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Abstract

In this study, we generate baseline Virtual Weather Stations (VWS) in locations with
minimal atmospheric noise by avoiding two major surface factors known to cause
noise in remotely sensed weather observations. The study also proposes an
improvement to the spatial coverage of Zimbabwe's weather observation network
through the identification of environmentally suitable locations for virtual station
deployment, where physical infrastructure could also be placed. A geospatial multi-
criteria decision analysis approach was applied, using a weighted combination of
Terrain Ruggedness Index (TRI) and proximity to large-scale water bodies,
constrained by distance from existing physical weather stations, to determine optimal
locations. Sixty-three Virtual Weather Station locations were generated to complement
the existing network of 45 active physical weather stations. To maximise coverage and

reduce duplication of observations, the virtual stations were strategically located
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beyond the influence zones of existing stations. The average nearest-neighbour
distance of 59.68 km indicated a well-balanced and spatially efficient network. Network
representativeness was further assessed across Zimbabwe's Agro-Ecological Zones
(AEZs). The results showed that Regions IV and Va received the highest number of
virtual stations. Conversely, the existing physical weather station network was
concentrated within smaller AEZs, leaving larger regions relatively underrepresented.
Environmental validation demonstrated that the optimised network occupied
significantly less rugged terrain than a randomly generated control network. The VWS
locations recorded a mean Terrain Ruggedness Index of 10.23 m and a median of
9.33 m, compared to 53.79 m and 29.82 m for the random network. A Mann—-Whitney
U test confirmed that these differences were statistically significant (U = 425.00, p <
0.001). Blind spot analysis further revealed that integrating the virtual network with
existing stations substantially reduced observational gaps across Zimbabwe,
demonstrating potential to improve weather monitoring in regions with sparse physical

monitoring infrastructure.
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Introduction

The accuracy and precision of weather forecasting and disaster risk management are
mostly rooted in the consistency and spatial density of meteorological observations
(1). High-quality, real-time data are the informants of a nation's climate monitoring
system. In the current era of high climate unpredictability, the ability to monitor
microclimates has moved from a scientific luxury to a necessity for water resource
management and the population's food security. While this importance is evident, a
wide data gap exists across much of the developing world (2). In Zimbabwe, the
physical network of 45 weather stations is sparse or concentrated in specific places,
leaving large parts of the country, particularly remote areas, unmonitored. At the same
time, building a dense physical network is logistically and financially impossible, as the
stations can be vandalised in remote areas while also being expensive (3). This

reliance on a fragmented network creates significant challenges for providing localised



climate advisories, as the gaps between physical stations often cover diverse

ecological zones.

According to the World Meteorological Organization (WMO), for flat regions, there
should be a weather station every 600-900 km?, and every 250-575 km? in complex
terrain (4), but Zimbabwe's station density falls far short of this benchmark, leaving
many areas unobserved. While satellite datasets provide complete spatial and
temporal coverage, their utility is diminished by errors arising from atmospheric
interference when recording various elements. To overcome atmospheric interference,
different bias correction schemes are used to remove the errors associated with
remote sensing, using in-situ data from physical instruments (5) and (6) highlighted
that the use of bias correction can improve the representativeness of satellite data by
roughly 30%. However, not all grids within satellite imagery are equally biased, as they
are influenced by different environmental factors. As a result, a method is needed to
identify pixels or areas where errors are minimal, that is, where the environment offers
a clearer atmospheric window for electromagnetic radiation to propagate freely

between the target and the space-borne sensors.

To bridge the station density gap and identify pixels subjected to minimal
environmental interference, the concept of a Virtual Weather Station (VWS) is
introduced. A VWS has traditionally been employed as a computational alternative to
physical infrastructure. In its most basic form, a virtual station is a point with synthetic
data generated through the interpolation of variables from the sensors at surrounding
physical stations (7). However, traditional VWS models often suffer from interpolation
bias, where a virtual point inherits the anomalies of the nearest physical station from
which its data was interpolated (8). For example, the cooling effect of a large lake, or

barometric pressure spikes caused by high altitude.

