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Abstract: Miombo woodlands support diverse biodiversity and livelihoods of mil
lions of people in Africa. Although these woodlands contain less carbon than humid
forests, they are important for having large coverage and thus potentially important
for national REDD+ carbon accounting. These woodlands are highly susceptible to
forest degradation due to anthropogenic activities. Degradation activities are diffi
cult to assess through remote sensing techniques alone. Alternatively, they can be
estimated by using proxy variables such as infrastructure and settlements. This
study is focused on the assessment of spatial patterns of forest degradation in
Miombo woodland in Southern Tanzania. Diameter of stumps was collected through
inventory of circular plots of 15 m radius in 25 transects at 500 m, 2500 m and
3500 m distance from the forest border. Group discussions and interviews with key
informants provided additional information about local degradation activities. The
spatial relationship between forest degradation and the proxy variables: major
roads, settlements and forest edge were assessed with logistic and mixed linear
regression analysis. Among all, the distance to settlement was found to be the best
predictor for degradation in the study area.
Subjects: Agriculture & Environmental Sciences; Forestry; Environment & Economics
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Miombo woodland though have significant
importance in supplying ecosystem services and
benefiting livelihood of rural population, is
affected by degradation mainly due to fuelwood
collection, charcoal making and tobacco curing.
The assessment of these degradation factors
demands high quality satellite images and costly
measures. It is mandatory to have updated data
and record of carbon for the developing countries
like Tanzania which aims at getting financial
incentives through REDD+. This paper investigate
if proxy variables can be used to understand the
forest degradation factors and its impact on car
bon stock. The indirect method using proxy vari
ables: distance to forest, settlement and forest
edge is used to assess the spatial pattern of forest
degradation. Among all, distance to settlement
variable was found to be the best predictor for
degradation in the study area. Therefore, the
assessment of forest degradation using these
kind of low cost techniques can be useful for the
developing countries like Tanzania.
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1. Introduction
Tropical forests support high biological diversity and ecosystem services. However, these forests are
decreasing annually through deforestation and forest degradation (FAO, 2010); among these services
is the forest’s ability to sequester carbon. Loss of forest cover in the tropics accounted for 4.8 gigatons
of annual gross carbon dioxide emission that is 8–10% of annual emission from human induced
sources (Dean, 2019; WRI, 2018). Forest degradation alone contributed 25% of total emissions from
deforestation and forest degradation, even exceeded emissions from deforestation in some countries
(Pearson et al., 2017). One of the definitions of forest degradation is “the overuse or poor manage
ment of forests that leads to a long-term reduction in (biomass density) carbon stocks” (Penman et al.,
2003). This study focuses on measurement of carbon emissions from forest degradation.
Forest degradation is regarded as a major source of global greenhouse gas emission, i.e.
20 percent of emissions in the Brazilian Amazon (Asner et al., 2005) and 50 percent of the total
emissions from forest change in Africa (Lambin et al., 2003). Besides greenhouse gas emission,
forest degradation also has a negative impact on biodiversity, soil and water systems (Nepstad
et al., 1999). Realising the importance of forest degradation, it is included in carbon financing
mechanism namely reducing emission from deforestation and forest degradation (REDD) in the
Conference of the Parties (COP 13) in United Nations Framework Convention on Climate Change
(UNFCCC) (Huettner et al., 2009; Kanninen et al., 2007).
Forest degradation activities prevalent in developing countries include selective logging, forest fire,
fuelwood collection and grazing, charcoal production and shifting cultivation (GOFC-GOLD, 2009).
Most of the previous studies on measurement of forest degradation using remote sensing have
focused on selective logging in humid tropical forests (Asner et al., 2005; Souza et al., 2005); very
few studies have focused on dry forests as dry forests support less above ground biomass than humid
ones (Murdiyarso et al., 2008; Skutsch et al., 2009). Since population density is mostly higher in dry
forest areas, they are highly susceptible to forest degradation (Campbell et al., 2008), “dry forests are
generally more heavily populated than rainforest (Murdiyarso et al., 2008)”. However, quantification of
emission from dry forests is lacking (Fearnside & Laurance, 2003; Frederic et al., 2002).
Miombo woodlands form a continuous coverage in eastern, central and southern Africa; often
dominated by trees of Brachystegia, Julbernadia and Isoberlinia genera of the family Leguminosae
and subfamily Caesalpinioideae (Campbell et al., 1996; White, 1983). This forest type has global
importance as it is a reservoir of carbon in large coverage and supports high floral and faunal diversity
which is a source of living for millions of people (Dewees et al., 2010; Frost et al., 2003; Campbell et al.,
2002). Forests cover about 340,000 km2 area in Tanzania, where two-thirds is Miombo woodland
(Fyhrquist et al., 2002; MNRT, 1998). These woodlands are severely affected by tree cutting (farming
and energy fuel), forest fire and grazing (Campbell et al., 2008; Chidumayo & Mbata, 2002). High
poverty and unsustainable resource use further deteriorate woodland ecosystem (Geist, 1999; Luoga
et al., 2002). Fuelwood collection, charcoal making and tobacco curing are greater threats to Miombo
woodlands than timber harvesting (Margaret Skutsch, 2008; Skutsch & Libasse, 2010). Measurement
of changes in forest land (activity data) and carbon stocks (emissions factors) is a fundamental part of
the REDD+ mechanism. While the REDD+ mechanism under UNFCCC is not fully developed; historical
data on forest degradation is a crucial part to estimate the reference emissions level and access
future carbon crediting (Herold & Romijn, 2010).
The emission level from forest degradation is lower than deforestation. However, cumulative effect
can be significant (Murdiyarso et al., 2008). Therefore, it is essential to quantify emission from forest
degradation. With the development of remote sensing technologies, it is possible to improve accuracy
and reduce costs for estimating carbon emission from deforestation. Deforestation is recognizable in
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satellite images, but removal of trees through forest degradation such as selective logging, forest
fires, branch cutting and grazing is difficult to assess through remote sensing techniques as it does
not necessarily create canopy gaps (Defries et al., 2007; GOFC-GOLD, 2009; Murdiyarso et al., 2008).
Advanced technologies like Synthetic Aperture Radar (SAR), laser remote sensors (LiDAR) can only be
used to detect minor forest changes (Achard et al., 2008; Gibbs et al., 2007; Goetz et al., 2009) but
these methods are costly often higher than the cost of deforestation (Köhl et al., 2020). Furthermore,
historical LiDAR data is not available for the tropics and the use of SAR for bio mass estimation is
limited to a few areas in Africa (Mitchard et al., 2009). These advanced technologies therefore have
limited use in establishment of historical baselines for forest degradation in the tropics. For this
reason, this study proposes indirect approach to quantify forest degradation.
Potentially, forest degradation can be assessed by the use of proxy variables such as distance to
settlements, urban centres and roads (Asner et al., 2005; Lambin et al., 2003; Mollicone et al., 2007;
Souza et al., 2005). It is necessary to identify causes of degradation and measure associated activities
separately (Iskandar et al., 2006). In this context, spatial models suggesting relationship of forest
degradation with distance to settlements, road and forest edge can be an important instrument to
predict the level of forest degradation. When degradation data is missing, proxy variables can be
detected with high accuracy using free and easily accessible Landsat satellite imagery. Therefore,
proxy variables can be derived globally, historically and at low cost (Dons et al., 2016). This methodology
can help developing countries like Tanzania to establish and maintain national level forest degradation
data. High correlation has been found between proxy variables and degradation in moist tropical forests
(Mollicone et al., 2007). Since, little is known about the patterns of forest degradation in Miombo
woodlands, this study attempts to fulfil this knowledge gap by assessing spatial relationships of forest
degradation activities with settlements, roads and forest edge in Southern Tanzanian Miombo wood
land. This study focused on above ground biomass removed. Although grazing has a large effect on
woody biomass in the long run, this study did not cover forest degradation caused by grazing and forest
fires as these activities are not associated with immediate removal of woody biomass. Understanding
spatial relationship will help infer forest degradation patterns in other Miombo woodlands as well.

