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ABSTRACT 
Recent advances in the application of spectral bands from satellite 
observations and machine learning algorithms (MLA) in the 
Google Earth Engine (GEE) cloud-computing platform have been 
demonstrated to enhance the accuracy of mapping forest resour
ces. This study presents a novel method for mapping the natural 
distribution of highland bamboo (Oldeania alpina) using spectral 
bands and three machine learning algorithms, namely random 
forest, gradient tree boosting, and classification and regression 
tree. First, spectral bands, vegetation indices and textural features 
including contrast, entropy and inverse difference moment were 
derived from the Sentinel-2 elevation data. Second, observations 
were categorized as the dry season (December–February), short 
rainy season (March-May), main (long) rainy season (June-August), 
wet season (September–November) and annual composite. Third, 
the machine learning algorithms were tested using 1882 ground 
control points collected from field and high spatial resolution 
images. Finally, the best-performing machine learning algorithm 
was used to classify and map bamboo forests. The five land cover 
categories identified were bamboo stands, natural forest, other 
vegetation, non-vegetated areas and water bodies. The result 
shows that the random forest classifier is a robust algorithm with 
an overall accuracy of 94% considering all the annual composite’s 
spectral, vegetation and textural variables. The highland bamboo 
coverage (91 km2) in the Andracha district provided valuable 
insights. Bamboo stands were mostly distributed in the southern 
and southeastern parts of the district. Here, we show that image 
compositing and multiple input parameters using machine learn
ing techniques can overcome challenges facing land cover   
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classification, which can hinder accurate mapping of Afromontane 
forests. We conclude that the incorporation of vegetation indices 
and textural features in land cover classification increases accur
acy of mapping natural highland bamboo coverage and distribu
tion. The application of this new method is a promising prospect 
not only in Ethiopia but also in Afromontane forests elsewhere in 
Africa.

1. Introduction

Globally, bamboo forests are widely distributed in the tropical, subtropical and mild tem
perate regions of Asia, Africa, and Latin America (Liu et al. 2018; Nath et al. 2020). The 
total global area of bamboo forests is estimated at 30.5 million hectares or approximately 
1% of the total global forest area (Du et al. 2018). In many countries, bamboos form cul
tural and ecological features where they provide environmental, social, and economic ben
efits (Clark et al. 2015; Nath et al. 2020). Bamboo forests also hold great potential for 
carbon sequestration and climate change mitigation (Nath et al. 2020). Highland bamboo 
(Oldeania alpina) is a key species in Africa. It occurs mostly on high mountain slopes at 
altitudes of 2000–4000 msl (Hall and Inada 2008), which are some of the most important 
water towers in Africa. In many places, it forms vast pure stands providing important 
habitats and food for wildlife on the high mountains of significant conservation status 
including Mt. Kivu in Zaire, the Virunga transboundary protected area covering the 
Democratic Republic of Congo, Uganda and Rwanda, the Aberdares and Mau ranges and 
Mt Kenya in Kenya, the highlands of Ethiopia, Mt Uluguru in Tanzania, Mt. Mulanje in 
Malawi, and Mt Cameroon in Cameroon (Hall and Inada 2008; Sheil et al. 2012; 
Stapleton 2013). Despite its importance, reliable and consistent data on the natural distri
bution of highland bamboo in Africa is limited, making it difficult to assess its abundance 
(Abebe et al. 2021). Timely mapping of the distribution of highland bamboo is critical for 
biodiversity conservation, resource management, policy-making for rural poverty reduc
tion and to better estimate its contribution to climate change mitigation (Zhao et al. 
2018). Due to its wide distribution, mapping highland bamboo by field surveys would be 
labour-intensive and time-consuming. Mapping the distribution of bamboo through 
remotely sensed data has also been difficult owing to spectral similarities to evergreen 
forests and other vegetation cover types (Zhao et al. 2018; Zhang et al. 2019).

