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Abstract: The rapid development of digital tools for crop management offers new opportunities to
mitigate the effects of climate change on agriculture. This study examines the Normalized Difference
Vegetation Index (NDVI) in coffee-growing areas of the province of Rodriguez de Mendoza, southern
Peru, from 2001 to 2022. The objectives were the following: (a) to analyze NDVI trends in these areas;
(b) to investigate trends in climatic variables and their correlations with altitude and NDVI; and
¢) to develop linear models tailored to each coffee-growing area. The study identified significant
differences in NDVI trends among coffee plants, with mean NDVI values ranging from about
0.6 to 0.8. These values suggest the presence of stress conditions that should be monitored to
improve crop quality, particularly in Huambo. Variability in rainfall, maximum and minimum
temperatures, relative humidity, and altitude was also observed, with NDVI values showing a strong
negative correlation with altitude. These results are crucial for making informed strategic decisions
in integrated crop management and for monitoring crop health using vegetation indices.

Keywords: NDVT; coffee; Climate Engine; linear regression model; Rodriguez de Mendoza

1. Introduction

Coffee (Coffea arabica) is one of the most important commodities traded worldwide [1],
consumed by communities around the world. The estimate for the 2022/2023 global crop
is 78.5 million bags with an increase of 1.7% [2]. In many underdeveloped countries, its
cultivation, processing, and marketing support millions of jobs. In recent years, Peru has
strengthened exports by cultivating approximately 425,416 ha, which has benefited the
economy of 223,482 families [3], 91% of which are concentrated in seven regions: Junin, San
Martin, Cajamarca, Cusco, Amazonas, Huanuco, and Pasco [4]. The Amazon region ranks
17th and 18th in terms of cultivated areas, with the districts of Omia and Lonya Grande
being the most important, with 5668.46 ha and 5457.22 ha, respectively, representing 2.6%
of the national cultivated area [5].

In recent times, there have been notable changes in vegetation cover and types due
to global climate change and human impact. In particular, coffee cultivation has been
negatively affected by extreme climatic phenomena, attributing a high vulnerability to its
species [6], which is largely inferred from modeling studies based on predictions of rising
temperatures and changes in precipitation patterns [7]. Thus, understanding these scenarios
of vulnerability to climate change would help us preserve its biodiversity and reveal new
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scenarios of choice for future breeding programs for this crop [8]. On the other hand,
analyzing and understanding the atmosphere-land surface interaction is fundamental to
clarifying the responses and feedback of terrestrial ecosystems to climate change [9].

The traditional method of visiting the field and surveying farmers to estimate crop
yields or acquire agrometeorological data has been considered impractical, especially
in situations where fields are not easily accessible; in this context, the remote sensing
technique is used to successfully overcome these obstacles [10]. In addition, remote sensing
techniques make it possible to obtain accurate information on crop conditions over large
areas [11], facilitating the estimation of coffee productivity [12].

The NDVlI is one of the most widely used vegetation indices [13]. NDVI-based models
are one of the most effective analytical techniques of remote sensing used for the assessment
of future crop yields [14]. This index has used important classification methods that are
widely used to detect changes in land cover and land use [15,16], vegetation dynamics,
and environmental studies based on time series assumption [17,18], plant productivity
response to climatic variability [19], hydrological variations [20], monitoring in the im-
provement of drought strategy prediction [21,22], land degradation trends [22], carbon
dynamics, biomass [23,24], biodiversity, and productivity [25] droughts and vegetation
cover changes [26].

To download NDVI data over a time series requires intensive computational work
and to access Landsat images it is necessary to have a powerful platform where we can
access a large amount of images free of charge [27]. In that sense, the Climate Engine
allows researchers to have free access to develop remote sensing applications for a variety
of high-impact social problems, drought, deforestation, food security, water management,
climate monitoring, environmental protection [28], accurate prediction of crop diseases [29],
heat, extreme winds, sub-seasonal to seasonal forecasts, wildfires, crop stress, and water
surface in service of the entire community [30].

Several studies rightly reinforce the individual influences of natural factors (soil
types, elevation, mean annual temperature, dryness index, cumulative temperature, relief
types, radiation, global radiation, vegetation types, mean annual precipitation, slope,
moisture index, slope aspect) on changes in vegetation NDVI [31-33]. In addition, temporal
aggregates of NDVI, obtained from satellites, could be contaminated by cloudiness; the
procedure could be biased by a single false, which shows that NDVI is sensitive to false
maxima and noise correction [14]. Therefore, the NDVI time series should be smoothed
before use due to the noise present in the downloadable NDVI data sets [14,34].