2. Materials and methods
2.1. Study area
Field work was conducted in the two largest unfragmented forest areas in Iringa rural district. This
district belongs to Iringa region which is located in southern Tanzania with Iringa town as regional
administrative capital. It is situated between 7.00° to 8.30° S latitudes and 34° to 37° E longitudes.
Altitude ranges from 500 m to 1200 m msl with annual rainfall of 500–600 mm and mean annual
temperature varies between 20°C and 25°C (The United Republic of Tanzania, 2013). Soil quality is
poor and the Miombo woodland is the major vegetation type present in the area.
The study selected two areas (area 1 and area 2). Area 1 is located in the south western part of
the district and is 100–150 km far from Iringa town, and area 2 is located in the central part of the
district about 45 km north west of Iringa town (Figure 1). Both areas are accessible all year through
a dirt road. A majority of the population in the study area depends on subsistence agriculture for
their livelihoods. Village Forest (VF),1 Community Based Forest Management (CBFM),2 Joint Forest
Management (JFM)3 and Open Forest (OF)4 are major forest regimes found in the area.
A land use map classified from a Landsat TM scene dated 6 December 2009 was used to select
the study area. Major roads and settlements were manually digitized using Ordnance Survey
topographic maps (Series Y742; 1:50,000) of 1982. A preliminary study was carried out in the
study area to identify plots before the actual field work. It involved field observation and discussion
with the local people about forest resource usage, location of forest and forestry issues.
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Figure 1. Map of the study area
(green dots in the second figure
show sample plots).

