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Abstract: This work analyses the spatial clustering of fire intensity in Zimbabwe, using remotely
sensed Moderate Resolution Imaging Spectroradiometer (MODIS) active fire occurrence data. In
order to investigate the spatial pattern of fire intensity, MODIS-derived fire radiative power (FRP)
was utilized. A local indicator of spatial autocorrelation method, the Getis-Ord (Gi*) spatial statistic,
was applied to show the spatial distribution of high and low fire intensity clusters. Analysis of the
relationship between topographic variables, vegetation type, agroecological zones and fire intensity
was done. According to the study’s findings, the majority (44%) of active fires detected in the study
area in 2019 were of low-intensity (cold spots), and the majority (49.3%) of them occurred in shrubland.
High-intensity fires (22%) primarily occurred in the study area’s eastern and western regions. The
study findings demonstrate the utility of spatial statistics methods in conjunction with satellite fire
data in detecting clusters of high and low-intensity fires (hot spots and cold spots).

Keywords: active fire occurrence; fire intensity; fire radiative power; spatial clustering; hot spots;
cold spots; spatial data; climate change

1. Introduction

Fire has always been utilized as a useful management tool in maintaining ecosystem
diversity mainly in semi-arid environments [1–7]. The occurrence of uncontrolled veg-
etation fires can, however, threaten the environment, economy and human safety [8,9].
Landscape fires produce significant amounts of particulate matter globally [10], affecting
air quality and hence leading to negative human health impacts [11]. The loss of vegetation
due to wildfires tends to alter landscape structure, with devastating effects on erosion
dynamics [12,13] and ecosystem services footprint thereby affecting essential ecological
and hydrological processes [14,15]. Fires also contribute to climate change by transferring
terrestrial to atmospheric carbon pools [16]. Although fires are largely due to anthro-
pogenic factors, climatic conditions tend to greatly influence increased extreme fire events
globally [17]. On the other hand, forest fires influence global climate change by emitting
greenhouse gases such as CO2 and CO.

Fire intensity is the energy which is released by a fire when burning [18] and is
influenced by the fuel content [19]. The biomass which is consumed during burning
influences fire intensity which is one key fire regime descriptor used by fire scientists [20].
Fire intensity is usually confused with fire severity which focuses on the impacts of fire on
the ecosystem.

The widely used hot spot analysis methods include Kernel Density [9,15,21,22] and
Moran’s I [22,23]. The Kernel density analysis usually generalizes point-based spatial
data into continuous spatial data and considers search radius and cell size. On the other
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hand, the Getis-Ord (Gi*) statistic utilizes the magnitude of each spatial feature in relation
to its neighbors’ values to form clusters of the features in form of cold spots and hot
spots [22]. Local indicators of spatial autocorrelation (LISA) methods such as the Getis-
Ord (Gi*) statistic, therefore, help in the determination of whether fires are clustered or
randomly spread within a landscape. The Getis-Ord (Gi*) statistic allows for the detection
of local pockets of spatial dependence which may be difficult to detect using global spatial
autocorrelation methods [22]. In other fields, hot spot analysis methods have been used
to analyze the clustering of crimes [24], pulmonary tuberculosis incidences [25], and
vegetation fragmentation [26,27].

Currently, fire monitoring in Zimbabwe is done using both ground-based and satellite
data, where the detected active fires and burned area are generally documented. Fire
intensity is not measured and, therefore, not incorporated into the fire management system
in Zimbabwe. Currently, no study has assessed the fire intensity in Zimbabwe. In the
studies [26–29] on fire clustering in the study area, the focus was on identifying hotspots
and cold spots, which denoted areas with high and low fire occurrence. A study by
Shekede et al. [29], for example, assessed the spatial distribution of fire hot spots within
districts in Zimbabwe using the location (coordinates) of MODIS active fire data. In
Zimbabwe again, Mpakairi et al. [28] analyzed the spatial clustering of active fires in a
protected area using satellite data. These previous studies [28,29] generally utilized the
geographic location of MODIS active fires to determine the spatial clustering of fires based
on administrative boundaries. Administration boundaries generally do not follow any
environmental gradient. Such studies lacked the analysis of critical fire variables such as
fire intensity.