The increased availability of improved methods of digital image processing, open- 
access satellite imagery and analysis tools and platforms for handling big data are opening 
new avenues for monitoring changes in vegetation dynamics, species distribution mapping 
and modelling (Turner et al. 2015). One of the recent geospatial data computing plat
forms with extensive applications and functionalities is the Google Earth Engine (GEE). 
GEE is a web-based planetary-scale computational platform with tools for analyzing and 
visualizing geospatial data (Gorelick et al. 2017; Kumar and Mutanga 2018; Venkatappa 
et al. 2020). From a data mining perspective, the use of all available satellite images can 
maximize the amount of good-quality observations for time series analysis at the pixel 
level (Zhang et al. 2019). GEE allows accessing multi-petabyte satellite images for a time 
series analysis in cloud-based platforms. As a result, global forest cover dynamics and 
land cover mapping can be implemented using image collections in GEE (Hansen et al. 
2013; Venkatappa et al. 2019).
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With the aid of GEE cloud computing technology, vegetation index threshold-based 
classification has increasingly gained attention for different applications in geospatial sci
ence (Venkatappa et al. 2019). Originally, scientists developed vegetation indices for quali
tatively and quantitatively evaluating vegetative covers (Bannari et al. 1995; Gilabert et al. 
2010). In addition, texture is one of the important characteristics used in identifying 
objects or regions of interest for land cover classification. Statistical texture analysis tech
niques primarily describe the texture of regions in an image through higher-order 
moments of their grayscale histograms (Tomita and Tsuji 2013). These techniques were 
recently found important for classifying bamboo forests (Qi et al. 2022).

In this study, we explored a novel method combining machine learning algorithms 
with the inclusion of vegetation indices and textural features and multi-date compositing 
imagery in GEE for mapping the distribution of natural highland bamboo in Ethiopia. 
The objective of the study was to map the natural distribution of highland bamboo in 
Southwest Ethiopia using a combination of machine learning based classification method 
and GEE. Highland bamboo was chosen because of its environmental, economic and 
social significance in the Afromontane forests of Africa in general and Ethiopia in particu
lar (Grimshaw 1999; Kelbessa et al. 2000; Embaye 2003; Mekonnen et al. 2014; Mulatu 
et al. 2016; Mekonnen 2017).

2. Materials and methods

2.1. Description of the study area

This study was conducted in Andrcha district, located in Southwest Ethiopia between lati
tudes of 7�220 and 7�450 N and longitude of 35�60 and 35�350 E (Figure 1). The district 
covers an estimated area of 1,011.7 km2. The altitude of the area ranges from 838 to 
2756 m and slope reaching 65 degrees. It is one of the areas with a high rainfall in the 
country receiving around 2005 mm per annum. The mean annual temperature of the area 
is 17.6 �C. The vegetation of the area is mostly characterized by typical Afromontane for
ests, which constitute a unique forest type occurring on high African mountains. The 

Figure 1. Maps of a) the study area with elevation between 838 m above sea level (m.a.s.l.) to 2756 (m.a.s.l.) and 
b) dense sample plots used for the classification bamboo-orange, Forest- dark green, other vegetation-yellow, non- 
vegetation-red, and water body-blue. The grey area represents the study district, and hashed area is other districts.
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district is also home to the Skeka forest, which received the status of a UNESCO 
Biosphere Reserve (FDRE 2011). It is also one of the few remaining pristine moist afro
montane forests in Ethiopia. As such, it is highly regarded as important for the conserva
tion of afromontane forest vegetation types including alpine bamboo thickets (SZA 2015). 
The conspicuous woody species in the area include Macaranga capensis, Pouteria 
adolfi-friedericii, Millettia ferruginea, Oldeania alpina and Coffea arabica (Mullatu et al. 
2015). The main land use system in the area is coffee agro-forestry. Besides, non-timber 
forest products (eg, honey and spices) and crop production are important as well.

2.2. Data acquisition and preparation

Ground control data collection using the Global Positioning System (GPS) was conducted 
in the Andracha district between January and June 2020. Reference points were also col
lected from high resolution imagery of Google Earth Pro (Li et al. 2016; Zhang et al. 
2019). A total of 1882 reference points were used for training, testing of image classifica
tion, and mapping. The highest number of samples (558 points) was taken from bamboo 
land cover class to increase the classification accuracy (Abebe et al. 2021). Sentinel-2 (S2) 
multispectral imagery (Phiri et al. 2020) was selected as a remote sensing data source. It 
was selected as it provides imagery with a combination of higher spatial resolution and 
frequency, with less data volume for a comparable space-time dataset (Clark et al. 2020). 
GEE JavaScript was used to process all available time-series remote sensing data. Sentinel- 
2 surface reflectance data at 10–20 m spatial resolution from January 01 to December 31, 
2020, having cloud cover less than 10% and covering the study area were accessed from 
European Space Agency (ESA 2022) in GEE platform. These data were finally produced 
with 10 m spatial resolution to have the same spatial resolution data for analysis in the 
same platform. A total of 144 images were acquired and median values of the observa
tions were computed to fill gaps from clouds in the image, which have high values, and 
shadows, which have low values (Gorelick et al. 2017). We applied an image compositing 
and reducer function to calculate the median value of the image collection in 2020 
(Venkatappa et al. 2020).