2.2. Field data collection
A total of 26 transects were laid out, 13 transects with 4 km length in each area. These transects were
systematically placed at an equal distance of 2.174 km. Three plots (circular plot with 15 m radius)
were inventoried in each transect at distances of 500, 2000 and 3500 m from forest and non-forest
border. The first plot in each transect was established 500 m from the forest border to reduce edge
effect. Some areas were inaccessible due do to gullies an sloppy areas and the number of sample
plots was therefore reduced to 67 and transects to 25 with a total length of 25*4 = 100 km.
The diameter and height of stumps were measured. Species and reasons for tree removal were
identified with the support of local guides. The diameter of the trees was measured at 20 cm above
ground. For stumps shorter than 20 cm, the diameter was measured at the height of the cut. Species
were further identified with the help of an experienced local taxonomist and verified referring to local
publications and reports. Bark characteristics, coppice, wood features were considered while identifying
species. To identify purpose of tree removal; size of the stump, availability of charcoal kilns, tree species,
height of stumps, presence of wood residue, sawing pit, presence of fire signs and closeness to villages
were taken into consideration. The age of stumps was estimated to establish the historic trend of species
removal. Physical appearance of the stump such as bark colour, occurrence of sprouts/coppice and
condition of exposed wood were taken into consideration when deciding the age of the stumps. Stumps
were categorized into two groups: stumps with fresh cut (<1 year) and old cut (> 1 year).
The diameter at breast height (DBH) and total height were measured for three randomly
selected sample trees in each plot to estimate DBH—height relationship. A relascope was used
to estimate basal area.
Focus group interviews in each village were organized before starting field inventory, the
objective of which was to obtain a list of degradation activities in order to plan the field biomass
survey. Discussions also focused on the historical view of forest management, use of forest
resources (type of species, time of collection, amount collected) and location of forest resource
collection. Forest stakeholders such as charcoal makers, fuelwood collectors, committee members
and pastoralist (Masai) were involved in discussions. In areas where group discussions could not be
performed, interviews with key informants were taken. Different participatory tools such as trend
analysis, resource mapping and species ranking were applied to collect the information needed.

2.3. Data analysis
2.3.1. Estimation of wood harvesting
This study investigated above ground biomass (AGB) only. To determine biomass, four allometric
models developed in tropical forest were collected from existing literature. Among these equations,
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three local (East African Miombo) and one non-local (tropical forest) were selected and compared with
each other (Table 1). Based on the comparison, local models were preferred over non local models
because non local models were developed using data from outside Africa. Among these local models,
the model developed by Chamshama et al. (2004) was chosen to estimate AGB as it was based on
largest sample size. The volume was calculated using equation suggested by Abbot et al. (1997).

Table 1. Allometric equations used for AGB and volume
Model no

Biomass equations

Sources

Remarks

1

B = 0.06*DBH2.012*H0.71

(Malimbwi et al., 1994)

Miombo wood land
For trees>5 cm DBH

2

B = exp
[−2.959 + 2.603log(DBH)]

(Malimbwi et al., 1994)

Miombo wood land
For trees >5 cm DBH

3

B = 0.0625*DBH2.553

(Chamshama et al.,
2004)

Miombo wood land
For trees>5 cm DBH

4

B = 10^(−0.535+ log10
(BA))

(Brown, 1997)

Dry tropics

5

V = 10^(4.22+ (2.76*log
DBH))

(Abbot et al., 1997)