Elsewhere, very few studies have been done on the spatial clustering of fire intensity
based on satellite data and spatial autocorrelation methods. For instance, [15] utilized the
k-means clustering method to detect fire intensity clusters based on MODIS fire radiative
power (FRP) data in India, Asia. A study by [18] utilized MODIS FRP to study forest fire
activity and intensity in the tropical savanna of northern Australia. A study by Mohd
Said et al. [9] used ground-based fire data in a study where the spatial distribution of high
and low-intensity fires in Brunei-Muara District Brunei Darussalam, Southeast Asia was
examined. This is time-consuming, expensive, and does not cover large areas. On the other
hand, satellite remote sensing allows for synoptic coverage, the ability to take repetitive
measurements, and the ability to cover large areas.

Zimbabwe, for example, supports seven agroecological regions which are character-
ized by different climatic and topographic conditions. By analyzing the variability of fire
intensity clusters in the different agroecological zones, this study incorporates the effect of
varying climatic, vegetation, and topographic conditions on fire intensity in the study area.
Further, the study also analyzed the contribution of topography, land cover, and agroeco-
logical zones to fire intensity which was not incorporated in previous studies [5,25,27,29].

In Zimbabwe, climate change has manifested itself with an increase in temperatures
and a decrease in rainfall [30] which is associated with a high recurrence of fires. With the
risks of climate change becoming more real in Zimbabwe [30], information on fire intensity
clusters becomes very critical for fire management strategies. This is because it gives fire
managers an indication of the propagation of fire and how difficult or easy it will be to
stop the fire. Information on fire intensity clusters also helps in identifying areas prone to
fires of high-intensity, posing high risks to vegetation, infrastructure, and people [9]. Fire
managers can utilize fire hot spot maps to assist in decision-making for the appropriate
allocation of fire management resources to priority areas [31,32]. Findings from this study
contribute novel knowledge in terms of utilizing spatial autocorrelation methods and earth
observation data to identify fire intensity clusters in Zimbabwe, Southern Africa.
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2. Materials and Methods
2.1. Study Area

This study was carried out in Zimbabwe, Southern Africa and located between the
coordinates 15◦30′′–22◦30′′ S and 25◦00′′–33◦10′′ E as shown in Figure 1. The elevation
varies from below 300 m for the Southern districts to more than 2500 m above mean sea
level for the Eastern regions of the study area. The climate is divided into three distinct
seasons where the hot and wet season occurs from November to April while the cool and
dry season occurs from May to around August. The hot and season which coincides with
the fire season generally occurs from August to November [33]. In Zimbabwe, minimum
temperatures usually occur around June to July, while maximum temperatures are usually
experienced in October. Annual rainfall in the study area varies from below 400 mm in
the western and southern regions to above 1500 mm in the eastern regions of the study
area [29,34], and this has been categorized into seven agroecological zones, as shown in
Figure 1. Mean annual rainfall decreases with the transition from agroecological zones 1
(about 1250 mm) to Vb (below 400 mm). The study area is defined by decreasing elevation
and increasing temperature from agroecological zones I to Vb [35]. Savannah woodlands
characterize approximately 95% of Zimbabwe’s forest cover, where trees and grasses co-
exist and provide fuel load for forest fires [36,37]. The peak fire season in the study area span
from August to October, which is a period characterized by hot and dry conditions [38].

Figure 1. Study area map showing agroecological zones: Adapted from Manatsa et al. [35].

2.2. Satellite Data

The daily active fire product (MCD14DL) from MODIS was used. MODIS Terra and
Aqua satellites have a 1 to 2-day revisit time and pass over the equator at around 1030 am
and 1.30 pm. The data has a spatial resolution of 1 km at the nadir, but it is worth noting
that the MODIS sensor tends to detect fires as small as 50 m2 [15,39]. Each detected active
fire depicts the center of a 1 km pixel where one or more fires are burning during the time
the satellite overpasses [40]. In this context, an active fire is defined as any fire identified by
the MODIS satellite sensor while burning is still active [41]. The factors that determine the
probability of a fire being detected include the temperature of the fire, the area covered by
the fire spread, the satellite’s angle, and the prevailing weather conditions [42].

Data for the daily active fires detected by the MODIS sensor from January to December
2019 was freely downloaded from the Fire Information Management System (FIRMS)
website (https://earthdata.nasa.gov/earth-observation-data/near-real-time/firms/act

https://earthdata.nasa.gov/earth-observation-data/near-real-time/firms/active-fire-data
https://earthdata.nasa.gov/earth-observation-data/near-real-time/firms/active-fire-data
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ive-fire-data (accessed on 10 March 2022)) in shapefile (*shp) format. The geographic
coordinates (latitude and longitude) of the fire, brightness temperature (Kelvin), acquisition
date and time, confidence (0–100%), and fire radiative power are all included in the MODIS
active fire data (FRP). A description by [42] provides details on the acquisition of MODIS
data. Because it is free and covers a large area, MODIS active fire data was chosen for
analysis in this study [28,43,44]. Several studies have used MODIS active fire data in
fire studies [15,44–47]. To date, the MODIS sensors have been extensively utilized in the
detection of fire because of the presence of channels specifically designed for fire monitoring
and their high temporal resolution.