2.3. Analytic framework

The analytical framework to perform the classification and mapping of the highland bam
boo forest is presented in Figure 2. The overall mapping approach follows four main 
steps. First, numerous spectral and textural features for bamboo identification were 
derived from the time-series Sentinel-2 data. Second, field collected training and valid
ation data were refined. Third, different machine learning classifier algorithms were tested 
using the training samples. Finally, the best performing algorithm was used for the classi
fication and mapping of bamboo. GEE was used to process remotely sensed data, analyze 
features, and implement classifications (Gorelick et al. 2017). ArcGIS 10.3 was used to 
generate the final mapping results and statistical analysis. Details of the methodology are 
provided below.

2.3.1. Feature extraction
Mapping bamboo using standard supervised and unsupervised classification techniques 
with the traditional spectral approach is challenging due to the similarity of spectra 
between bamboo and other forest types (Goswami et al. 2010; Zhang et al. 2019; Abebe 
et al. 2021; Qi et al. 2022) and as shown in Figure 3. To offset this problem, machine 
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learning algorithms using different feature extractions in GEE proved successful in 
improving land cover classifications (Phan et al. 2020; Zeng et al. 2020; Hasan et al. 2022; 
Qi et al. 2022). In the present study, 15 features were employed in GEE for the land cover 

Figure 2. Methodological framework implemented to execute LULC classification and bamboo cover mapping.

Figure 3. Spectral profile of the five classes bamboo, forest, other vegetation, non-vegetation, and water body.
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classification and highland bamboo mapping (Table 1). These are spectral bands, vegeta
tion indices and textural features.

Vegetation indices derived from various multi-spectral bands are sensitive indicators of 
the presence and conditions of specific types of green vegetation (Bannari et al. 1995; 
Goswami et al. 2010; Lillesand et al. 2015). In the present study, six vegetation indices 
have been calculated and tested for each image scene to distinguish different land covers 
in the Southwest Ethiopia. Vegetation indices were produced from the surface reflectance 
composites using GEE. The indices used were the normalized difference vegetation index 
(NDVI) (Zhang et al. 2019), enhanced vegetation index (EVI) (Wang et al. 2017), green 
chlorophyll vegetation index (GCVI) (Zhang et al. 2019), land surface water index (LSWI) 
(Wang et al. 2017), stress index (SI) (Goswami et al. 2010), and a normalized (double) 
difference bamboo index (BI) (Goswami et al. 2010). They are defined as:

NDVI ¼
qNIR − qred
qNIR þ qred 

EVI ¼ 2:5�
qNIR − qred

qNIR þ 6qred − 7:5qblue þ 1 

GCVI ¼
qNIR
qgreen

− 1 

LSWI ¼
qNIR − qSWIR1
qNIR þ qSWIR1 

SI ¼
qNIR − qSWIR2
qNIR þ qSWIR2 

BI ¼
NDVI − SI
NDVI þ SI 

where qblue, qgreen, qred, qNIR, qSWIR1 and qSWIR2 are the surface reflectance values of blue 
(458–523 nm), green (543–578 nm), red (650–680 nm), near-infrared (785–899 nm), short
wave- infrared 1 (1565–1655 nm) and shortwave- infrared 2 (2100–2280 nm) bands in S2 
sensor, respectively.

NDVI and EVI are related to vegetation greenness. GCVI has a more dynamic range 
for denser canopies (high LAI) than NDVI, and LSWI is sensitive to the vegetation can
opy water content and its soil background (Zhang et al. 2019). SI and BI measure leaf 
water content (Goswami et al. 2010). LSWI is also known as normalized difference mois
ture index or normalized difference water index (Jensen 2015).

In addition to vegetation indices, textural features were derived from the composited 
image using GEE to help the land cover classification (Qi et al. 2022). The most fre
quently cited method for texture analysis is based on gray level co-occurrence matrix 
(GLCM) (Harlick et al. 1973). GLCM is a matrix where the number of rows and columns 
is equal to the number of gray levels in the image (Mohanaiah et al. 2013). According to 
Iqbal et al. (2021), the first step in calculating GLCM is to convert the original image to 
the grayscale. The next step is to extract spatial features from the gray-scale images based 

Table 1. Variables used for land cover classification and highland bamboo mapping.