Malawi
For trees>4 m height
or ≥5 cm DBH

where, B = biomass (kg per tree), BA = basal area (m2), V = volume (m3 per tree), DBH = diameter
at breast height (cm) and H = height (m)
As only stump diameter was measured in the field, stump diameter was converted into DBH using the
following equation# derived from secondary data collected in area 2. These secondary data were
collected from 25 circular plots of 15 m radius which were established in a grid with a distance of
0.5 km. In total, 300 trees were measured each at 5, 15 and 130 cm diameter and the height of every
fifth tree was recorded.
#

DBH = [{1.865–0.476* log(d)—1.4*log(1.3—h) + 0.012*d}^(1/3)]*d with RMSE = 0.222 and
R = 0.048.
2

where, DBH = diameter at breast height (cm), d = stump diameter (cm) and h = stump height (m)

2.3.2. Spatial analysis
The data analysis was performed in two steps. First logistic regression was performed taking occur
rence of major degrading activities such as charcoal, fuelwood and poles as dependent variables and
distance parameters as independent variable (Table 2). For those activities, plots with tree cutting
were given 1 and 0 if there were no tree cutting. For activities that were significantly influenced by the
distance parameters, simple linear regression was performed with plots with only degradation.
Transformation (natural logarithm) was performed to obtain better fit of the data. Insignificant
variables were removed using step wise reduction procedure.
The model which showed best scatter plot and normality curve; low RMSE and high adjusted r2
was selected. Analysis was based on plot level data and comparison was made between area 1
and 2. Student’s t test and F-statistics (ANOVA) were used to test for significance between two
study areas. Validation of the models was performed via distribution of standardized residual plots,
Pearson’s chi-square test and odd ratio test.
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Table 2. Independent and dependent variable used for the analysis
Variables

Data type

Unit

Distance to road

Continuous

M

Distance to settlement

Continuous

M

Distance to forest border

Continuous

M

Independent variables

Dependent variables
No of stumps/ha

Continuous

no/ha

Basal area/ha

Continuous

m2/ha

Percentage basal area removed

Continuous

%

Charcoal

Binary

0–1

Fuelwood

Binary

0–1

Poles

Binary

0–1

Forest governance

Categorical

1–4

Area

Categorical

1–2

Binary

0–1

Forest degradation

2.3.2.1. Distance parameters. Distance to road: Distance from plots to major road was calculated
using the NEAR analysis in ArcGIS. Major roads were dirt roads which was the only connection
option between the study areas and Iringa town all year around. Only major roads were selected
for the study. Though small and minor roads have considerable importance, these were not
included during analysis as reliable source for road network did not exist. The only source of
small and minor roads was outdated topographic maps from 1982.
2.3.2.2. Distance to settlements. Settlements were digitized from Quickbird imagery dated
2003 displayed in Google Earth. The Quickbird 2003 images are considered the most recent
high resolution data available. Settlements were digitized as polygons, exported to ArcGIS
and crosschecked with available topographic maps. As the study is small in scale and
population data is available only in the large scale, this study uses settlements instead of
population. A cluster of more than 10 households were considered as one settlement.
Distance from each plot to the nearest centre of settlement was estimated in ArcGIS using
the NEAR analysis tool.
2.3.2.3. Distance to forest edge. A land use map based on a supervised classification of
a Landsat TM scene dated 6 December 2009 was performed with ENVI 4.7. All land use classes
were reclassified into forest and non-forests, exported into ArcGIS and converted into polygons.
Non-forest polygons smaller than 0.5 km were considered as forest gaps and removed from the
non-forest layer. The NEAR analysis tool was used to estimate the distance from plots to nonforest polygons larger than 0.5 km. Non-forest polygons larger than 0.5 km are referred to as
forest edge throughout the paper.

2.3.3. Logistic regression
Logistic regression is used to identify parameters when response variable is binary and explanatory
variable is continuous or categorical. Logistic regression calculates coefficients for the explanatory
variables which are interpreted as weights in algorithm. This gives probability for the data. Logistic
regression has been used in predicting forest fire (Vega et al., 1995), deforestation (Ludeke et al.,
1990) and land use change (Serneels & Lambin, 2001). Logistic regression basically estimates
intensity of explanatory variables and predicts the probability of response variable. For example, if
p denotes probability (Y denotes success or failures), the linear logistic model will be
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Logit ðpÞ ¼ log ½p=ð1

pÞ�

¼ α þ β1 X1 þ β2 X2 þ β3 X3
The logistic model for p is function of X
p¼

expðα þ β1 X1 þ β2 X2 þ β3 X3 Þ
1 þ expðα þ β1 X1 þ β2 X2 þ β3 X3 Þ

where α is the intercept, β1-3 are slope parameters and X1-3 are explanatory variables.
Graphical representation (scatter plots showing observed vs. fitted values), and Pearson’s chisquare test were used to validate output from the model.