2.3. Pre-Processing of Data

The active fires utilized in the analysis had a confidence level greater than 30% [31,42]
to minimize false alarms [48]. Fire points of less than a 30% confidence level are considered
unreliable [31,48]. Using ArcMap 9.5’s Projection and Transformations tool, all the datasets
in Table 1 were projected to the UTM coordinate system using the Project tool in a GIS
environment to ensure compatibility.

Table 1. Datasets used in the study.

Dataset Source

MODIS (MCD14DL) active fire data https://earthdata.nasa.gov/earth-observation-data/near-real-time/firms/activ
e-fire-data (accessed on 10 March 2022)

Digital Elevation Model (DEM) https://earthexplorer.usgs.gov/ (accessed on 15 March 2022)
Land cover map https://viewer.esa-worldcover.org/worldcover/ (accessed on 27 March 2022)

2.4. Data Analysis
2.4.1. Spatial Clustering of Fire Intensity

The presence or absence of spatial clustering in the fires detected by the MODIS sensor
was tested using Moran’s I [23] spatial autocorrelation statistic, which was computed using
the Spatial Statistics tool in a GIS environment. The fire radiative power extracted from
the MODIS fire data was used as a measure of fire intensity [46]. The FRP, in this context,
refers to the rate of radiative energy emitted by the fire at the time of the observation [46].
It is a good approximation of the total amount of energy released during burning and can
be used to assess the destructive power of the detected fire [46].

Fire intensity cold spots and hot spots were computed using Getis-Ord (Gi*) [22]
statistic based on Equation (1):

Gi∗ =
∑n

j=1 wi,jx, − X ∑n
j=1 wi,j

S

√
[n ∑n

j=1 w2
i,j−(∑

n
j=1 wi,j )]

n−1

(1)

where xj is the attribute value for feature j, wij is the spatial weight between feature i and j,
and n is the total number of features in the dataset. This spatial autocorrelation statistic
assessed the extent to which fires exhibit spatial patterns in space as high-intensity hot
spots or cold spots, which are areas of statistically high or low fire intensity concentration,
respectively. The Gi* statistic identifies spatial clusters of high and low values which are
statistically significant hence creating hot spots and cold spots. Hot spots form when points
of high values are surrounded by high values, while cold spots form when points of low
values are surrounded by low values [22].

In this study, the fire radiative power extracted from the MODIS fire data was utilized
in the analysis to detect fire intensity clusters in the form of low fire intensity (cold spots)
and high fire intensity (hot spots). MODIS active fire data is globally accessible and can be
used at various scales, which is beneficial to data-poor regions such as southern Africa [29].
The Hot spot Analysis tool in ArcMap 10.5 was utilized in the identification of fire intensity
clusters. The derived Getis-ord (Gi*) values were classified into hot spots, which are areas

https://earthdata.nasa.gov/earth-observation-data/near-real-time/firms/active-fire-data
https://earthdata.nasa.gov/earth-observation-data/near-real-time/firms/active-fire-data
https://earthdata.nasa.gov/earth-observation-data/near-real-time/firms/active-fire-data
https://earthdata.nasa.gov/earth-observation-data/near-real-time/firms/active-fire-data
https://earthexplorer.usgs.gov/
https://viewer.esa-worldcover.org/worldcover/


Atmosphere 2022, 13, 1972 5 of 13

with z-score > 3.87, and cold spots are areas with z-scores < 3.87 [28,49]. High values
of the z score in association with low p values indicate a Hot spot [50]. In this context,
fire-intensity hotspots were formed when points of high FRP were surrounded by high
FRP values, while fire-intensity cold spots were formed when points of low FRP values
were surrounded by low FRP values. The spatial distribution of high-fire-intensity (hot
spots) and low-fire-intensity (cold spots) areas in the study area were presented in the form
of a map.