So, knowing the individual historical values of these individual factors that influence
NDVI will allow researchers to build models to predict vegetation index values, using
easily available databases, with greater data accuracy and at a low cost. In recent years, the
Climate Engine platform, which uses cloud computing and visualization of climate and
remote sensing data for advanced monitoring of natural resources and understanding of
processes, overcoming computational barriers faced by farmers, has gained ground [35].

It is worth mentioning that, nowadays, with the advances in agriculture, remote
sensing is increasingly used. For example, the study of [3] evaluated the suitability of the
land for coffee production, identifying a hierarchical structure based on climatological sub-
criteria in pests and diseases, to support the development of sustainable agriculture. Also,
Sari [12] assessed the accuracy of the land cover classification and studied the productivity
of coffee cultivation using the vegetation index.

In this sense, the construction of models that allow us to infer values based on other
climatic factors is crucial. For this reason, the Linear Regression Model used for this research
(LRM) is useful for predicting a quantitative response and understanding relationships
among variables [36]. In addition, this method is used for least squares estimation, having
different ways of displaying the result of a model [37]. That is why the objective of this
research was (1) to evaluate an NDVI tendencies model as a case study for 12 pixels and
trends in time series ranging from 2002-2022, as well as (2) to record values for precipitation,
maximum temperature, minimum temperature, relative humidity, and altitude in the
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evaluated area. In turn, (3) we aim to construct general linear models for the three coffee
growing areas of the Province of Rodriguez de Mendoza to understand the influence of
climatic conditions on the health and density of vegetation in coffee trees, inferred from
environmental variables.

2. Materials and Methods
2.1. Study Area

Three coffee growing areas in the province of Rodriguez de Mendoza, located between
1495 and 1838 MASL (Figure 1), were taken as a case example. The working unit was in
the areas of Rumiaco (4 pixels), Omia (4 pixels), and Sauce (4 pixels), and the location of
12 pixels of the study area in Rodriguez de Mendoza, Peru is shown in Figure 1. Coffee has
been the main product of the economy for more than 20 years.

South 77°35'W 77°30'W 77°25'W 77°20'W
America

4 O Pixel evaluated into coffee farms
[[] District boundaries
Peru Elevation (m a.s.l.)

w3478
L-2750

.— 2000

-1319

6°20'S

Amazonas
Region

6°25'S

Rodriguez . . .
de Huambo district San Nicolas district Omia district
Mendoza  Huambo zone Sauce zone Rumiaco zone

Pixel Longitude, Latitude Elevation Pixel Longitude Latitude Elevation Pixel Longitude Latitude Elevation

Pl  —77.51728,-6.43515 1625 Pl —77.41374,-6.41717 1512 Pl —77.45503,-6.41648 1787
P2 —77.51642,-6.43726 1657 P2 —77.41317,-6.42034 1495 P2 —77.45286,-6.41487 1838
P3  —77.51819,-6.43504 1633 P3  —77.41388,-6.42111 1516 P3  —77.45348,-6.41419 1742
P4 —77.51319,-6.43448 1594 P4 —77.41466,-6.41890 1566 P4 —77.45631,-6.41522 1742

Figure 1. Geographical location of the study area in coffee crop zones of Rodriguez de Mendoza.

2.2. Historical NDVI Time Series Trends (2002-2022) in Coffee Crops

NDVlIis data derived from remote sensing [38], whose formula is Rnir-Rred / Rnir +
Rred, where there is a relationship between the difference and the sum of the red (R) and
near-infrared intensities (NIR) [18] and ranges from —1 (water bodies) to 0 to 1 (vegeta-
tion) [39]. In many studies, high positive values show us that it has good photosynthetic
activity, which indicates healthy vegetation [21]. Conversely, lower values that are negative
close to 0 correspond to rocks, water bodies, and sand [40]. The NDVI equation correlated
with photosynthetic capacity provides a tool for quantifying plant greenness and yield [41],
phenology of plants [42], trophic interactions [34], plant biomass [43], and photosynthetic
activity [44,45]. Also, Landsat images help to estimate NDVI with a spatial resolution of
30 m and a period of 16 days [46].

