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Abstract

Global, spatially interpolated climate datasets such as WorldClim and CHELSA, widely

used in research, are based on station data, which are rare in tropical mountains. However,

such biodiversity hotspots are of high ecological interest and require accurate data. There-

fore, the quality of such gridded datasets needs to be assessed. This poses a kind of

dilemma, as proving the reliability of these potentially weakly modelled data is usually not

possible due to the lack of stations. Using a unique climate dataset with 170 stations, mainly

from the montane and alpine zones of sixteen mountains in Tanzania including Kilimanjaro,

we show that the accuracy of such datasets is very poor. Not only is the maximum amount

of mean annual precipitation drastically underestimated (partly more than 50%), but also the

elevation of the precipitation maximum deviates up to 850m. Our results show that, at least

in tropical regions, they should be used with greater caution than before.

Introduction

Global, spatially interpolated climate data on grids are widely used in scientific research in var-

ious disciplines, including ecology, biodiversity, conservation and climate change [1,2]. Such

gridded datasets use global or continental networks of weather stations, e.g. GHCN-D [3] or

HSM-SIEREM [4] for their modelling approaches. There are several gridded climate reanalysis

datasets merging satellite and station data (e.g. CRU [5] or ERA5 [6]) with a rather coarse spa-

tial resolution between 0.25 and 1 degree (which corresponds to about 28 to 100 km in the

tropics). However, this resolution is much too coarse to capture orographic precipitation pat-

terns in complex terrain [7,8]. Furthermore, for many questions and applications in environ-

mental research and ecology, climate data with higher resolution is essential [2].

Databases such as WorldClim [9] (WC) provide free access to downscaled climate data

with a spatial resolution of 30 arc seconds; this corresponds to about 0.86 km2 at the equator

and is commonly referred to as "1-km" or "high" or "very high" resolution [2,7]. WC provides a

range of climate variables derived from weather station records and other sources, such as tem-

perature, precipitation, solar radiation, wind speed and humidity. WorldClim’s strengths

include its comprehensive coverage, ease of use and availability of different spatial resolutions.

CHELSA (Climatologies at High Resolution for the Earth’s Land Surface Area [10] (C) is
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another global climate database that focuses on providing such high-resolution climate data. It

uses a combination of downscaled reanalysis data and satellite data to produce spatially explicit

climate information.

Many studies published in high-impact journals, for example, have used WC data for their

analyses. These studies often address topics such as species distribution, climate change

impacts, ecosystem responses and environmental management strategies. In PLOS ONE, WC

has been used in 920 studies since 2007, in PNAS in 131 studies since 2009, in Science in 49

studies since 2010, and in Nature in 44 studies since 2015.

However, many tropical regions lack consistent observations of even the most basic meteo-

rological parameters such as temperature, humidity or precipitation. This holds particularly

true for areas of complex terrain, such as the region of Kilimanjaro, Tanzania. On the other

hand, it is exactly these regions that are of high ecological interest and value with regard to bio-

diversity and related ecosystem services, often termed ‘global biodiversity hot-spots’, where the

accuracy of such data is an indispensable requirement for any meaningful analysis. Relying on

results and conclusions based on above mentioned climate data sets modelled on a weak basis

could be risky. Therefore, the quality of these tools needs to be assessed. However, proving the

reliability of such data in remote tropical areas is mostly not possible due to the lack of stations,

which poses a kind of dilemma.

In this study, we aim to verify the accuracy of WC and C–the two most frequently used data

sets in biological research, with the highest available resolution—at 16 peaks on nine mountain

ranges in Tanzania, with focus on Kilimanjaro, the highest mountain in Africa and the highest

solitary mountain in the world using a unique climate dataset collected over the last 30 years

mainly in the ecoclimatically most important montane and alpine zones.

Weather stations, mainly for measuring precipitation, were already established in Tanzania

in colonial times [11,12], but almost exclusively in the populated areas below the forest belts.

Within the framework of several ecological projects of the German Research Foundation DFG,

we were able to establish a network of weather stations on Kilimanjaro, Meru, the North Pare,

the South Pare, West Usambara, East Usambara and Nguru (Figs 1 and 2) from 1996 onwards.