2.3.4. Linear regression
The choice of statistical method is largely governed by the type of research design. The objective of
this study is to establish spatial patterns of forest degradation using distance parameters. The
relationship can be the number of trees removed per ha with distance parameters. For this, simple
and mixed linear models were used.
Yi ¼ α þ β1 X1 þ β2 X2 þ β3 X3 þ εi
where Yi is the ith observation of the dependent variable, i.e. stumps number per ha, basal area per
ha, basal area lost per ha or average diameter; X1-3 are independent variables (distance to road,
settlement and forest edge) and εi are errors of the model. The model which showed well
distributed scattered plot was selected. First model was run with one dependent variable and all
independent variables. Independent variables which were not significant were gradually removed
from the model. The model showing the best fit of the data (best scatter plot for observed vs. fitted
values), low RMSE and high adjusted R squared values was selected.

3. Results
3.1. Trees cutting
The majority of plots (67%) evidenced forest degradation. Trees were removed for collection of
fuelwood and poles followed by chopping down trees for charcoal production, removing trees for
farming and fences (F&F) and other purposes, e.g. making rope, wood carving, honey production,
medicinal plants/parts collection etc.
Number of stumps found per ha was highest for fuelwood followed by poles, charcoal, F&F and
other purposes (Figure 2a). However, the AGB extracted for charcoal was higher than for fuelwood

Figure 2. Overall share of tree
cuttings for different purposes:
(a) Number of stumps per ha
(left) and (b) biomass (ton ha−1)
(right).

F&F
7%

Other
6%

Other
14%
Charcoal
27%
F&F
7%
Pole
6%

Pole
27%
Fuelwood
32%

Fuelwood
13%

Charcoal
61%
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and poles (Figure 2b). Charcoal production was common in area 2 and the number of stumps
found per ha differed significantly with area 1 (t = −2.070, p = 0.046) but differences in AGB
removed were not found significant (t = −1.374, p = 0.1758) between two areas. Fuelwood was
used for both subsistence and commercial purposes. Subsistence use of fuelwood was practiced in
both areas but commercialization was more frequent in area 2. The fuelwood consumption was
also not statistically different between two areas (p > 0.05). Subsistence use of poles was common
in both areas and biomass removed was significantly different in the two areas (t = 2.651, p
= 0.012). Very few stumps (less than 1% of total stumps) removed for timbers were found in the
study area.
The mean stump diameter (SD) for area 1 and 2 were 9.131 ± 0.501 cm and 14.403 ± 0.647 cm
respectively. The mean SD variation is higher in area 2 and is statistically significant with area 1
(t = −3.185, p = 0.004). Trees with the highest SD (64 cm) encountered was removed for charcoal in
area 2. A majority of the stumps (76%) found had less than 15 cm SD.
Tree removals represented a mean biomass ± standard error of 6.264 ± 1.567 tons per ha from
old cut which was higher than 0.544 ± 0.224 tons per ha from fresh cuts in both areas. The
assessment showed that there was decrease in the tree cuttings as the number of fresh cuts was
small compared to old cuts in both areas (Figure 3). The total basal area, volume and biomass also
decreased among fresh cuts as compared to old cuts and all these values were significantly
different between two areas (Table 3).
Biomass was estimated using four equations which showed little variation. There was no significant
difference in calculated biomass (Table 4). The equation suggested by Chamshama et al. (2004) was
selected and 6.927 ± 1.591 ton ha−1 average biomass was calculated for the study area.

Figure 3. Representation of BA
(m2ha−1), volume (m3ha−1) and
biomass (ton ha−1) for fresh and
old cuts in both areas.