The NDVI was obtained from the open-source cloud platform Climate Engine [35,47].
We extracted the NDVI time series (Landsat 5, 7, 8, and 9 at 30 m) and climate variables from
2000 to 2022 to analyze statistical differences between pixels and between locations. Climate
Engine uses the Cloud Platform, accessed and controlled through Google Earth Engine’s
application programming interface (API) and its interactive development environment
(IDE) to create rapid prototypes and visualize results. Most catalogs provide Landsat and
Sentinel remote sensing imagery ready for analysis, at a rate of 600 scenes per day and
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with a typical latency of approximately 24 h from the time of scene acquisition. From this,
it provides NDVI values and climatic variables for the entire time series. These values
were used to see significant differences and the construction of the linear regression model.
Descriptive statistics were generated with historical NDVI data for all zones. Significant
differences between pixels and between locations were calculated by the Wilcoxon test for
NDVI [48] and performed in the R program 4.4.1. https:/ /www.r-project.org/ (accessed
on 10 January 2024).

2.3. Data Acquisition for Record of Historic Trends Values for Precipitation, Temperatures
Maximum, Minimum, Relative Humidity, and Correlations with Altitude and NDV1

For the historical values of the variables of precipitation (mm), maximum tempera-
tures (°C), minimum temperatures (°C), and relative humidity (%), data download was
performed from Climate Engine [49]. Then, using R studio software version 4.2.3, an
analysis of historical trends (2020-2022) was made for each zone (after knowing that there
are statistical differences of NVI per zone). Table 1 shows a compilation of information on
the variables used in this research.

Table 1. Source and date of study variables.

Number of Data  Number of Data

Variable Download Source Download Start and End of Downloaded Used (Every
Date Download

(Every Factor) Factor)

http:/ /ClimateEngine.org R=321 R=321

NDVI (accessed on 2 April 2000 25 December 2022 H =562 H =562

10 January 2024). S =559 S =459

Maximum Temperatures, htto: lim .

Minimum Temperatures, http://C 1mate§ngme.org . R =8401 R = 8401
Precipitation, and Relative (accessed on 2 April 2000 25 December 2022 H =8401 H = 8401
10 January 2024). S =8401 S =8401

Humidity

R = Rumiacu; H = Huambo; S = Sauce.

Based on this trend, a Pearson correlation analysis was performed between all variables
for each zone using the following formula [50]:

L L XY — (EXLY/N)
o= (28 (o= (2 o)

where N is the total number of data series.

1)

2.4. Linear Regression Model for Coffee Crop Zones

One of the main objectives of this research is the development of a linear regression
model (LRM) in the application of R Studio for the NDVI in the 12 georeferenced pixels in
the coffee zones as a function of covariates such as precipitation, maximum temperature,
minimum temperatures, relative humidity, and altitude for each of the pixels (12) in a time
series (2000-2022). The result of this model is a formula that can be represented as the
following [51]:

Y=Bo+Bl+E (2)

where Y is the dependent variable (NDVI in this case), Bo, Bl.. are coefficients of the
terms of Y that represent independent variables, in this case (precipitation, maximum and
minimum temperatures, relative humidity, and altitude), and the term E represents the
error that the model tries to minimize.

To construct a linear regression model of NDVI as a function of climatic variables, the
following steps were followed: (a) Data collection: historical NDVI data were collected, as
well as data on the climatic variables to be included in the model (2000-2022). These data
were downloaded for the same period and in three geographic areas.
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NDVI historical
trends in coffee
crops 2001 — 2022

For the statistical methodology, a linear regression model (LRM) of the NDVI in each
zone was constructed as a function of climatic variables such as precipitation, maximum
and minimum temperatures, relative humidity, and altitude, and was then performed,
where NDVI is the NDVI value to be predicted and the climatic variables are the regression
coefficients that indicate how each climatic variable influences the NDV. Also, (**) represents
the residual error, which is the difference between the observed NDVI value and the value
predicted by the model. NDVI is a measure that is used in combination to estimate the
health and density of vegetation in specific geographical areas [52]. A linear regression
model allows for the investigation of how NDVI is related to other variables and predicts
the value of NDVI as a function of these independent variables [53]. The methodological
procedure of this research is detailed in Figure 2.

Record values Of
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Construction of linear
models (ML)

conditions in coffee
crops 2001 — 2022

Location of 12 9 . .
ixels (4 Construction of a linear
pixets 1=on additive model for
every District every district
1 \ :
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between districts : and NDVI data
v
W Q@
N N

Figure 2. Conceptual methodological design.

3. Results
3.1. NDVI Historical Trends in Coffee Crop Areas (2001-2022)

Table 2 shows the true sensitivity of the 12 georeferenced pixels with coffee cultivation,
showing the relationship between the standard deviation of each pixel and its mean value.
Pixel N° 5 (NDVI Rumiaco) has a higher standard deviation with a value of 0.108; likewise,
pixel N° 4 (NDVI Huambo) has a lower standard deviation with a value of 0.060.
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Table 2. Descriptive analysis of historical central tendency variables for NDVI in 12 georeferenced
points with coffee cultivation.