The extensive climate network on Kilimanjaro, which extends from 700 to 4600m (Fig 3), was

later partially integrated into the DFG research units KiLi (“Kilimanjaro under global change”)

and later Kili-SES (“The role of nature for human well-being in the Kilimanjaro Social-Ecologi-

cal System”), the latter project still ongoing. It includes 75 rainfall stations (Fig 3, S1 Table),

where we mainly measure temperature, humidity, partly also wind speed and fog and in addi-

tion 33 stations, where we only measure temperature and humidity. For this study we have also

included available data from the Tanzania Meteorological Agency, private companies and

church missions from elevations below 1700 m (Fig 3, S1 Table), thus extending our own 75

rainfall stations to 125. We established the 21 stations on the other mountains after 2010 and

complemented them with 26 stations of other sources (S1 Table), ranging from 120 to 2450m.

Precipitation is one of the most fundamental meteorological elements and a highly dynamic

one that changes its intensity, frequency and duration under the influence of topographic

parameters such as elevation, vegetation and land use and is therefore more difficult to predict

than temperature [13]. Therefore, and since the available dataset on precipitation is more exten-

sive than that on other parameters, we here focus on mean annual precipitation (MAP).

Materials and methods

Study sites

The mountains studied lie on a transect that extends 350 km inland from the Tanzanian coast.

Fourteen of the sixteen peaks studied belong to the Eastern Arc, a chain of ancient crystalline
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Fig 1. Location of used weather stations on Tanzanian mountains. Blue dots: Stations of various sources, red dots: Own stations. Map source:

OpenStreetMap.

https://doi.org/10.1371/journal.pone.0299363.g001
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mountains in south-eastern Kenya and eastern Tanzania: two peaks are part of the North Pare

(2200 m), three peaks belong to the South Pare (2450 m). The other seven peaks of the Eastern

Arc are on West Usambara (2200 m), East Usambara (1400 m) and Nguru (2400 m). The

other two mountains are huge volcanoes: Meru, at around 4600m the second highest moun-

tain in Tanzania, and Kilimanjaro at 5900 the highest mountain in Africa (Figs 1 and 2, S1

Table).

Along its huge elevational gradient, Kilimanjaro covers several important natural ecosys-

tems of tropical Africa, from lowland savannah to montane forest belts and alpine ecosystems

(Fig 2). The natural habitats below 1800 m are greatly reduced due to agriculture and fodder

production, and these areas are more or less densely populated [15]. For a detailed description

of the most important vegetation habitats at Kilimanjaro, see [16,17]. The situation on Meru is

similar, while the other mountains do not reach into the alpine climate zone. Only the highest

peaks of the Eastern Arc Mountains are still covered by montane forest remnants, while the

Fig 2. The studied Tanzanian mountain ranges. (A) Meru. (B) North Pare with Kindoroko in the background. (C) Kilimanajaro. (D) Vumari in South Pare.

(E) South Pare with Shengena in the background. (F) Mwala in South Pare. (G) Nilo ind east Usambara. (H) Nguru. (I) West Usambara. (J) Makunguru in

Nguru. (K) Kanga in Nguru. Whereas Kilimanjaro and Meru reach into the alpine zones, only the highest peaks of the other mountains are covered by

remnants of montane (cloud) forest.

https://doi.org/10.1371/journal.pone.0299363.g002
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lower slopes are mostly cultivated and surrounded by agriculture or savannah vegetation at the

foothills.

The climate on Kilimanjaro, located 300 km south of the equator, is typically tropical-equa-

torial and depends on the elevation. The mean annual temperature decreases linearly from

24˚C in the savannah at 700 m a.s.l. to -7˚C at the summit, while annual precipitation has a

hump-shaped pattern, peaking at mid-altitudes in the montane forest belt. Due to wind expo-

sure from the Indian Ocean, the southern and eastern slopes are wetter than the northern and

western slopes [14,17]. This is similar on Meru, while on the other mountains, which are much

lower, MAP rises to the summit according to our measurements.