Considering these limitations, this paper provides a non-traditional definition of Virtual
Weather Stations (VWS). Distance-based algorithms like Kriging usually fail in
hydrologically and topographically complex environments, where interpolation
introduces bias (9). Instead of treating virtual stations as simple arithmetic gap-fillers
generated from such spatial interpolation, this study defines them as baseline virtual
stations, whose placement is optimised using a Multi-Criteria Decision Analysis
(MCDA) to identify environmentally stable locations. By integrating geospatial
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constraints and masking the influence of large-scale water bodies and topographic
ruggedness, the algorithm selects radiometrically and geographically stable pixels.
Avoiding these zones is critical, as hydrological and topographic phenomena severely
alter remotely sensed signals (10). Ultimately, this study also validates the VWS
network for environmental and spatial efficiency, providing a scalable, cost-effective
framework for optimising national meteorological observation networks in support of

Zimbabwe's developmental and climate resilience goals.
Materials and methods

Study area

Fig 1 shows the study area, Zimbabwe, a landlocked country located in Southern
Africa between northings 15°-23° and eastings 25°-34°. Zimbabwe is made up of ten
administrative provinces and seven Agro-Ecological Zones (AEZs), covering a total
land area of approximately 390,757 km? (11). Zimbabwe's elevation ranges from a
minimum of 162 m above sea level in the low-lying Zambezi and Save valleys to a
maximum of 2,500 m in the eastern highlands. This topographic gradient influences
temperature patterns and national rainfall distribution, especially in mountainous
regions where satellite rainfall retrieval uncertainty is often high (12). Major inland
water bodies include Lakes Kariba and Chivero, and dams such as Manyame and
Mutirikwi. These water bodies influence local atmospheric moisture conditions and
may introduce artefacts in remotely sensed precipitation products due to mixed water
and land pixel effects (13). The country's weather is monitored by a network of 45

weather stations distributed across the country. Relative to Zimbabwe's total land area,



this corresponds to an average station density of approximately one station per 8,314

km?.
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Fig 1. Location of the study area, showing Zimbabwe's ten provinces, manned weather
stations (red dots) and elevation

Datasets

Four datasets were used to generate the VWS. These datasets provided the criteria
and constraints required for optimised VWS placement. Coordinates for 45 weather
stations were obtained from the Meteorological Services Department of Zimbabwe
(14). The station coordinates were used as spatial reference points for generating the
virtual stations. The Digital Elevation Model (DEM) was obtained from
OpenTopography (15). The DEM was used to derive Zimbabwe's terrain
characteristics, which were incorporated into the MCDA to identify geographically
stable regions with low terrain-induced satellite retrieval bias. Water body polygons
were acquired from OpenStreetMap Waterways (16), and their boundaries were used

to create exclusion buffers, as mixed land—water pixels can introduce satellite data
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retrieval bias. Zimbabwe's Agro-Ecological Zones (AEZs) (17) were additionally
incorporated to ensure that the generated VWS network captured the major climatic

gradients across the country.

Generation of the virtual stations

MCDA was implemented to identify geographically stable VWS locations suitable for
satellite rainfall extraction in Zimbabwe. All input datasets were standardised by
reprojection to a common coordinate reference system and resampled to a uniform
spatial resolution. Two environmental criteria were used: proximity to water bodies and
terrain ruggedness. These criteria were further constrained by proximity to existing

physical weather stations.
Terrain ruggedness index

The DEM was used to calculate the Terrain Ruggedness Index (TRI) (18). This index
quantifies local terrain variability based on the altitude differences between
neighbouring pixels. Low-ruggedness zones were considered more suitable for VWS
placement, as smoother terrain reduces localised weather variability. TRI was

calculated as:

TRI = \/Zin=1(xi' Xcentre)? (1)

where: Xcentre is the elevation of the central pixel and xi is the elevation of neighbouring
pixels. The TRI was then normalised to transform the values into a common scale

between 0 and 1. The normalisation was done as:

_ TRI-TRIpn
TRInorm = TRIpgx—TRIm; (2)
max min

where: TR is the original terrain ruggedness value, TRImin is minimum TRI value and

TRImax is the maximum TRI value.
Proximity to water bodies and physical stations

This criterion was used because abrupt emissivity transitions near water bodies can

cause radiometric errors in remotely sensed precipitation datasets (19). Euclidean



distance from water bodies was calculated, and areas farther from water bodies were
assigned higher suitability scores. To maintain climatological representativeness
between the national grid and the VWS, distance from existing physical weather
stations was also considered. Euclidean distance to the 45 operational weather
stations was determined, and areas located within 30 km of the PWS were given
higher suitability scores to ensure they were representative of existing climatological

monitoring conditions while avoiding clustering.