Features Metrics No. of variables

Spectral bands BLUE, GREEN, RED, NIR, SWIR1, SWIR2 6
Vegetation Indices NDVI, EVI, LSWI, GCVI, SI, BI 6
Texture Contrast, Entropy, Inverse Difference Moment 3
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on the relationship of brightness values to the center pixel with its neighborhood defined 
by a kernel or window size. Several texture features can be extracted from the GLCM. In 
this study, three textural features, namely, contrast, entropy and inverse difference 
moment (IDM) were considered. The features are selected based on their discrimination 
accuracy and time required for computation (Mohanaiah et al. 2013).

Contrast measures the spatial frequency of an image and is a different moment of 
GLCM (Iqbal et al. 2021). It is the difference between the highest and the lowest values of 
the adjacent set of pixels. Entropy shows the amount of information of the image that is 
needed for the image compression. Entropy measures the loss of information or message in 
a transmitted signal and measures the image information (Mohanaiah et al. 2013). IDM 
measures the homogeneity in the image where it assumes larger values for smaller differen
ces in grey tone within-pair elements. GLCM contrast and homogeneity are strongly and 
inversely correlated, which means homogeneity decreases when contrast increases while 
energy is kept constant (Iqbal et al. 2021). Each of the listed textural features was computed 
using the following equations (Mohanaiah et al. 2013; Iqbal et al. 2021).

Contrast ¼
XN−1

i¼0

XN−1

j¼0
ði − jÞ2 

Entropy ¼
XN−1

i¼0

XN−1

j¼0
−Pði, jÞ � log − Pði, jÞ

IDM ¼
XN−1

i¼0

XN−1

j¼0

Pði, JÞ

1þ ði − jÞ2 

where N denotes the number of gray levels, while P(i, j) is the normalized value of the 
grayscale position i and j of the kernel with a sum equal to 1.

2.3.2. Image classification and validation
Land cover classification was done using supervised classification in three machine learn
ing classification algorithms in the GEE platform. These were random forest (RF), gradi
ent tree boosting (GTB) and classification and regression trees (CART) classifiers 
(Gorelick et al. 2017). These algorithms were chosen because they are suitable for categor
ical classification and have been widely used in various contexts for classification 
(Breiman et al. 1984; Ming et al. 2016; Jamali et al. 2021; Park et al. 2021). RF is an 
ensemble learning method that produces a series of decision trees, using a randomly 
selected subset of training samples and variables (Breiman et al. 1984; Belgiu and Dr�aguţ 
2016; Zhang et al. 2019). The RF classifier improves the classification accuracy through its 
object-based processing algorithms (Magidi et al. 2021). GTB is a decision tree–based 
algorithm that tries to predict the residual of the previous decision tree. In GTB, predic
tions are obtained in a sequential approach in which each decision tree predicts the error 
of the previous decision tree—thereby boosting (improving) the error (gradient) 
(Ayyadevara 2018). In gradient boosting machines, the learning procedure consecutively 
fits new models to provide a more accurate estimate of the response variable (Natekin 
and Knoll 2013). CART is a simple but powerful prediction model constructed by recur
sively partitioning a data set and fitting a simple model to each partition (Breiman et al. 
1984). Unlike logistic and linear regression, CART does not develop a prediction equa
tion, instead data are partitioned along the predictor axes into subsets with homogeneous 
values of the dependent variable—a process represented by a decision tree that can be 
used to make predictions from new observations (Krzywinski and Altman 2017).
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For the land cover classification, several options of feature combinations were tested 
for different composite periods: dry season (December–February), short rainy season 
(March–May), main (long) rainy season (June-August), wet season (September– 
November) and annual composite. The annual composite represents all seasons combined. 
The options tested in the classification were:

Option 1: Spectral bands, vegetation indices and textural features
Option 2: Spectral bands and vegetation indices
Option 3: Only spectral bands
Option 4: Only vegetation indices

The classification was implemented with 100 decision trees, because of the good balance 
between classification performance and cost in computation time (Zhang et al. 2019). The 
classification process was designed in such a way that five land cover classes that are pertin
ent to the objective of this study were identified (Table 2), and their spectral profile was plot
ted by taking the average reflectance values of each class from Sentinel 2 bands (Figure 3).