10
Fresh
Old

8
6
4
2
0
BA/ha

Biomass/ha

-2

Table 3. Comparison of mean ± standard error no ha−1, BA ha−1 and volume ha−1 in two areas
Parameters

Fresh stumps

Old stumps

t

Pr > |t|

No. m2ha−1

19.757 ± 5.457

64.882 ± 10.322

−3.865

0.000

BA m2ha−1

0.143 ± 0.051

1.227 ± 0.241

−4.391

0.000

Volume m3ha−1

0.972 ± 0.422

12.564 ± 3.478

−3.309

0.002

0.544 ± 0.224

6.264 ± 1.567

−3.614

0.001

−1

Biomass ton ha
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Table 4. Mean biomass estimated from four different allometric equations
Model no

Allometric
equations

Both

Area 1

Area 2

1

(Malimbwi et al.,
1994)

6.835 ± 1.611

5.527 ± 1.764

8.190 ± 2.736

2

(Malimbwi et al.,
1994)

5.654 ± 1.177

4.701 ± 1.306

6.641 ± 1.987

3

(Brown, 1997)

4.067 ± 0.717

3.542 ± 0.807

4.611 ± 1.204

4

(Chamshama et al.,
2004)

6.927 ± 1.591

5.633 ± 1.747

8.267 ± 2.697

3.2. Spatial analysis
3.2.1. Spatial modelling of tree removal
Since the level of tree harvesting can differ significantly between area 1 and 2, the spatial analysis
was performed for both areas separately and in combination. The average distances from plots to
settlement, road and forest edge were 3.7 km, 4.8 km and 1.3 km respectively.
The count of plots with tree removal revealed that the majority of plots showed some evidence
of forest degradation. Apart from tree cuttings, some plots showed signs of other human dis
turbance such as fire and grazing. These degradation activities were, however, outside the scope of
this study.
From field observation, it was found that plots located in inaccessible areas (sloppy, stony and
bushy) did not have any stumps. No trees were cut in such plots, because the area either did not
have suitable species for fuelwood, charcoal, poles or any other purposes or were located in
difficult areas. The logistic regression model performed with major degradation activities included
showed that the probability of forest degradation was significantly affected by the distance to
settlement (p = 0.033) and forest edge (p = 0.011). However distance to road did not show any
relationship with degradation (p = 0.363) (Table 5). The significance of forest degradation with
respect to distance to settlements and forest edge allowed further analysis and simple linear
regression was performed in plots having degradation.
Relationship of number of stumps with distance to forest edge showed inverse function with
higher tree cuttings nearby forest edges and 70% of the cuttings were found within 1.5 km from
forest edge (Figure 4).
No significant relationship was found between tree harvesting (stumps per hectare) with distance to
major roads when the two areas are combined, but was significant in area 1 alone (Table 6). Similarly,
tree cutting was inversely proportional to settlement distance in both areas and area 1 (Table 6).

Table 5. Logistic regression of forest degradation (presence or absence) with distance para
meters in meters (df = 57)
Parameters

Intercept

Parameter
estimates

Standard
error

Pr(>|z|)

CI (95%)

Distance to road

0.0001

0.4555

0.0001

0.3630

0.4553, 0.4557

Distance to
settlement

1.9253

−0.0003

0.0001

0.0333

−0.0006, 0.0000

Distance to
forest edge

1.9141

−0.0008

0.0003

0.0111

−0.0013, −0.0002
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350
No. of stumps ha-1

Figure 4. Number of stumps per
ha plotted against distance to
forest edge (m).
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The effect of BA removed with distance parameters in area 1, area 2 showed mixed results. It
was significantly affected by the distance to settlements in area 2 only. Both areas combined and
area 1 were not affected (Table 7). Effects of distance to road and forest edge did not show any
relationship with BA in both areas and area 2 alone. Intensity of trees removals in terms of BA was
found to be confined within 10 km from settlement (Figure 5). Distance to settlement had
a stronger effect on the basal area removed than other variables in both areas (Table 7).
It was found that percentage of total BA lost was significant with distance to settlements in both
areas. Very few trees were removed within 1 km of settlements and majority of cuttings were
centred up to 4 km from settlements (Figure 6). Distance to road and forest edge showed no
significant effect on the percentage BA lost in both areas and area 2 (Table 8). Percentage basal
area removed was significant with all three distance parameters in area 1.
Logistic regression was performed with major forest products i.e. charcoal, fuelwood and poles.
Stumps removed for charcoal was found up to 14 km, 9 km and 3.5 km from road, settlements and
forest edge. The probability of trees removed for charcoal was affected by distance to road only (p
= 0.0346) (Table 9 and Figure 7).
Fuelwood collection was practiced for subsistence and commercial purposes. Subsistence con
sumption was confined near the settlements and commercial collection was practiced far from
settlements (Figure 8).The probability of stumps removed for fuelwood decreased significantly with
increasing distance to settlements and forest edge (Table 10). Distance to road did not influence
fuelwood collection significantly.
Tree cutting for poles were used for both subsistence and commercial uses, but subsistence was
more common in both areas. Poles can be small and large in size based upon its uses and species.
Species which can give straight and hard wood were selected for poles. Tree cutting for poles was
significantly affected by the distance to settlements but did not show any pattern with two other
distance parameters (Table 11 and Figure 8).