Pixel with Coffee Crop =~ Number Mean Standard Standard Coefficient

Deviation Error of Variation
P1 NDVI Huambo 562 0.573 a 0.078 0.003 0.136
P2 NDVI Huambo 455 0.571 a 0.083 0.004 0.146
P3 NDVI Huambo 436 0.641b 0.077 0.004 0.121
P4 NDVI Huambo 317 0.617b 0.060 0.003 0.097
P9 NDVI Sauce 459 0.687 ¢ 0.098 0.005 0.143
P12 NDVI Sauce 253 0.695 ¢ 0.093 0.006 0.133
P7 NDVI Rumiaco 197 0.720d 0.095 0.007 0.132
P5 NDVI Rumiaco 321 0.759 e 0.108 0.006 0.143
P6 NDVI Rumiaco 265 0772 e 0.103 0.006 0.134
P10 NDVI Sauce 378 0.771e 0.085 0.004 0.110
P11 NDVI Sauce 317 0.760 e 0.084 0.005 0.110
P8 NDVI Rumiaco 140 0.799 £ 0.104 0.009 0.130

a, b, ¢, d, e, f = Tukey test for NDVI in coffee crop according to pixels. p value < 0.05 LSD = 0.02371. Error: 0.0078
df: 4088.

The Tukey test for NDVI in pixels with coffee cultivation is shown in Table 2. In this
sense, six different groups are observed, where it was estimated that the highest mean
value corresponds to pixel 8 with 0.80 and the lowest value corresponds to pixels 1 and 2
with 0.57 for the mean value of the index. The average values of NVDI according to pixels
range from 0.573 (Huambo) to 0.799 (Rumiacu), if values closer to 1 would have greater
plant greenness and greater possibilities of adaptation to changes in climatic variability.

The results of the analysis of variance for NDVI in coffee cultivation according to
pixels are shown in Table 3, showing significant statistical differences between them, with a
p-value of p < 0.0001.

Table 3. Analysis of variance for NDVI in coffee crop according to pixels.

Source of Sum of Degree of Mean Sum F-Cale p-Value
Variance Squares Freedom of Square P
Model 25.63 11 2.33 300.05 <0.0001
PIXEL 25.63 11 2.33 300.05 <0.0001
Error 31.75 4088 0.01

Total 57.38 4099

Table 4 shows the analysis of variance indicating that there are highly significant
differences in the three coffee growing zones of Rodriguez de Mendoza (Huambo, Rumiaco,
and Sauce); therefore, at least each zone is different. The Huambo zone has a lower NDVI
standard deviation value of 0.082. Likewise, the Rumiaco zone has a higher NDVI standard
deviation value of 0.106.

Table 4. Descriptive analysis of historical central tendency variables for NDVI in 3 coffee growing
areas. Descriptives—NDVL

Place Mean Standard Deviation Number
Huambo 0.597 a 0.082 1770
Suace 0.727b 0.098 1407
Rumiaco 0.760 ¢ 0.106 923

a, b, c = Tukey test table for NDVI in coffee cultivation according to locations.
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To better understand the differences between the groups, we performed Tukey’s test
in Table 4. This shows the NDVI and the Tukey test p < 0.05 where three different groups
are observed, which indicates that the highest mean value is the Rumiaco zone, with 0.76
in group 3, and the lowest value was determined to be the Huambo zone with 0.60 in the
group 1.

About the analysis of variance for NDVI in coffee crops according to locations, Table 5
shows the results of the analysis of variance, showing significant statistical differences,
with a p-value of p < 0.0001.

Table 5. Analysis of variance for NDVI in coffee crops according to location.

Source of Sum of Degree of Mean Sum F-Calc Value
Variance Squares Freedom of Square P
Model 21.35 2 10.67 1213.93 <0.0001
Zone 21.35 2 10.67 1213.93 <0.0001
Error 36.03 4097 0.01

Total 57.38 4099

3.2. Record Values of Atmospheric Conditions in Coffee Crops 2001-2022, Tendencies, and
Correlations

Table 6 shows the trends of the climatic variables for the maximum, minimum, and
standard deviations of the climatic variables (precipitation, maximum temperature, min-
imum temperature, relative humidity) in the 12 pixels of the three coffee pixels in the
three districts. Although we finally unified the data of Pixels 1, 2, 3, and 4 for Huambo
(Figure 3), Pixels 5, 6, 7, 8 (Figure 4) for Sauce, and Pixels 9, 10, 11, and 12 in Rumiacu
(Figure 5), Table 6 shows the individual information of each pixel for the development of
future individual models of prediction of vegetation indices in the sites.