Fig 3. Location of used weather stations on Kilimanjaro. Blue dots: Stations of various sources, red dots: Own stations. Black line: Division of the northern

and southern slope following [14]. Green line: Demarcation of Kilimanjaro National Park. Reprinted from World Imagery Basemap (Esri, Maxar, Earthstar

Geographics, and the GIS User Community) under a CC BY license, with permission from Esri Deutschland GmbH, original copyright 2024.

https://doi.org/10.1371/journal.pone.0299363.g003
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Experimental design

Precipitation data were collected with cumulative gauges and in parallel with automatic single

tipping buckets connected to a data logger. In general, we used the data from the cumulative

gauges, as this type has proven to be more reliable and has fewer failures than the automatic

gauges. Although no objective quality correction could be applied, the use of accumulated

rainfall should generally minimize errors and data inhomogeneity [13]. In case of missing

data, the gaps were filled by data from the automatic gauges. Details of these stations (serial

number of each station (if available), name of the station, start and end dates of the precipita-

tion record) and elevation are given in S1 Table. On Kilimanjaro we have selected only stations

with at least 10 years of data (without counting gaps in records), with the exception of 15 of

our own stations in the montane and alpine zones with at least 5 years, where records are

sparse. On the other mountains, where we started our measurements after 2010, most own sta-

tions have at least 5 years of data. The period of records at the stations varied. In the lower

areas records started mainly in the middle of the last century, our own records (mainly in the

upper areas) started at the end of the last century (S1 Table). WC provides data from 1950–

2000, and C from 1979–2013 [10]. We have accepted these discrepancies in the recording peri-

ods in order to have a sufficiently large data set for such a comparison, and because precipita-

tion changes have been marginal at Kilimanjaro in recent decades [18].

For precipitation measurements, we used cumulative gauges consisting of a funnel, a pipe

and a canister, sealed with silicon, that are read manually about every three months. In addi-

tion, we measured precipitation with Pronamic single spoon tipping buckets at 0.2mm resolu-

tion connected to a Driesen & Kern DK311 ruggedPlus MultiLog Datalogger. On plots outside

the forest belt, these gauges are installed at least 50 cm above the canopy to prevent back-

splash. Inside the montane forest zone of Kilimanjaro, we placed the gauges in clearings (see

[13]).

Statistical analysis

Following the procedure of Ref. [2] we calculated the percent bias (pbias) that reflects the aver-

age tendency of the modelled precipitation values psim to be larger or smaller than their

observed values Pobs at the stations. The optimal value of pbias is 0, with low values indicating

accurate model simulation. Since we are only interested in overall bias disregarding over- or

underestimation, we use the absolute numbers. Pbias is defined as follows:

pbias ¼ 100∗
Pn

i¼0
jpsimi

� pobsi jPn
i¼0

pobsi

 !

Additionally, we also report the mean absolute error (mae) which is defined as:

mae ¼
1

n
ð
Xn

i¼0

jpsimi
� pobsi jÞ

Validation between observed and modelled rainfall data was performed with Pearson’s cor-

relation coefficient. Extraction of WC and C data was done with ArcMap 10.8.2

To validate the performance of WC and C, we compared it to our own data using the high-

est resolution of the WC and C data (30 arc seconds), which has a better performance than the

courser resolution of 0.25˚ gridded data [2]. For this, we calculated the mean absolute error

(mae) and the percentage bias (pbias). We performed this calculation separately for the dry

north slope and the wet south slope, which have different precipitation regimes. This separa-

tion of the ecoclimatic regions shown in Fig 3 was in accordance with [14].
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Results

Table 1 shows the calculated errors of the global climate data for all mountains studied. Perfor-

mance is quite poor with a mean absolute error of 421 mm for WC and 407 mm for C. How-

ever, the mean deviation of modelled and measured maximum MAP is drastic with 926 mm

for WC and 825 mm for C. Performance is generally better in the foothills than on the moun-

tain slopes.

Fig 4 and Table 2 show the results of these comparisons for Kilimanjaro, where most of the

data were available. On the southern slope, where most of the data come from (Fig 3), WC and

C perform quite well in the lower ranges up to about 1700 m (in the case of WC) and about

1300 m (in the case of C), with a mean absolute error of 125 mm and 202 mm.