4. Discussion
4.1. Forest degrading activities and their impacts
Forest degrading activities found in study areas were charcoal production, fuelwood collection, pole
extraction, honey collection, timber extraction, rope making, carving etc., and are similar with the
finding of Luoga et al. (2002). The volume of wood extracted, i.e. 13.536 ± 3.477 m3ha−1 was lower
than the volume mentioned by Luoga et al. (2002), which was 19.6 m3ha−1 in public lands in Miombo
woodland in eastern Tanzania. The large volume might be due to large commercial activities in their
study area. The impact of forest degradation was analysed in terms of number of stumps found per ha,
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plotted against distance to
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Figure 6. Percentage basal area
removed plotted against dis
tance to settlement (m).
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basal area lost per ha, volume of wood removed per ha and above ground biomass lost per ha. Because
of research priorities and limitations, allometric equations from published literatures were used.
Trees removed for charcoal, fuelwood and poles dominated cuttings in the study area (Luoga,
2000; Nsolomo & Chamshama, 1990), trees removal for charcoal was more common in area 2 and
was practiced in VF, CBFM and forest reserve. There were large numbers of illegal charcoal making
activities found in area 2. The charcoal production caused removal of nearly all trees surrounding the
kiln (Luoga et al., 2002).
Majority of the people living in study area prepare their food using fuelwood which is one of the
higher wood products consumed in the area. Fuelwood collection is very common in nearby
settlements. Subsistence consumption of fuelwood was found up to 4 km distance from the forest
settlements whereas commercial utilization can go beyond 5 km. According to the study done in
Kenya, areas with more than 5 km radius had no trees because of fuelwood collection (Kirubi et al.,
2000). High tree removals were found for fuelwood collection nearby the permanent settlements
in Chiapas, Mexico (Ochoa-gaona & Gonza, 2000).
Unlike fuelwood, poles and charcoal; few trees species were found suitable and preferred for
timber. These species disappeared from vicinity of human settlements due to their overharvesting
and lack of protection.
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Table 9. Relationship of charcoal presence with respect to distance parameters (df = 57)
Parameters

Parameter
estimates

Standard
error

Pr(>|z|)

Distance to road
(m)

−2.296

0.0002

0.0001

0.0346

0.0000,0.0003

Distance to
settlement (m)

−0.953

−0.0001

0.0002

0.5110

0.0000,0.0002

Distance to
forest edge (m)

−0.626

−0.0006

0.0004

0.1100

0.0000, 0.0001

CI (95%)

2.5

Biomass removed( tons per
ha)

Figure 7. Availability of stumps
removed for charcoal with
respect to the distance from
settlements in both areas.
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Figure 8. Distribution of bio
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fuelwood and pole distance
from settlements in both areas.
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4.1.1. Spatial pattern of forest degradation
Distance to settlements is found to be good variable for predicting tree cutting pattern and showed
inverse relationship. Intensity of tree cutting is decreased with the increase in the distance from
the settlements. This finding is supported by studies done in Miombo woodland in Zimbabwe
(Grundy et al., 1993; Vermeulen, 1996) and savanna in South Africa (Shackleton et al., 1994). But
Luoga et al. (2002) presented that wood cutting did not show any inverse relationship with
settlements and explained that commercial charcoal production was dominant wood products
which might affect whole result.

Page 16 of 21

Bhattarai et al., Cogent Environmental Science (2020), 6: 1801218
https://doi.org/10.1080/23311843.2020.1801218

Table 10. Relationship of tree cutting for fuelwood with respect to the distance factors
(df = 57)
Parameters

Intercept

Parameter
estimates

Standard
error

Pr(>|z|)

CI (95%)

−0.3720

0.0000

0.0001

0.9450

−0.0001, 0.0001

Distance to
settlement (m)

1.8227

−0.0007

0.0002

0.0056

−0.0011,-0.0002

Distance to
forest edge (m)

0.4507

−0.0006

0.0003

0.0343

−0.00121,0.0000

Distance to
road (m)

Table 11. Relationship of tree cutting for poles with distance parameters (df = 57)
Parameters

Intercept

Parameter
estimates

Standard
error

Pr(>|z|)

CI (95%)

Distance to
road (m)

