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Abstract: [ Objective | A factor importance analysis of vegetation changes in East Africa based on different
machine learning algorithms was conducted to measure the accuracy and applicability of the different
algorithms in order to provide a scientific basis for protecting, restoring, and promoting sustainable forest
management and comprehensive prevention and control of soil erosion. [ Methods ] Changes in normalized
difference vegetation index (NDVD) for nine countries in East Africa from 2001 to 2020 were determined. The
independent treatment variables were two climatic factors and five human activity factors affecting vegetation
changes in East Africa. Six machine learning algorithms were used to establish NDVI prediction models:

random forest (RF), BP neural networks (BP), support vector machines (SVM), genetic algorithm (GA),
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radial basis function (RBF), and convolutional neural networks (CNN), Coefficient of determination (R*),
mean absolute error (MAE), and mean relative error (MRE) were used as error indicators to evaluate the
potential of the six machine learning algorithms for predicting NDVT changes. Based on the optimal model
(RF), the importance of the selected seven factors was determined. [ Results ] The accuracy verification
results showed that the regression accuracy of the CNN algorithm was the worst for the full factor case in the
study area. After deleting an algorithm with poor comprehensive performance in each round of testing, the
model established by the RF algorithm had the highest regression accuracy for NDVI change analysis in East
Africa. The importance of different factor variables to NDVI change based on RF showed that annual
precipitation, N, O emission, CH, emission, and livestock number had the greatest influence on the results of
the NDVTI change regression. [ Conclusion] RF had a comparative advantage for NDVI simulation in East
Africa. Precipitation was the most important climatic factor affecting vegetation changes. At the same time,
greenhouse gas emissions also had an important impact on vegetation changes in East Africa. East African
countries should raise awareness and understanding of the interdependence of vegetation changes on climate,
environment, socio-economic conditions, and political systems, and develop appropriate policies to promote
sustainable forest management and to combat desertification.

Keywords: normalized difference vegetation index ( NDVI); machine learning; accuracy evaluation; factor

importance; East Africa
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Fig.1 Elevation of study area and mean NDVI distribution in East Africa from 2001 to 2020
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Fig.2 First round of training test results of different machine learning algorithms
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BP 0.013 0.014 0.013 — —
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GA 0.012 0.012 0.013 0.017 0.027
RF 0.012 0.014 0.012 0.013 0.018
CNN 0.053 — — — —
RBF 0.021 0.027 — — —
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CNN 0.012 — — — —
RBF 0.003 0.002 — — —
BP 0.002 0.002 0.005 — —
TES MBE SVM 0.002 0.002 0.004 0.007 —
GA 0.003 0.005 0.001 0.002 0.003
RF 0.001 6 0.001 9 0.005 0.004 0.005




K T M4 R T HLAS 5 T B R AR A L A N T A A

233

B ¥
LST
BBE
FRS

PCL

A7 E N

N,0

PRE

3

4 5 6

LLERVE
B4 ETHIRHNEEZNERENUSEFEES

Fig.4 Importance diagram of each factor in first round of
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simulation based on random forest algorithm

NRABETEIN F 45 3 AR A NDVI 22 46 /9 fif B
FERE TR & A DN - P 10T O 45 R A LA 1
B R — > BE LA S E R AR N A S
T X AR AE NDVT B AS AL #E AT 273 B 70 Hr 46
RANEL S Frzs . a0 b 5 AR UL EE R n] g, X AR

NDVT A2 Al 5 Wil fiz A B P50 47 K i, P 35 3 2

PETE 31% ~42% Z [u), H I 2P K/ & N7 5L
R T R, AR TR K S N O HE iR
CH, HFjif. H N, O HE EZ AR S T CH 5
153 7 N T I A= G T VR i QBB N =
FEOR S BN R4y 58 0.063/10 YA 0.054/10 WK 5
(B T R 50 4 b A T BR o HE A 1) 7 2
0,475,y [) 0 S VK (8 1T 4 00 ok . A 58 — R AL h
HAy 894 0.121,0.135 #iE# 2 N,O,CH, HEik
A RPN AN 2 PR R B T BB R T SR A Y i
AN R AR T AR RORR AN B A
b, Fte SUHE it v] 3k A BRHE U I 20 20 %6 ~ 30965,
AR 7= T FE i 11 R DU 2K T AR i e
M EE B, = A0 A 22 e il 2.81%, 2.45%,
4.41%  ZR AR B B 1) STk R At T Y 0,597,
b 14.01% E#KZE 0.604, d7 L 18.39 %0 . 76 45 DU £ 455 411
LR 5 CH, HEBCR: /Y 35 2 AH 355 5 58 =58 h 0
TR A 22 AUA 4.41 % X 02 B TR B X R I 4
T I AR R S 1 SR 22 0 N I A R R 2
B AR SRy AR TH LG AR ORR A R

Lag SwEmT SR FEREHE I<BEKH<10
o 120 - - N<HLKH <20
e 1.0 PNan. — 21X F<30
BT N~ IS K H <40
g*ﬂ 0.8 —mem AT R B <50
0.6 +
0.4+
0.2 : - - : - ;
PRE N,O CH, PCL FRS BBE LST
B T
EFRTEEREZH B TRARMAHTERTEZH
50 50 1 v
¥,
L B F
40 40 + e T LST
----- FRS
-+= CH
b 4
& 30 F 30} ___PRE
-
= = —_
20 ® o0l N.0
- {
10 10 | «Q
r s o —— (
0 ~—— 2\ . . .
PRE N,O CH, PCL FRS BBE LST 02 04 0.6 08 1.0 1.2 1.4
BH 7 SRR Y

Bs sREHUTEETFEERSELEE

Fig.5 Contour profile of importances of each factor in 5 rounds of simulation
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Table 2 Average deviation of importance of each factor in 5 rounds of simulation
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