Table 1. Metrics for a comparison between WorldClim (WC) and CHELSA (C) data and the measured data of mean annual precipitation (MAP) based on 170

ground stations.

Meru (n = 4) Kili (n = 123) NP (n = 14) SP (n = 9) WU (n = 4) EU (n = 13) Ngu (n = 3) Foot (n = 15) Mount (n = 32)

mae WC (mm) 643 467 159 237 240 358 554 155 372

pbias WC (%) 36 28 17 24 18 21 34 17 25

Deviation of max MAP WC (mm) 1182 1949 475 574 503 942 854 1182

mae C (mm) 318 467 265 265 153 190 421 119 310

pbias C (%) 17 31 24 25 13 11 23 14 22

Deviation of max MAP C (mm) 720 1811 658 680 374 777 757 777

mae = mean absolute error, pbias = percentage bias, Kili = Kilimanjaro, NP = North Pare, SP = South Pare, WU = West Usambara, EU = East Usambara, Ngu = Nguru,

Foot = Foothills without Kilimanjaro, Mount = Mountain areas without Kilimanjaro. As the maximum MAP only occurs in the higher mountain areas, no value is given

for the foothills.

https://doi.org/10.1371/journal.pone.0299363.t001

Fig 4. Comparison of measured MAP (red dots) and modelled values of WC and C (blue dots) for the southern

and northern slope of Kilimanjaro separately.

https://doi.org/10.1371/journal.pone.0299363.g004
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Further up, however, the agreement between measured and modelled data becomes very

poor. C shows at least a moderate correlation, but the mean absolute error is with 702 mm

very high. The correlation of C is even negative, showing an opposite trend of precipitation

amount with altitude compared to the measured data (r = - 0.54) and an absolute error of 859

mm. This poor performance is also reflected in the amount and elevation of the maximum val-

ues: the maximum measured MAP was 3299 mm at 1920 m a.s.l., the maximum modelled

MAP of WC was 1893 mm at 1400 m a.s.l. and of C 1508 mm at 2770 m a.s.l.

On the northern slope, the correlation was better; however, the maximum of measured

MAP was 1582 mm at 2010 m a.s.l., while the maximum of modelled MAP of WC was 1313

mm at 3200 m a.s.l. and was 1242 mm at 2360 m a.s.l. in case of C (Table 1).

Discussion

Both databases perform quite well in low-lying areas where a comparatively dense network of

weather stations already existed. However, within the ecologically most important vegetation

zones (in terms of biodiversity and ecosystem services, especially rainwater input), perfor-

mance is poor and drastic discrepancies exist. Not only is the maximum MAP severely under-

estimated (e.g. on the southern slope of Kilimanjaro by about 50% by both models), but the

rainfall trends were also completely unrealistic with deviations in the elevation of the rainfall

maximum by up to 850 elevation metres. Comparing WC and C, C performs slightly better in

most cases. But also the deviations of C are partly drastic, e.g. the mean absolute error of 700

mm along the higher part of the southern slope of Kilimanjaro and the difference between

measured and modelled maximum MAP of 1791 mm.

Obviously, there is a slight trend towards greater deviations with increasing height (and

thus area) of the mountains studied, which could be related to interpolation errors due to the

larger area without station data.

Lower correlation with observed precipitation over complex (tropical) mountainous

regions was already found by [7] for CW and by [19] for satellite-based precipitation estimates

in two areas in Tanzania. [2] also found the lowest performance of downscaled grid-based

rainfall data in the tropics, attributing this to the poor quality of the station data. Although

Table 2. Metrics for a comparison between WorldClim (WC) and CHELSA (C) data and the measured data of mean annual precipitation (MAP) based on 125

ground stations on Kilimanjaro.