0.0953

−0.0001

0.0001

0.2150

−0.0002, 0.0001

Distance to
settlement (m)

1.0583

−0.0004

0.0002

0.0239

−0.0008, −0.0001

Distance to
forest edge (m)

0.3007

−0.0005

0.0003

0.0773

−0.0011, 0.0001

Tree cutting was described as an inverse function of distance to the forest edge with large tree
cuttings nearby the forest edge. Similar relationship between distance to forest edge and defor
estation was found in Cameroon (Mertens & Lambin, 1997).
Tree removal is significantly affected by road distance in area 1, but is not significant in area 2
and both areas combined. This may be because all transects in the area 1 are situated along the
road but the road is located in the opposite direction from forest in area 2. In addition, all small
roads and paths indicated in the topographic map were ignored as the map was old, and small
roads may be changed in due course of time.
Biomass removed was decreased which is demonstrated by high biomass with older cuttings as
compared to fresh ones. This might be the result of decrease in wood stocking that may lead to
travel further distance to collect forest resources.
Occurrence of stumps removed for charcoal was significantly affected by the distance to road.
From field observation and interviews, it was found that geography of the area (slope, soil,
presence of stones and availability of drinking water) and preferred species are decisive factors
for location of charcoal production. Hidden infrastructure such as minor dirt roads makes distance
to the chosen proxy variables less important. Charcoal production is common in area 2 and main
legal charcoal kilns were located in clusters in area 2. But none of the plot sampled in this study
coincided with clustered kiln sites in area 2. This might be the reason for the significance of stumps
removed for charcoal with distance to road in the area 2. Luoga et al. (Luoga et al., 2002) also
argued that charcoal does not follow any kind of pattern. Fuelwood and poles were used mainly for
subsistence purpose and followed inverse relationship with distance to settlements. As most of
wood cuttings (fuelwood and poles) were done for subsistence purposes, distance to settlement
has stronger effect on the wood cuttings in both areas.
The length of the transect is taken 4 km from the forest border based on the assumption that
local people might travel a maximum of 4 km on foot but people may travel beyond this distance.
The combined effect of dependent variables was not significant but each variable was found
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significant when dealt separately in the model. This might be because dependent variables have
correlation with each other and sample size is small for this study. Settlement is used as
a predictor for location of local population centres. Actual population density per km2 would likely
have been a more accurate proxy variable for prediction of forest degradation. However, local
population data connected with settlements was not obtainable. Population data exists for larger
areas such as the national census in 2002 and afripop.org, but this data is too coarse for the scale
of this study. Distance to settlements was measured using the NEAR analysis and all settlements
are given equal weights irrespective of their size and effect on the forest use. There is a need for
methods to extract local population data in future degradation studies.
Since, this study focused on the measurement of stump diameter, DBH was estimated using allometric
equation developed from secondary data which were gathered from area 2. Therefore, the estimated
DBH may have some deviations from the true DBH. The overall results are based on small scale study; and
may vary if the scale is increased. Grazing and pastoralists have big impacts on forests in these areas and
further research is needed to analyse the impact of grazing in these areas.

5. Conclusion
The major forest degrading activities were—chopping down trees for fuelwood collection, poles extrac
tion, charcoal production, farming and fencing, and other purposes. The number of stumps found was
statistically insignificant in the case of charcoal and fuelwood. Average biomass removed was
6.927 ± 1.591 ton ha−1 from the study areas. The majority of stumps removed were below 15 cm
diameter. Tree cutting in terms of number per hactare showed inverse relationship with distance to
settlement and forest edge in both areas but did not show any pattern with road in the study area.
However, tree cutting in area 1 alone was found to be significant with all the distance parameters.
Percentage basal area removed was significant only with distance to settlements. Thus, distance to
settlement is found as a better predictor for degradation in the study area. Logistic regression performed
with major tree cutting purposes showed that probability of presence of charcoal was significantly
affected by the distance to road. Trees removal for poles and fuelwood collection was significantly
affected by the distance to settlements only.
The result of this study could be a useful reference to researchers and policy makers as they
require regular monitoring of carbon dynamics across the country. As this method of assessing
forest degradation activities using proxy variables are comparatively low cost and simple as
compared to high cost remote sensing techniques, they can apply this method as a preliminary
tool before detail analysis. Therefore, the assessment of forest degradation using these kind of low
cost techniques are more important for the countries which have dry forest like Tanzania who wish
to access carbon finance mechanism to address the climate change mitigation.
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