Evaluating the accuracy of classification results is important to select the best classifica
tion algorithm and proceed to other procedures. To validate the classification, the data 
were split into two, 70% for training and 30% for validating. The classification accuracy 
was assessed using a confusion matrix (Zewdie and Csaplovies 2015; Li et al. 2016; Xu 
et al. 2020). Based on the confusion matrix, accuracy statistics, including overall accuracy 
and kappa coefficient (a measure of overall accuracy that accounts for chance agreement), 
were calculated (Han et al. 2014). The one with highest overall accuracy and kappa statis
tics were used for land cover classification and bamboo mapping.

2.3.3. Generating the bamboo distribution map
Since distinguishing bamboo from other land use types is more critical in this research, 
the highland bamboo land use category was extracted from the classified map for further 
processing using ArcGIS software to identify natural highland bamboo growing areas. The 
processes include visualization, area estimation and export. To ensure consistency among 
data sets (Abebe et al. 2021) and to estimate the area covered by the highland bamboo, all 
images were projected to the Universal Transverse Mercator (UTM) Projection System, 
Zone 37 N, Datum of World Geodetic System 84 (WGS84).

3. Results

3.1. Classification accuracy assessment

The evaluation of classification accuracy among the land cover classes showed that the 
random forest classifier with all the spectral, vegetation and textural variables in the 
annual composite provided the best result with 94% overall accuracy and 0.92 kappa coeffi
cient (Table 3). The user accuracy for the specified classification algorithm was high, ranging 

Table 2. Land use/land cover description.

Land use/land cover type Brief description

Bamboo Predominantly composed of bamboo vegetation
Forest Naturally regenerated forest and woodland, plantations (excludes bamboo forest)
Other vegetation Annual and perennial crops, grasslands and pastures, herbs, bushes
Non-vegetation Built up areas, roads, bare soils, mining sites
Water body Rivers, lakes, dams, ponds
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between 0.92 and 1, the highest being for Bamboo. Likewise, the producer accuracy for the 
land cover categories ranged between 0.91 and 0.97, and the lowest and highest being for 
other vegetation and water body, respectively. Therefore, the RF classifier with all the fea
tures in the annual composite was chosen to create land cover maps of the study area for 
further processes of highland bamboo mapping. GTB found a robust machine learning 
algorithm in three seasons (Dry, Short rain and Wet) while RF had better performance 
for Annual and Main rain season (Table 3). CART performed least in all seasons and 
options.

3.2. Land cover classification

Land cover classification map of the study area from the RF classifier with all the spectral, 
vegetation and textural variables in the annual composite presented in Figure 4. The vari
able importance score analysis indicated that red, SWIR2 and blue spectral bands and 
LSWI and SI vegetation indices had substantial role in the land cover classification 
(Figure 5). The estimated areas occupied by the different land cover categories in the dis
trict were presented in Table 4. The classification result shows that much of the study 
area is covered by forest (67%) and bamboo covers only 9% (Table 4). Land cover classifi
cation across the four seasons is provided in Figure 6.

The variable importance score analysis showed that red, SWIR2 and blue spectral 
bands and LSWI and SI vegetation indices had a substantial role in the land cover classifi
cation (Figure 5). On the other hand, ENTROPY and CONTRAST have the least impor
tance for the classification.

3.3. Distribution of highland bamboo

Maps showing the distribution of natural highland bamboo were generated using the 
RF and GTB classifier algorithms for the entire Andracha district for the year 2020 

Table 3. Classification accuracy results for the land cover categories of the study area.

Random forest Gradient tree boosting CART

Option Season
Overall 

accuracy
Kappa 

coefficient
Overall 

accuracy
Kappa 

coefficient
Overall 

accuracy
Kappa 

coefficient

Option 1 Annual 0.94 0.92 0.93 0.91 0.90 0.87
Dry 0.89 0.86 0.90 0.88 0.88 0.84
Short rain 0.92 0.90 0.93 0.91 0.91 0.88
Main rain 0.91 0.88 0.91 0.87 0.89 0.84
Wet 0.82 0.75 0.85 0.80 0.81 0.74