Table 6. Trends of the variables, precipitation, maximum and minimum temperature, and relative
humidity in pixels with coffee crops in three districts of the Province of Rodriguez de Mendoza, Peru
in time series (2001-2022).

Pixel Summary Minimum Precipitation (mm) Re‘l a?ive Maximum

Temperatures (°C) Humidity (%) Temperatures (°C)
1 Number 562 562 562 562
1 Mean 10.67 0.81 75.17 22.02
1 Standard deviation 1.47 2.52 7.51 2.05
1 Coefficient of 13.74 310.51 39 9.29

variation
1 Minimum 6.17 0.00 33.88 17.33
1 Maximum 13.49 41.7 91.81 28.72
1 Median 10.94 0.04 75.85 21.81
1 Sum of squares 65239.5 3947.86 3207600 274810.23
2 Number 455 455 455 455
2 Mean 10.71 0.86 75.06 22.09
2 Standard deviation 1.45 2.74 7.6 2.08
2 Coefficient of 13.52 319.73 10.13 9.41
variation

2 Minimum 6.17 0.00 33.88 17.33
2 Maximum 13.49 41.7 91.81 28.72
2 Median 10.89 0.04 75.81 21.97
2 Sum of squares 53120.84 3749.15 2589556 223960.13
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Table 6. Cont.
Pixel Summary Minimum Precipitation (mm) Re_l a?ive Maximum
Temperatures (°C) Humidity (%) Temperatures (°C)
3 Number 436 436 436 436
3 Mean 10.69 0.84 74.97 22.1
3 Standard deviation 1.45 2.078 7.63 0.08
3 Coefficient of 13.52 332.27 10.18 9.41
variation
3 Minimum 6.17 0 33.88 17.33
3 Maximum 13.49 41.7 91.81 28.72
3 Median 10.98 0.04 75.69 21.96
3 Sum of squares 50743.99 3663.9 2475633 214778.94
4 Number 317 317 317 317
4 Mean 10.6 0.73 74.78 22.06
4 Standard deviation 1.43 2.09 7.81 2.08
4 Coefficient of 13.49 285 10.45 9.44
variation
4 Minimum 6.17 0 33.88 17.4
4 Maximum 13.49 20.25 91.12 28.49
4 Median 10.86 0.04 75.81 21.88
4 Sum of squares 36291.18 1554.29 1791757 155601.54
5 Number 321 321 321 321
5 Mean 10.62 0.86 75 21.92
5 Standard deviation 1.48 2.86 7.73 2.15
5 Coefficient of 13.94 331.09 10.31 9.82
variation
5 Minimum 6.17 0 34.75 16.12
5 Maximum 13.65 41.7 91.81 28.72
5 Median 10.88 0.03 75.94 21.69
5 Sum of squares 36924.38 2863.26 1824519 155667.13
6 Number 265 265 265 265
6 Mean 10.57 0.92 74.49 22.02
6 Standard deviation 1.51 3.1 7.8 2.13
6 Coefficient of 143 336.14 10.48 9.68
variation
6 Minimum 6.17 0 34.75 16.12
6 Maximum 13.65 41.7 91.81 28.72
6 Median 10.87 0.02 75.62 21.81
6 Sum of squares 30229 2769.45 1486493 129661.57
7 Number 197 197 197 197
7 Mean 10.56 0.75 74.29 22.08
7 Standard deviation 1.49 1.89 7.56 2.15
7 Coefficient of 14.07 251.56 10.18 9.73
variation
7 Minimum 6.37 0 43.06 16.77
7 Maximum 13.65 12.42 90.94 28.72
7 Median 10.82 0.01 75.38 21.81
7 Sum of squares 22404.78 810.16 1098349 96906.16
8 Number 140 140 140 140
8 Mean 10.43 0.67 73.64 22.16
8 Standard deviation 1.53 1.9 7.61 2.13
8 Coefficient of 14.65 283.87 10.33 9.63
variation
8 Minimum 6.37 0 43.06 17.02
8 Maximum 13.65 12.42 89.44 28.72
8 Median 10.39 0.01 74.81 21.8
8 Sum of squares 15548.72 564.11 767285.3 69360.24
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Table 6. Cont.
Pixel Summa Minimum Precipitation (mm) Relative Maximum
y Temperatures (°C) P Humidity (%) Temperatures (°C)
9 Number 459 459 459 459
9 Mean 10.65 0.8 75.13 21.99
9 Standard deviation 1.46 2.67 7.46 2.08
9 Coefficient of 13.67 3314 9.92 9.47
variation
9 Minimum 6.17 0 33.88 16.12
9 Maximum 13.65 41.7 91.81 28.72
9 Median 10.94 0.03 75.81 21.8
9 Sum of squares 53043.17 3553.84 2616608 223881.29
10 Number 378 378 378 378
10 Mean 10.65 0.77 74.93 22.04
10 Standard deviation 1.45 2.78 7.66 2.12
10 Coefficient of 13.59 361.23 10.22 9.6
variation
10 Minimum 6.17 0 33.88 16.12
10 Maximum 13.65 41.7 91.81 28.72
10 Median 10.92 0.03 75.81 21.83
10 Sum of squares 43688.66 3139.46 2144594 185330.92
11 Number 317 317 317 317
11 Mean 10.58 0.8 75.06 21.99
11 Standard deviation 1.47 2.99 7.17 211
11 Coefficient of 1391 371.9 9.55 9.59
variation
11 Minimum 6.37 0 43.06 16.12
11 Maximum 13.65 41.7 91.81 28.72
11 Median 10.82 0.03 75.81 21.73
11 Sum of squares 36168.98 3026.33 1802337 154689.45
12 Number 253 253 253 253
12 Mean 10.62 0.82 74.92 22.08
12 Standard deviation 1.47 3.09 7.13 2.12
12 Coefficient of 13.85 374.81 951 9.61
variation
12 Minimum 6.37 0 45.12 16.12
12 Maximum 13.65 41.7 91.81 28.72
12 Median 10.83 0.03 75.69 21.88
12 Sum of squares 29059.21 2569.99 1432929 124472.26