2.4.2. Analysis of Fire Intensity within Clusters

The number of active fire points within the fire intensity clusters (hot spots and
cold spots) was calculated. The paired t-test was calculated using the GraphPad Prism
version 6.04 for Windows (www.graphpad.com: accessed on 27 March 2022) to test for the
difference in the mean FRP within the fire intensity clusters.

2.4.3. Correlation of Fire Intensity Clusters with Topographic Factors

Correlation between topographic variables (elevation, slope, aspect) given in Table 2
and FRP was done.

Table 2. Topographic variables.

Variable Source

Slope Extracted from the Digital Elevation Model using Spatial Analyst tool in ArcMap 10.6
Aspect Extracted from the Digital Elevation Model using Spatial Analyst tool in ArcMap 10.6

Elevation Digital Elevation Model

Elevation explains the changes in temperature while aspect determines the amount of
solar radiation available for the fuel, hence affects the moisture content of the fuel. Steep
slopes are associated with greater preheating of fuels. Topographic derivatives such as
aspect, slope, and elevation also influence the amount of solar radiation reaching any
location [51]. The vegetation type is also influenced by slope and altitude and hence affects
the fire intensity. To test for the significant difference in topographic variables within fire
intensity clusters, the paired t-test was utilized.

2.4.4. Association between Fire Intensity and Vegetation Cover Types

The association between fire intensity and vegetation cover types was also examined
to assess the susceptibility of the various vegetation types to burning. The 10 m resolution
land cover map from the European Space Agency (ESA) initiated WorldCover project was
downloaded from https://viewer.esa-worldcover.org/worldcover/ (accessed on 27 March
2022) as indicated in Table 1. The specific vegetation cover type for each fire point data
was extracted using the Extract tool in ArcMap 10.5, and the FRP for each fire point
was determined.

2.4.5. Association between Fire Intensity and Agroecological Zones

The association between FRP and the agroecological zones was examined to determine
which agroecological zones are characterized by hot or cold fires. The agroecological zone
map produced by [35] was utilized. The Zimbabwe agroecological zones were delineated
based on mean annual precipitation and temperature. The Extract tool in ArcMap 10.5 was
utilized to determine the agroecological zone for each fire point.

3. Results
3.1. Spatial Distribution of Active Fires

A total of 35,342 active fires were detected in 2019 in the study area (Figure 2). High
fire activity was detected in agroecological regions IIa, IIb, and IV (Figure 3), which are
characterized by high rainfall and increasing temperatures [35]. The highest fire activity
was detected in Mashonaland West province (Figure 2), while low activity was recorded in

www.graphpad.com
https://viewer.esa-worldcover.org/worldcover/


Atmosphere 2022, 13, 1972 6 of 13

the southern and south-western districts. Nyanga, Mutasa, Chimanimani, and Chipinge
districts in Manicaland province also experienced a considerable number of fire incidences.

Figure 2. Spatial distribution of active fires.

Figure 3. Spatial distribution of fire intensity clusters.

3.2. Spatial Distribution of fire Intensity

The test for clustering using the Moran’s I statistic revealed that the occurrence of
active fire clusters in the study area was statistically significant (p < 0.05; z-score = 35.17).
The map showing spatial occurrence of high and low fire intensity clusters (Figure 3) shows
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that most of the fires under study were of low intensity. Based on the results shown in
Figures 3 and 4, agroecological zones I and IIA and parts of agroecological zones III, IV, and
VA are associated with high-intensity fires. Although these zones are associated with lower
temperatures than other regions, they are characterized by higher altitudes which could
result in high-intensity fires. Agroecological zone I is characterized by plantations that burn
intensely. High fire intensity clusters (hot spots), as detected using the Getis Ord statistic
(Gi*), have shown to be distributed in parts of the eastern (Mutasa, Nyanga, Chimanimani),
northern (Centenary), and western (Tsholotsho, Hwange) districts as shown in Figure 3.
The research findings also show that fires of low-intensity (cold spots) occur mostly in
the northern districts such as Hurungwe, Kariba, Rushinga, Guruve, and others shown in
Figure 3.

Figure 4. Fire intensity clusters in agroecological zones.

According to [46], the mean FRP in hot spot clusters is generally around 40 MW,
indicating moderate to high fire intensity. This fire intensity class accounted for 20% of all
the fire points detected by the MODIS satellite sensor in the study area in 2019. Table 3
shows that 44% of the detected fires had low fire intensity (cold spots), describing the
majority of fires detected in Zimbabwe as cold fires. The fire intensity within cold spots
range from 26 to 35 MW. Table 3 also shows that 36% of the active fires detected do not
show significant clustering, indicating spatial randomness.