Option 2 Annual 0.91 0.88 0.91 0.88 0.91 0.88
Dry 0.89 0.85 0.90 0.86 0.88 0.84
Short rain 0.91 0.88 0.92 0.89 0.90 0.86
Main rain 0.90 0.90 0.90 0.86 0.88 0.83
Wet 0.79 0.72 0.82 0.76 0.81 0.75

Option 3 Annual 0.92 0.89 0.93 0.91 0.89 0.86
Dry 0.89 0.84 0.89 0.83 0.85 0.81
Short rain 0.91 0.88 0.90 0.86 0.91 0.88
Main rain 0.92 0.89 0.91 0.87 0.89 0.84
Wet 0.76 0.68 0.84 0.79 0.76 0.69

Option 4 Annual 0.91 0.88 0.91 0.88 0.88 0.84
Dry 0.88 0.83 0.87 0.83 0.86 0.81
Short rain 0.91 0.88 0.91 0.87 0.89 0.85
Main rain 0.89 0.84 0.88 0.84 0.82 0.75
Wet 0.79 0.71 0.78 0.71 0.73 0.64

Bold values indicate best classifier algorithms for each season from all the options.
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(Figures 7 and 8). Accordingly, abundant highland bamboo resources were found in the 
southern and southeastern part of the district, and some patches can be observed in the 
northern part. The natural highland bamboo growing area in the district was estimated at 
91 km2 (9,096 ha), which accounts for about 9% of the total area of the district (Table 4).

Figure 4. Land cover classification map of Andracha district in 2020 from RF classifier with all the spectral, vegetation 
and textural variables in the annual composite.

Figure 5. Variable importance scores of the classification features.
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4. Discussion

A number of studies have attempted to map bamboo forests in general (Du et al. 2018; 
Feng et al. 2023; Xiang et al. 2023; Li et al. 2023a,2023b), but such efforts are lacking for 
highland bamboo particularly in Afromontane forests. Based on published literature, this 
is the first machine learning based classification implemented in GEE to map the natural 
distribution of highland bamboo in Ethiopia. Compared to the commonly used single- 
date or sparse multi-date image selection approaches, the adoption of GEE cloud-based 
time-series image compositing and computing platform significantly enhanced classifica
tion accuracy by incorporating massive volumes of image data and multiple input param
eters using machine learning techniques so as to obtain comprehensive spatio-temporal 
information and also by alleviating the influence of cloud (Liu et al. 2018; Zhang et al. 
2019). The study area receives relatively high rainfall with intense cloud cover compared 
to other parts of the country. This is also characteristic of Afromontane forests occurring 
across Africa, some of which are called cloud forests (Aerts et al. 2011). Consequently, it 
is difficult to get cloud free Sentinel images manually like downloading to a local storage 
and using a composite imagery based on annual time series offered the best option. GEE 

Table 4. Estimated area occupied by the different land cover categories in the study area.

Land cover category Estimated area in ha Coverage in %

Bamboo 9,095.5 8.99
Forest 67,902.1 67.12
Other Vegetation 22,771.4 22.51
Non-vegetation 1,364.2 1.35
Water Body 36.3 0.04

Figure 6. Comparison of the land cover classification results from different seasons: A) represents ‘Dry’ B) represents 
‘Short rain’ C) represents ‘Main rain’ and D) represents ‘Wet’ seasons. White color indicates missing data from the 
cloud.
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can carry out simultaneous temporal and spatial aggregations over a collection of satellite 
imagery by searching available cloud free data for the area (Sidhu et al. 2018). The image 
compositing facilitated by GEE was helpful to obtain more observations for a time series 
analysis to handle the highland bamboo mapping.

The machine learning classification algorithms enabled big data analytics in the GEE 
environment for effective delineation of forest resources (Singh et al. 2020). In the current 
study, both RF and GTB classifiers had comparable accuracy and showed good perform
ance to classify the land use categories in the study area. The distribution of highland 
bamboo was highly affected by the presence of cloud cover in Main rain and Wet seasons. 
Therefore, highland bamboo mapping is better when time series collection is done during 
dry, short rain and annual composite if optical satellite data is utilized for the analysis. 
The accuracy of classification was increased when more features were added to the ana
lysis. The inclusion of vegetation indices and textural features further improved the land 
cover classification in the study area. These results are consistent with other studies (Liu 
et al. 2018; Venkatappa et al. 2019; Zhang et al. 2019; Venkatappa et al. 2020; Qi et al. 
2022). The land cover classification in our study also improved when the time-series 
remote sensing data were taken for the whole year. This may be attributed to the fact that 
spectral information in each pixel becomes more complete when many images are added 
in the analysis.