Weighting structure and framework validation

Using the Analytical Hierarchy Process (AHP) (20), the weighting structure assigned
greater importance to terrain stability and water body distance, as these have the
strongest influence on satellite rainfall retrieval stability. The secondary constraint was
proximity to PWS, to enhance the representativeness of the VWS. The final suitability
surface was ranked according to suitability, and the virtual station locations were
generated at the most stable locations, for subsequent rainfall extraction and validation
analyses. Terrain ruggedness and distance to water bodies were assigned 75 and 25

as the percentage weights respectively.
Macro scale network proportionality and micro scale dispersion

A proportionality test was conducted to ensure the generated VWS network did not
skew observational weight toward specific regions. To evaluate whether the frequency
of VWS was proportionate to the area of each agro-ecological zone, a Chi-Squared
Goodness of Fit test was used, ensuring the network was climatologically
representative. To verify that localised data redundancy was eliminated, the Average
Nearest Neighbour (ANN) distance between stations was determined. The minimum,
maximum, and average separation distances between stations were determined, with
the framework set to use a threshold of 50 km between neighbouring stations. This

ensured that no two stations possessed overlapping observational footprints.

Environmental constraint validation

To prove the efficacy of the MCDA, an independent control experiment was designed.

A random control group with a sample size equivalent to the generated VWS was



generated within the national boundary. Using both the optimised VWS and the
random points, TRI values were extracted from the corresponding locations. With the
aid of a one-tailed, non-parametric Mann—Whitney U test, the two sets of points were
compared to determine whether the VWS occupied significantly flatter, lower-noise

terrain profiles than the randomised points, at a = 0.05.

Observational blind spot analysis

The virtual stations were then checked for operational utility through a blind spot
analysis. A blind spot was defined as an area falling outside a 50 km radius of an
active physical or virtual station. The 50 km threshold was used as it aligned with WMO
guidelines for the spatial decorrelation scale of convective rainfall and regional
synoptic stations (21). The total unmonitored area with only physical stations, and after
the addition of VWS, was calculated to quantify the reduction in observational blind
spots achieved through the MCDA.

Results

The spatial distribution of the 45 physical weather stations and 63 generated VWS is
presented in Fig 2. Coordinates for the 45 physical stations and VWS are available in
S1 and S2, respectively. The map also shows the virtual network suitability surface,
which classified the study area based on suitability derived from the weighted
combination of Normalised Terrain Ruggedness Index and proximity to water bodies,
constrained by proximity to existing physical stations. The average distance to the
nearest VWS was 59.68 km, while the maximum and minimum distances were 50.03
km and 130.33 km, respectively. The central parts of Zimbabwe, Southern
Matabeleland North, and the southernmost parts had the highest virtual station
placement suitability, while the eastern and parts of the northern regions were mostly
unsuitable due to complex terrain. The results also show that the VWS were placed

away from existing weather stations, as indicated by the physical station buffers.
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Fig 2. Virtual station suitability surface overlaid with virtual and physical station
locations. Red buffer circles around physical stations indicate the distance from

physical stations constraint applied to virtual station placement

Virtual station network representativeness

Fig 3 shows the distribution of virtual and physical stations relative to the total land
area across Zimbabwe's AEZs. Regions IV and Va, which have the largest land area
(approaching 30% each), had the highest number of virtual stations, n=19 and n=20,
respectively. Regions |, lla, and Ilb had the lowest number of VWS, with n=0, n=1, and
n=2, respectively, corresponding to their smaller land area. In contrast, the spatial
distribution of physical stations was skewed toward Regions I, lla, and llb, although
they are relatively smaller in geographic size. Conversely, the larger AEZs had a
smaller number of observation infrastructure. For example, Region IV has
approximately 30% of the land area but contains fewer physical stations (n=6) than

the significantly smaller Region Ilb (n=8).
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Environmental constraint validation