Table 3. Characteristics of fire intensity clusters.

Class Number of Fire Counts Percentage % Mean FRP (MW) Fire Intensity Class
[48]

Cold spot (99% CI) 10,309 29 26.33 Low
Cold spot (95% CI) 3503 10 28.93 Low
Cold spot (90% CI) 1657 5 34.49 Moderate

Not significant 12,580 36
Hot spot (90% CI) 427 1 40.39 High
Hot spot (95% CI) 805 2 39.10 Moderate
Hot spot (99% CI) 6035 17 40.39 High

The statistical distribution of fire intensity (FRP) in the study area is shown in the
box plots in Figure 5. The fire intensity as approximated by FRP is significantly (p < 0.05)
higher within the hot spots than in the cold spots. This implies that although the greater
proportion of fires under study was characterized by low fire intensity, the difference in the
FRP between the fire intensity clusters is significant. It is important to note that most fires
had fire intensity (FRP) of less than 50 MW although there exist outliers with FRP higher
than 80 MW.
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Figure 5. The distribution of FRP within fire intensity clusters.

3.3. Association between Fire Intensity and Topography and Vegetation
3.3.1. Correlation of Fire Intensity with Topographic Variables

The results of the correlation analysis (Table 4) show a significant weak negative
correlation between fire intensity (FRP) and slope, while a weak positive correlation exists
between fire intensity and elevation. This is clearly shown in Figure 3, where high-intensity
fires occur in the eastern region (agroecological zone I) of Zimbabwe, which is characterized
by high elevation and mountainous terrain. The correlation between fire intensity and
aspect was not significant.

Table 4. Correlation between FRP and topographic variables.

FRP vs. Slope FRP vs. Aspect FRP vs. Elevation

r −0.0186 −0.0008 0.0718

p value 0.0005 0.8843 <0.0001

Significant? (alpha = 0.05) Yes No Yes

Findings from the t-test show that high fire intensity (hot spots) are associated with
higher elevation, as illustrated in Table 4.

3.3.2. Association between Fire Intensity and Vegetation Type

Analysis of the association between vegetation type and the intensity of burning
is shown in Table 5 and shows that shrubland is affected by fire more than the other
vegetation types. The highest proportion (49%) of cold fires occurred within shrublands
and grasslands, whilst most hot fires were detected in shrublands, forests and grasslands.
For example, within the high fire intensity class (hot spots), 12% of the detected fires
occurred in the shrubland, while almost half (49.3%) of the fires within the low fire intensity
class (cold spots) were detected in this vegetation type.

Table 5. Distribution of fire intensity in vegetation types.

Hot Spot Cold Spots

Number of Fire Counts Percentage (%) Number of Fire Counts Percentage (%)
Forests 1540 7.8 2250 14.5

Grassland 2326 6.6 3275 21.2
Cropland 847 4 1791 11.6
Shrubland 2381 12 7627 49.3

Sparse vegetation 112 0.6 462 3

The sparse vegetation was least affected by burning. Grassland, forests, and croplands
also experienced burning mostly of low intensity.
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4. Discussion

This study demonstrates the heterogeneity of fire intensity as affected by various
factors. It is the first to characterize the clustering of remotely sensed fire intensity in
Zimbabwe. The highest fire activity was detected in northern districts, while low activity
was recorded in the southern and south-western districts. Eastern districts such as Nyanga,
Mutasa, Chimanimani, and Chipinge districts also experienced a considerable number of
fire incidences. These findings agree with findings from a study by Shekede et al. [29],
where high fire activity was observed in similar areas. The positive relationship between
slope and fire occurrence has been observed in rugged terrains, such as those found in the
eastern districts. High fire incidences were detected in agroecological regions IIa, IIb, and IV
(Figure 3), which are characterized by a moderate rainfall and increasing temperatures [35].

The FRP derived from satellites is an indicator of the strength of fire which is directly
related to the amount of biomass consumed by the fire [52]. The majority (44%) of the fires
detected in 2019 were classified as cold spots meaning that they are of low to moderate
intensity with mean FRP ranging from 26 to 34 MW. This observation corroborates with
findings from Cizungu et al. [31], who observed low fire intensity fires within dense forest
and agricultural areas. A study by Agata [17] in Poland also observed mean FRP of 36.3 and
35.1 in grasslands and forests, respectively. Zimbabwe is greatly characterized by savannah
grasslands, so the findings from this study are not surprising. A very small proportion
(20%) of the clusters of high-intensity fires were mainly concentrated in the eastern regions
of Zimbabwe. However, even though high-intensity fires are few, they possess great
destructive power [31], so appropriate precautions should be taken in such areas.

