. From Fig. 9d, a number of dry periods 
with decreasing variance can be noticed: 1989–1991, 
1994–1998, 1999–2002 and 2013–2015. These coincide 
with the CRA findings in Fig. 5. The power of the vari-
ance also shows a number of wet periods with increas-
ing variance: 1984–1988, 1992–1994, 2003 and 2004.

3.5  Spatial dynamics of rainfall

The spatial variation in rainfall was broken down using 
PCA to determine changeability in the monthly rainfall. 
The PCA spatial variation of rainfall from 1981 to 2016 is 
shown in Fig. 10. The 5 PCs provided a total of 75.82% vari-
ation in UER, and this is higher than the ideal threshold of 
70% obtained by Huang et al. [18]. The PCs were rotated 
using varimax method to improve and maximize the cor-
relation and to create regions between variables and the 
components [18]. The varimax rotation method is a com-
mon orthogonal procedure of rotating multivariate data-
set due to its ability to reduce the complex spatial patterns 
by separating regions with similar temporal variability [54].

From Fig. 10a, the first PC mode (PC-1) explains the 
maximum variability of 33.74% in comparison with the 
location with the most reduced month to month rainfall 
(Fig. 3). This is located at the northeastern part of UER. 
This area also shows significant decrease in monthly rain-
fall (Fig. 7). The second PC (PC-2) showed that 18.12% of 
the variation is most elevated at the eastern part of the 
study area. This subregion corresponds to places with low 
to medium monthly mean rainfall (Fig. 3), ranging from 75 
to 80 mm. The third PC (PC-3) showed that 13.14% rainfall 
variation is highest around the northwestern part of the 
study area, and this corresponds to the region with highest 
monthly rainfall (above 85 mm) distribution. The fourth PC 

Fig. 10  Spatial distribution of five PC modes (‘loading’) of explaining variation in Upper East Region. The explain variations are represented 
below in percentage
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(PC-4) and fifth PC (PC-5) showed the least variation in the 
study area of 6.41% and 4.41%, respectively. The highest 
variations in PC-4 and PC-5 are located in the northeastern 
and western parts, respectively. These areas have low rain-
fall distribution. PC-5 corresponds to areas with increasing 
trend in monthly rainfall (Fig. 7).

The eigenvalues of each PCs known as PC score (r) 
measure the commitment of every month to month rain-
fall change to the total variance in rainfall time pattern 
and can also be interpreted as the temporal dynamics of 
each PC (Fig. 11). PC-1 and PC-3 scored positive correlation 
coefficients with r1 = 0.15 and r3 = 0.77 using three-month 
moving average of the monthly rainfall across UER. The 
rest of the PC score showed a negative correlation with 
r2 =  − 0.03, r4 =  − 0.14 and r5 =  − 0.07. PC-1, PC-2 and PC-3 
showed a positive correlation with 5-month moving aver-
age of monthly rainfall with r1 = 0.11, r2 = 0.05 and r3 = 0.75. 
The thirteen-month moving average estimate long-term 
trend in rainfall and positively correlated with PC-4 and 
PC-5 where r4 = 0.05, r5 = 0.10.

The findings indicate that PC-1, PC-2 and PC-3 represent 
the short-term (intraannual) variation in monthly rainfall 
in the UER throughout the 36-year period. PC-4 and PC-5 
indicate variation in rainfall at the interannual scale. It can 
be noted from the thirteen month moving average plot 
(red line in Fig. 11) that years in which all the plots indicate 
valleys or decrease in magnitude correspond to years with 
lower rainfall. This result agrees with the results from CRA 
and WT for 1983, 1984, 1985, 1990 and 2000.

4  Conclusion and recommendations

A time–space method was deployed to investigate the 
spatial and temporal characteristics of rainfall in UER, 
Ghana. A rainfall time series from 1981 to 2016 obtained 
from GMet has been used in this assessment. Results 
showed that August, July and September contributed 
26.9%, 18.5% and 18.3%, respectively, of the aggregate 
yearly rainfall in the study area. The lowest rainfall occurred 
in January (0.1%). It was observed that only 27.34% of the 
aggregate surface area demonstrated a critical pattern in 
rainfall at 95% confidence interval, while 44.29% showed 
an increase in rainfall. Within the same period, about 90% 
of the UER’s rainfall experienced diminishing monthly 
patterns in May and June. Months May, June, July, August 
and September contributed over 80% of the aggregate 
annual rainfall in UER. Results further revealed a significant 
decreasing trend in rainfall from 1981 to 1983 and from 
2013 to 2016.

The WT analysis indicates that the variation in rainfall 
is annually significant. The modulation of the average 
variance is around a one-year period, indicating how the 
variance around the 1-year varies with time. This corre-
sponds with wet and dry periods. The wet and dry period 
corresponds to the findings of CRA. That is, 1981–1984, 
1989–1991, 1994–1998, 1999–2002 and 2013–2015 were 
noted as dry years, while 1988, 1992–1994, 2003 and 2004 
were identified as wet years across the UER. These modu-
lations in the rainfall variance give an indication that UER 

Fig. 11  PC scores modulation of the five (5) principle components. The red line is the 13-month moving average
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is a drought-prone region. The spatial variation of rainfall 
revealed that the spatial trend in rainfall is diverse and can 
be partitioned into 5 subregions. Majority of the variation 
is concentrated at the northeastern parts of UER. Further 
analysis indicates that the first, second and third subre-
gions are positively correlated with 3-month and 5-month 
moving averages of rainfall. The fourth and fifth subre-
gions showed positive correlation with 13-month moving 
average. Results from 3-month, 5-month and 13-month 
rainfall moving averages indicate rainfall variation anoma-
lies with significant decreasing across the UER. This has 
negative impact on agriculture, water resource manage-
ment and food security in UER.

Furthermore, the long time span of assessing rain-
fall dynamics in terms of spatial and temporal variation 
provides an avenue for drought assessment, prediction 
of droughts and drought impact on land degradation in 
the UER. The outcome from this study provides a bench-
mark for effective and efficient management, planning 
and sustainable development for drought mitigation to 
improve agriculture and water resource management in 
the UER for the present generation and secure it for future 
generations.
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