Fig 4 shows a comparison of the TRI values extracted from the random control network
and the optimised VWS network. The VWS network occupied areas with significantly
lower TRI values, while the random network occupied areas with higher values, as
shown by the narrow and wider interquartile ranges, respectively. Most of the TRI
values for the VWS network were concentrated below 15 m, with a median of 9.33 m
and a mean of 10.23 m. In contrast, the random network had significantly higher TRI
values, with a much wider interquartile range. The mean TRI was 53.79 m, and the
median was 29.82 m, with some random points exceeding 100 m and several outliers
approaching 250 m. To test the significance of the differences in TRI across the 63
random points and 63 optimised stations, a Mann—Whitney U test was conducted,
revealing a U-statistic of 425.00 and a p-value of 0.00.
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Blindspot analysis

Figs 5 and Fig 6 show the observational blind spots when the physical station network
is used alone and when it is complemented with the VWS network, respectively. In Fig
6, the blind spots are significantly reduced, leaving mostly areas that would still be

inaccessible for the deployment of physical stations due to complex terrain.
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Discussion

The VWS placement suitability observed in this study directly reflects the underlying
terrain characteristics in Zimbabwe. High-suitability zones were concentrated in the
central plateau, southern Matabeleland North, and the southernmost parts of the
country. This reflects the gently undulating topography of those regions, which kept
TRI values low. Conversely, parts of the north and most of the eastern highlands were
unsuitable for VWS placement. This is consistent with the complexity of the terrain,
both in altitude and undulation, as well as the presence of water bodies such as the
Save and Odzi rivers and their tributaries. As highlighted by (22) mountainous regions
pose a significant challenge for the placement of hydro-meteorological infrastructure,
which can be extended to virtual stations, as they act as optimal places to extract data
from satellite sources, in the context presented in this study. Hence, the same

environmental factors that limit physical station density also constrain VWS placement.

13



This suggests that observational blind spots in environmentally complex zones are an
artefact of both the siting methodology and the features of the landscape (23).

The VWS representativeness analysis provides clear evidence that the MCDA-
optimised network has the potential to complement Zimbabwe's physical stations.
Regions IV and Va, which account for 60% of the country's land area, had the largest
allocation of virtual stations (39 out of 63 VWS combined), since the existing physical
network is concentrated in Regions I, lla, and IIb. Region IV draws attention, as it has
only 6 physical stations despite holding 30% of the country's area. In contrast, Region
IIb has 8 physical stations yet holds only 9.34% of the country's area. This mismatch
aligns with historical station siting decisions, which favour accessible, economically
prioritised, and higher-rainfall areas at the expense of larger, yet marginal, zones (24).
The skewed network design is contrary to the optimal network design guidance
provided by the WMO. For example, the WMO recommends station densities of 1
station per 600-900 kmz2 in tropical areas, 1 station per 1,500-10,000 km2 for arid
regions, and 1 station per 25-100 km2 for rugged terrain (21). By weighting VWS
placement against existing physical observational infrastructure, the network offers a
low-to-no-cost corrective mechanism that can improve representativeness in under-
monitored zones. This approach has been applied in the Tekeze River basin in
Ethiopia, proving effective in improving both the spatial distribution and the total count

of observation points (25).

The effectiveness of the environmental constraints was also validated to confirm that
the MCDA-optimised VWS placement approach performs meaningfully better than
random placement. The VWS network occupied areas with an average TRI of 10.23
m and a median of 9.33 m. This contrasts with the random placement control
experiment, which gave a mean of 53.79 m and a median of 29.82 m, significantly
higher than the optimised placement. The Mann—-Whitney U test performed on the TRI
values extracted from the two groups confirmed that the difference was statistically
significant and not due to chance, with U=425 and p=0.00.
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Conclusion

Beyond confirming the results of the statistical test, the study has direct practical value.
Sites with low TRI present conditions that are feasible for any future physical
instruments, whether manual or conventional automatic weather stations. This means
the VWS network is not merely an abstract suitability surface but identifies genuinely
deployable locations. However, it is worth noting that proximity to water bodies and
Terrain Ruggedness Index are only a few of several constraints that can be used for
informed network design. Factors such as proximity to roads can also be included,
though these are more important when siting physical infrastructure. Finally, the blind
spot analysis shows a substantial reduction in blind spots once the VWS network is
incorporated. Large areas of the country that would otherwise be unmonitored are now
bridged by virtual observation points. The blind spots that remain in Fig 4b most likely
represent locations where proximity to water bodies, high TRI, and existing physical
station buffers all converge, making them the most difficult locations in which to

allocate either physical or virtual infrastructure.
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