The study also assessed the association between fire intensity clusters and the vari-
ous vegetation types and agroecological zones within the study area. Low fire intensity
was detected in sparse vegetation and cropland classes, which is agrees with findings
by Giglio et al. [46], who observed low FRP in croplands. On the other hand, Agata [17]
observed highly intense fires in arable lands and grasslands. Zimbabwe is largely charac-
terized by savannah grasslands hence general findings of low fire intensity [36,37,53]. The
least effect of burning on the sparse vegetation could have resulted from low fuel loads
since the vegetation is sparsely distributed.

High fire activity was detected in agroecological regions IIa, IIb, and IV, which are
characterized by moderate rainfall and increasing temperatures [38]. High fire occurrence
and intensity were observed in several districts in Manicaland province. This observation
agrees with the findings mentioned in [54], where from 2001 to 2021, Manicaland had the
highest rate of tree cover loss due to fires. The study shows that agroecological zones I and
IIA and parts of agroecological zones III, IV, and VA are associated with high-intensity fires.
Although agroecological zone I is associated with lower temperatures than other regions,
the area is characterized by higher elevation and rugged terrain, which can contribute to
high fire intensity [31,50,55]. High fire intensity clusters detected in parts of agroecological
zone I could also be associated with plantations of fire-prone eucalyptus-related vegetation
and heavy fuel load [31], which burn intensely and result in hot fires. High-intensity
fires in the other regions could be attributed to warmer temperatures and the presence of
flammable biomass [35].

The Gi* statistic was utilized to characterize both the type of clustering and its location
and uses probability to determine fire intensity clusters [56] which is imperative for reliable
and informed delineation of fire management zones. Although MODIS fire data does
not show the source of ignition, this study has shown its utility in detecting fire intensity
clusters in the study area. The dense canopy of forests also affects the detection of fire
intensity by satellites.

Future studies should also assess burn severity which is positively correlated with
fire intensity [18]. This is critical because it gives information on the effects of fire intensity
levels on vegetation. In this research, fire intensity was analyzed at a larger scale; hence
future studies should additionally look at a local scale to gain more finely-tuned infor-
mation, which will improve fire management. Future studies should also utilize higher



Atmosphere 2022, 13, 1972 10 of 13

spatial resolution satellite data considering that the level of detection of active fires is highly
determined by sensor differences such as resolution, swath width, and along scan aggrega-
tion [51,57,58]. The temporal distribution of fire intensity clustering as a function of climatic
drivers should be prioritized in future studies. More variables should be considered to
explain the spatial distribution of fire intensity. Since global climate warming may result in
the increasing impact of fires on ecosystems [59], more fire studies have become relevant.

5. Conclusions

The research findings have shown the utility of a combination of MODIS fire data and
spatial autocorrelation methods in mapping spatial patterns of fire intensity in Zimbabwe.
The results suggest that most fires detected by the MODIS satellite in the study area
were of low intensity (cold spots), while high-intensity fires (hot spots) were associated
with mountainous areas of the study area. The study has, therefore, produced critical
information which can be used in the management of fires in Zimbabwe. This information
will assist fire management agencies to better allocate the limited resources to high-fire-
intensity areas and hence plan appropriate fire management activities. Measures should
be taken in areas where high fire intensity was observed, such as strict monitoring of fires.
Information on fire intensity clusters will assist authorities responsible for fire management
to intervene before (for prevention), during (for detection of fire intensity levels), and after
the occurrence of fire (for mapping fire intensity). For example, real-time fire monitoring
of fire intensity can be implemented by the fire managers to minimize damage by fire on
various vegetation types. Areas with similar vegetation characteristics as in areas where
high-intensity fires were detected will be given high priority. In addition, areas with high
fire intensity clusters will receive the appropriate fire suppression during the fire. Well-
equipped firefighting teams can also be set up when a fire occurs in fire-intensity hotspot
areas. The research findings, therefore, show extended knowledge about the association
between fire intensity and agroclimatic zones, topographic factors, and vegetation types.
The global accessibility of MODIS active fire data has enabled the analysis of fire intensity
at a broad spatial scale which is beneficial for data-poor regions like Zimbabwe.
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