After correlating variables, using historical trend data for each zone (Figure 6), NDVI
values were found to have a weak significant negative correlation with elevation in Huambo
and Sauce. In addition, they have a weak positive correlation with the minimum tempera-
tures in Rumiacu. Although the NVI values do not have a significant historical association
with the other variables, the trends and variations in the correlations between them are
changing. In the three zones, for example, maximum temperature is strongly positively
correlated with minimum temperature and negatively correlated with precipitation and
relative humidity; minimum temperature is strongly positively correlated with precipita-
tion and relative humidity. It was also found that the higher the precipitation, the higher
the relative humidity.
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Figure 4. Time series plot for NDVI and climatic variables in Sauce.
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* = significance p < 0.05; ** = significance p < 0.01; *** = significance p < 0.001.

3.3. Linear Regression Model

The linear regression model NDV], as a function of climatic variables, such as precipi-
tation, maximum and minimum temperature, relative humidity, and altitude, allowed us
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to understand the influence of climatic conditions on the health and density of vegetation
in the three study zones. In this sense, a linear regression analysis was carried out to model
the NDVI as a function of the five climatic variables for the three coffee growing zones, as
shown below.

3.3.1. Model for Sauce

1.5037778 NDVI~0.0144962TMAX + (—0.0103273TMIN) + 0.0043354H + (—0.0008636ALT)

The coefficient of maximum temperature (0.0144962) indicates a positive relationship
between maximum temperature and NDVI. As the maximum temperature increases by
one degree Celsius, on average, NDVI tends to increase by 0.0144962 units. In turn, the
coefficient of minimum temperature (—0.0103273) indicates a negative relationship between
minimum temperature and NDVI. However, as the minimum temperature increases, the
average NDVI tends to decrease.

The relative humidity coefficient (0.0043354) indicates a positive relationship between
relative humidity and NDVIL As relative humidity decreases, on average, NDVI tends to
increase by 0.0043354 units. On the other hand, the coefficient of altitude (- 0.0008636)
indicates a negative relationship between altitude and NDVI. As altitude increases, on
average, NDVI tends to decrease.

The R2 value is 0.06708, which means that 60% of the variability in NDVI can be
explained by the climatic variables included in the model.

3.3.2. Model for Rumiaco

0.3052925NDVI~0.0156559TMAX + (—0.0148322TMIN) + 0.0035842H

The coefficient of maximum temperature (0.0156559) indicates a positive relationship
between maximum temperature and NDVI. As the maximum temperature increases by
one degree Celsius, on average, NDVI tends to increase by 0.0156559 units. At the same
time, the minimum temperature coefficient (—0.0148322) indicates a negative relationship
between minimum temperature and NDVI. As the minimum temperature increases, on
average, the NDVI tends to decrease.

The relative humidity coefficient (0.0035842) indicates a positive relationship between
relative humidity and NDVI. As relative humidity decreases, on average, NDVI tends to
increase by 0.0035842 units. Therefore, the R2 value is 0.026, which means that 20% of the
variability in NDVI can be explained by the climatic variables included in the model.