The variable importance analysis revealed that the red, SWIR2 and blue variables from 
spectral bands and LSWI and SI variables from vegetation indices were the most useful 
features in the classification. Previous studies also indicated that LSWI and SI are 

Figure 7. Map showing the distribution of natural highland bamboo forest in Andracha district Southwest Ethiopia, in 
2020 from RF classifier with all the spectral, vegetation and textural variables in the annual composite.
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important indices in discriminating different vegetation types as they determine the water 
content of the plants, which is different for different plants (Goswami et al. 2010; Li et al. 
2016; Liu et al. 2018; Zhang et al. 2019). Among the textural features, the inverse 

Figure 8. Comparison of the distribution of natural highland bamboo forest results from different seasons: A) repre
sents ‘Dry’; B) represents ‘Short rain’.
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difference moment performed better than the other two features of the GLCM. Similarly, 
a study by Qi et al. (2022) reported that better results were achieved by IDM from the 
GLCM features tested.

The study area is one of the few places in Ethiopia endowed with natural forest. The 
forest coverage of the district was estimated at approximately 770 km2. Other studies also 
confirmed that the area is covered with a vast natural forest of substantial highland bam
boo resource (Bedru 2007; Melese et al. 2014; Mullatu et al. 2015; Zhao et al. 2018; 
Shoddo 2020). Out of the natural forest, we estimated that 11.8% is covered by the high
land bamboo. The highland bamboo occurs in monoculture stands with very few scattered 
trees (Figure 9). The estimated highland bamboo coverage found in the current study is 
higher than a report by Melese et al. (2014) who estimated it as about 4518 ha in 2012. 
This is probably because the improved image analysis technique enabled us to better map 
the distribution of highland bamboo forest in the study area. This demonstrates the cap
ability of image compositing in GEE and inclusion of vegetation indices and textural fea
tures in machine learning classification as a powerful framework for monitoring of 
highland bamboo at a large spatial scale. The approach used in this study has potential 
applications in mapping the distribution of the natural bamboo forests not only in 
Ethiopia but also in afro-montane forests elsewhere in Africa. Moreover, the vast bamboo 
resource found in the district coupled with bamboo is a renewable natural resource, sus
tainable utilization of the bamboo forest can enhance the livelihood of the community 
besides protecting the environment. Highland bamboo is a conspicuous element in 
Afromontane vegetation covering Ethiopia, Kenya, DR Congo, Rwanda, Uganda, 
Tanzania and Malawi in eastern Africa, and the Bamenda Mountains of Cameroon 
(Grimshaw 1999; Yebeyen 2023). The species forms dense stands on the high mountains 
of significant conservation status, including protected areas (Hall and Inada 2008; Sheil 
et al. 2012; Stapleton 2013; Katumbi et al. 2017). It also provides habitat and food for the 
critically endangered and flagship species like eastern Mountain Gorilla and Bale 
Mountain monkeys (Sheil et al. 2012; Stapleton 2013; Mekonnen 2022).

Figure 9. Natural highland bamboo stands in Andracha district, southwest Ethiopia.
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5. Conclusion

As far as we are aware, this is the first of its kind in mapping natural highland bamboo 
in Afromontane forests using vegetation indices and textural features by machine learning 
algorithms in the Google Earth Engine cloud-computing platform. The study provides evi
dence for the feasibility of using machine learning-based mapping and multi-date compo
siting imagery in GEE to discriminate bamboo and other vegetation at moderate spatial 
resolutions. We conclude that image compositing overcomes the common challenges 
including cloud cover, shadow and missing sentinel observations in land cover classifica
tion and mapping. We also conclude that the incorporation of vegetation indices and 
GLCM textures in land cover classification increases accuracy of mapping natural high
land bamboo resource coverage and distribution. The present work demonstrated an effi
cient and cost-effective method for mapping the distribution of bamboo-growing areas. 
The approach used in this research will have potential applications in forest resources 
mapping, ecosystem modelling, and biodiversity conservation and utilization. This study 
has identified omission errors in capturing smaller bamboo patches from moderate- 
resolution satellite data as the main limitation. Further research is required to validate the 
method used in this study in other highland bamboo growing areas of Ethiopia and else
where in Africa using higher spatial resolution remote sensing images.
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