Lower southern slope Higher southern slope Northern slope

mae WC (mm) 125 855 243

pbias WC (%) 12 46 26

mae C (mm) 202 693 210

pbias C (%) 25 35 26

Pearson’s r WC 0.94*** -0.56*** 0.64*
Pearson’s r C 0.81*** 0.62*** 0.85**
max. MAP measured (mm) - 3.299 1582

max. MAP WC (mm) - 1.893 1313

max. MAP C (mm) - 1.508 1242

Elevation max. MAP (m a.s.l.) - 1920 2010

Elevation max. MAP WC (m a.s.l.) - 1400 3200

Elevation max. MAP C (m a.s.l.) - 2770 2360

mae = mean absolute error, pbias = percentage bias, r = Pearson correlation coefficient, *** p<0.001, ** p<0.01, *p<0.05. As the maximum MAP only occurs in the

higher mountain areas, no value is given for the lower southern slope.

https://doi.org/10.1371/journal.pone.0299363.t002
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surface datasets are not necessarily the ’truth’ as many factors influence the true value (exploi-

tation of data, measurement equipment), inconsistencies or errors can be reduced through

careful selection of data and quality control [7]. For our data, we can therefore exclude this

explanation. Based on such data, more meaningful models can be built, as has been done for

Kilimanjaro for precipitation [17] (Hemp, 2006) and for precipitation, temperature and

humidity [13] with a much higher resolution.

The fact that the measured periods sometimes deviate considerably from the modelled data

is hardly significant: firstly, the longest records and the highest deviations in the measurement

periods occurred in the lowlands, where the models performed best, while at higher elevations,

with the much higher agreement in the recording periods, the deviation in the amount of pre-

cipitation values was greatest. Furthermore, precipitation changes have not been very pro-

nounced in recent decades [18].

The observed discrepancies are thus more related to the downscaling approach used, to the

lack of available data for the model and to the grid cell size of 1 km, which is much too large in

complex terrain. In the case of C, where data from a downscaled satellite-gauge reanalysis

(ERA5) is merged with further remote sensing data, possible sources of error are even more

difficult to detect.

One aspect that has not been addressed in this study is the impact of water input from fog.

On Kilimanjaro, this input is of less importance due to the weak and moderate wind speeds

[20] (Hemp, 2005b). In the Pare Mountains, however, this input is important. On Mwala, a

peak of the South Pare, for example, water input from fog can be more than twice the rainfall,

increasing the MAP from 740 mm to 2303 mm, creating cloud forest habitats with unique

Fig 5. Comparison of measured and modelled MAP maxima in relation to biodiversity patterns on the southern slope of Kilimanjaro. MAP data of WC

and C cannot explain biodiversity patterns (e.g. of pteridophytes, green curve, from [25] and vegetation zonation (right images; from bottom to top: Colline

savannah zone, submontane agroforestry zone, montane forest zone, subalpine and alpine zone) due to their incorrect rainfall maxima (blue zones).

https://doi.org/10.1371/journal.pone.0299363.g005
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vegetation [21,22], the existence of which could not be explained by rainfall data alone. Taking

this into account, the bias of the modelled data would have been greater.

We are only addressing the mean annual precipitation, the basic bioclimatic variable BIO12

[10]. However, we can assume that the other precipitation-related bioclimatic variables

BIO13-BIO19 modelled by WC and C have a similar deviation on Kilimanjaro and very likely

also on other tropical mountains.

Conclusions

In areas of the world with very good coverage by weather stations (e.g. North America,

Western Europe), the accuracy of the interpolated climate databases is correspondingly

high in most places. For all those parts of the world where there are no such stations, the

currently available data sets will continue to be used extensively despite their disadvantages.

The promising results in predicting extreme precipitation using a neural network [23]

could point the way to modelling grid-based precipitation data. Until this is possible, exist-

ing "high-resolution" databases in tropical regions must be used with caution and conclu-

sions must take into account the risk of error, which can be drastic, as shown on

Kilimanjaro. Tools such as WC and C must be treated as what they are, at least in the tropi-

cal mountains: possible models that deviate more or less from reality. If such reanalysis

products projecting into the past have such drawbacks, their failure in future projections is

likely to be even greater and would require more data for better results [24]. It is clear from

this study that the conclusions of our research on biodiversity patterns and ecosystem func-

tioning at Kilimanjaro [25,26] would have been significantly different if we had used global

climate datasets instead of our own measurements (Fig 5). However, to obtain comprehen-

sive data for the models, continuous long-term observations must be carried out, and this

depends on the availability of long-term funding [27].

Supporting information

S1 Table. Details of the stations used. TMA: Tanzania Meteorological Authority.

(PDF)
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