3.3.3. Model for Huambo

1.0137NDVI~1.037TMAX + (—5.789TMIN) + 4.013H + —6.291ALT

The coefficient of maximum temperature (1.037) indicates a positive relationship be-
tween maximum temperature and NDVI. As maximum temperature increases by one
degree Celsius, on average, NDVI tends to increase by 1.037 units. In parallel, the mini-
mum temperature coefficient (—5.789) indicates a negative relationship between minimum
temperature and NDVI. As the minimum temperature increases the average NDVI tends to
decrease. On the other hand, the coefficient of relative humidity (4.013) indicates a positive
relationship between relative humidity and NDVI. As the percentage of relative humidity
decreases, on average, NDVI tends to increase by 4.013 units. Consequently, the R2 value
is 0.026, this means that 20% of the variability in NDVI can be explained by the climatic
variables included in the model.

The coefficient of altitude (—6.291) indicates a negative relationship between altitude
and NDVL As altitude increases, on average, NDVI tends to decrease. Consequently, the
R2 value is 0.1469, which means that 14% of the variability in NDVI can be explained by
the climatic variables included in the model.
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4. Discussion
4.1. NDVI Trends in Coffee Crop Areas in the Time Series Ranging from 2000-2022

The Normalized Vegetation Index (NDVI) is a satellite product that is increasingly
gaining popularity in the world of agriculture [54]. The NVIis used in all types of studies
in different production chains [55], such as those of Peruvian coffee through the present
research. Likewise, other chains, such as rice cultivation [56], avocado and grape cultiva-
tion [57], crops such as wheat, sunflower, cotton, beans, watermelon, asparagus, water-
melon, onion, basil [58], and corn [59], among other crops, especially coffee [60], as shown
in this research.

In this sense, the NDVI ranges are represented from —1 to 1 [61], and for this research
on coffee crops, they are represented between 0.573 (Huambo) and 0.799 (Rumiacu). Studies
in avocado (Persea americana Mill) obtained NDVI values ranging from —0.65 to 0.26 [62],
with very low NDVI values obtained in the dry season, while negative values were due
to plots with dead trees. Researchers performed an empirical analysis under the NDVI
curve and crop yield and obtained an average R? of 0.86 for corn and 0.80 for soybean [63].
Meanwhile, a study focused on fertilizer application and crop yield in rice and wheat [64]
obtained NDVI values R? = 0.601-0.809, which were effective in predicting yield and
application. In the case of cereals, a relationship was established between grain yield and
NDVI, where strong correlations were shown ranging from 0.70 to 0.89 [65]. This is essential
for decision-making in food security.

Regarding NDVI values in coffee cultivation, Rivera and collaborators obtained values
higher than 0.8 in coffee cultivation of the castle variety, which means that the plant has
a good nutritional status in two phenological periods [66]; therefore, values lower than
0.8 in the three evaluated zones (Rumiacu, Sauce, and Huambo) could be revised under
the approach of inadequate management of the nutritional status of coffee. Likewise, the
evaluated NDVI in coffee growing areas obtained in one area values greater than 0.75 in
coffee cultivation [67]. This represents a high vegetative vigor that can be used to define
new areas with coffee plantations. Predictions were made to determine the phenological
stage of the coffee crop using NDVI over a period of time [68], where it was observed that
the NDVI decreases in the harvesting periods, such as period 1 (R? 0.82-0.49) and period
2 (R? 0.87-0.45), based on a polynomial regression. Therefore, standard deviations in the
NDVI trends of up to 0.104 of the evaluated coffee plants suggest that they are related to
the different phenological stages of the coffee plants at the time of the evaluation. NDVI
values were also analyzed in healthy coffee plants and plants infested by leaf miner bugs
(Leucoptera coffeella), achieving a result of an NDVI value for a healthy plant of (0.70), a
value for infested plant of (0.58), and a value for plants infested in mines by leaf miners
of (0.42), concluding that both have a green color, and the values exceed 0.50 [69]. These
ranges of NDVI values, like this research, demonstrate the need for exhaustive analyses
in the fields of Rumiacu, Sauce, and Huambo to assess the sensitivity of the index to the
presence of pests and diseases such as Leucoptera coffeella.

4.2. Values for Atmospheric Conditions in Coffee Crops from 2001-2022: Tendencies
and Correlations

As the NDVI is related to meteorological variables such as maximum and minimum
temperature, precipitation, relative humidity, and altitude [70-72], the average NDVI values
are between 0.573 (Huambo) and 0.799 (Rumiacu); these values, obtained in the coffee
areas investigated here, have a degree of relationship with each meteorological variable,
which is important to estimate. Therefore, it is essential to know the optimal ranges of
these values for coffee cultivation. In this sense, rainfall is one of the main factors that
affect the growth of coffee plantations, and high levels of rainfall provide better growth
for the crops and vegetation [73]; consideration should be given to the significant positive
relationship with maximum temperature in coffee-growing areas such as those presented
in this research. However, during the last few years, there have been notorious changes in
the growth of coffee crops and vegetation cover due to the increase in climatic variables,
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which significantly affected the growth of coffee crops and vegetation cover due to climate
change [71].

In this sense, concerning the climatic variables, statistically significant relationships
were shown between the variables in the coffee growing zones, which are characterized
by differences between temperatures, precipitation, relative humidity, and altitude. Pre-
cipitation (mm) is one of the meteorological parameters of the perennial coffee crop and is
of major importance, which is difficult to predict, measure, and verify [74] as it is related
to the phenology of coffee cultivation [75]. Therefore, the historical highest values of the
maximum measurement were presented in pixels 1,2, 3, 5, 6, 9, 10, 11, and 12 (41.70), and
the lowest value of the maximum measurement was presented in pixels 7 and 8 (0.25)
(21 February 2018). The values recorded in the present research represent a change in the
distribution of precipitation in coffee-growing areas. It is therefore detrimental to vegetative
development, showing that it is sensitive to changes in climate [76]. On the other hand,
in its temporal variations of relative humidity, it was characterized by high peaks, with
minimum values of 91.81% (8 December 2022) and maximums of the mean of 89.44% on 21
June 2018

Likewise, temperature is a variable that affects the vegetative growth of the coffee
crop [77]. When there is an increase in minimum temperature, there may have been a
development of vegetation; therefore, it is the temperature factor that inhibits the growth
of vegetation in the three coffee growing zones. However, an increase in the maximum
temperature may have inhibited the growth of the coffee crop and reduced the growth of
vegetation, weakening photosynthesis [71]. In the case of coffee cultivation, it does not
tolerate a wide range of temperatures [78]. On the other hand, researchers indicate that the
optimum average temperatures for coffee crops are between 15 and 25 °C, with 10 °C of
daily oscillation, and the optimum temperature range for coffee plantations is between 18
and 21 °C (64 and 70 °C) [79].

Taking advantage of the recent advances that exist, climatic variables affect the veg-
etative development and phenology of the coffee crop. The effect of temperature on the
vegetative growth and flowering of nine coffee cultivars was investigated, and all cultivars
showed rapid growth during summer and autumn [77].

4.3. Linear Model According to Locations

The performance of the LM was evaluated with different factors, including multi-
collinearity, predictor variables, error coefficient, and sample size [37], concluding that all
model estimates generally perform differently for the three zones evaluated.

In this study, it was observed that the variables (temperature, relative humidity, and
altitude) are highly significant for creating linear regression models that explain the NDVI
of each study area. In this regard, researchers’ studies include other variables such as
specific land use and vegetation structure, as these could limit the influence of external
or confounding factors on the relationship between vegetation types and NDVI [80]. It is
also noted that linear models are more advantageous for predicting crop yields [81]. It was
currently found that the linear mixed model can model growth curves with high accuracy
for tomato plants in an open field [82]. However, for all case studies, the importance of
delineating the boundary between agricultural and non-agricultural land is highlighted to
have a better fit and not contaminate the NDVI—crop yield relationship [83,84].

5. Conclusions

Our analysis of the NDVI trend in coffee crops in three districts of Rodriguez de
Mendoza during the period ranging from 2000 to 2022 reveals average values from 0.597
to 0.760, denoting certain stress conditions that deserve to be monitored for crop quality
improvement. The absence of average NDVI values below 0.500 demonstrates that the
coffee crop can still be produced under these conditions. In addition, the lower values
presented in Huambo, in relation to the mean NDVI and for the standard deviation,
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denote a lower photosynthetic activity that exposes the plant to conditions of greater stress,
compared to Sauce and Rumiacu.

Although NDVI values only show strong negative correlations with elevation, the
strong positive and negative correlations of elevation with the other climatic variables
(minimum temperature, precipitation, relative humidity, maximum temperature) allowed
the generation of general linear models for each study area. The general linear models are
different for each study area and could be generated considering the historical trends of
the climatic variables.

This research confirms the great applicability of easily accessible satellite technology
tools (such as the Climate Engine platform) that allow the generation of management
strategies for the environment and the improvement of coffee cultivation in the future.
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