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Abstract—Coffee, one of the world’s most widely traded
agricultural commodities, is increasingly vulnerable to
challenges such as climate variability, disease outbreaks,
and the limitations of conventional farming practices. In
response, precision agriculture has emerged as a growing
method, integrating technologies such as unmanned
aerial vehicles (UAVs), satellite-based imaging, and
artificial intelligence (AI) to improve crop monitoring,
yield estimation, and disease management. This review
synthesizes findings from 32 recent peer-reviewed
studies encompassing innovations in remote sensing-
based inventory mapping, machine learning-based yield
forecasting, and deep learning models for real-time
disease identification. It evaluates the effectiveness of
spectral indices like NDVI and CRDI, object-oriented
image analysis, and mobile-based convolutional neural
networks (CoffNet, MobileNetV2) across coffee-growing
regions including Brazil, India, and Vietnam. The review
also explains existing challenges, including model
generalizability and economic accessibility, and proposes
future directions such as hyperspectral imaging,
federated learning frameworks, and integrated mobile-
UAV systems. The overarching aim is to provide a
consolidated framework for advancing research, policy,
and field deployment of intelligent systems in the global
coffee sector.

Index Terms—Coffee agriculture, UAV, remote sensing,
yield prediction, deep learning, disease detection,
spectral indices, precision farming

I. INTRODUCTION

Coffee, primarily produced from Coffea arabica and
Coffea canephora species, is one of the most
economically significant agricultural commodities,
cultivated in over 60 tropical countries. Coffee
provides a livelihood for about 25 million smallholder
farmers around the world and plays a major role in the
GDP of many developing countries [1]. Brazil, Viet-
nam, and Colombia are the world’s leading coffee

producers, with Brazil producing over 30% of the
global supply on its own [2]. Even though coffee plays
a crucial role worldwide, farmers still face several
ongoing challenges. Coffee producers face several
ongoing challenges, including irregular weather,
extreme climate events, plant diseases such as
coffee leaf rust (Hemileia vastatrix) and pests like the
coffee berry borer (Hypothenemus hampei), a
shrinking labor force, and rising production costs [3],
[4]. Yield levels often fluctuate when weather shifts
occur during key phases such as flowering or fruit
development [5].

Traditionally, plantations have been checked through
on- the-ground visits and visual evaluations. Although
these techniques remain common, they demand
considerable time and effort, can be inconsistent, and
are not practical for managing extensive or rugged
farmland [6].

As a result, many growers are adopting more targeted
farm- ing methods that incorporate remote monitoring
tools. Aerial surveys from drones, imaging from
orbiting platforms, and data-based modeling are
increasingly used both in scientific studies and on
working farms to improve monitoring, reduce effort,
and support timely decisions. UAVs with RGB or
multispectral cameras make it easier to capture
regular, non- invasive images of coffee plantations [7],
[8]. From these images, researchers can determine
values like plant height, crown size, and leaf area
index (LAI), which help with crop checks and
predicting yields [9], [10]. Satellite imagery also plays
a vital role in regional-scale monitoring. Platforms
such as Sentinel-2 and Landsat 8 have been applied to
evaluate plant canopy condition, monitor forest loss,
and estimate cultivation areas through object-based
classification techniques and vegetation indicators like
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NDVI, GNDVI, and CRDI [5], [11]. In recent studies,
data-driven approaches have been used to enhance
these applications further. Algorithms like Random
Forest, Support Vector Machines (SVM), XGBoost,
and Partial Least Squares Regression (PLSR) have
been used with UAV and satellite data to forecast yield
and detect plant stress [12]— [14]. Researchers have
used deep learning, especially CNN architectures like
ResNet50, MobileNetV2, and CoffNet, to spot leaf
diseases and count flowers in drone and smartphone
imagery [15], [16], [18]. Challenges still remain, such
as how well models adapt to different farming
conditions, the shortage of well-labeled training data,
expensive equipment, and the lack of easy-to-use
tools for smallholder farmers [17], [18]. In this
review, we look at 32 peer-reviewed studies to explore
recent tech developments, point out where current
methods fall short, and suggest next steps for
improving coffee farming through digital tools.

II. LITERATURE REVIEW

In the past few years, researchers have increasingly
used tools like remote sensing and Al to monitor
coffee crops. This section reviews 32 studies in the
order they appeared, showing how the technology has
progressed from early UAV- based canopy scans to
more recent mobile and Al methods for spotting
diseases. Each study is briefly described based on
what it contributed, with attention to how different
sensors were used, how methods changed, and how the
tools were applied in areas like yield forecasting, pest
control, and field management.

A.  2018-2019: Early Applications of UAV and
Satellite Data

Early research into the use of remote sensing in coffee
farming concentrated on analyzing plant structure.
Reis et al. [3] employed standard drone imagery
(RGB) to assess canopy cover and crown width,
providing a foundation for estimating yield at the
individual plant level. Around the same time, a
government project in Vietnam used satellite images
and basic classification techniques to map out coffee
farms, so local officials could see where coffee was
being grown and how densely it was planted [8]. Silva
et al. [6] in his study worked on improving how coffee
farms are mapped by using computer vision tools.
Their approach helped draw out field boundaries and
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watch for changes in vegetation, which was found to
be useful in planning and locating areas likely to face
disease threats. Dos Reis et al. [4] showed that drones
could spot signs of coffee rust by picking up subtle
changes in leaf color. They found that these early
signs might indicate infection before any obvious
symptoms develop. 2020: Floral Monitoring and
Yield Forecasting Frameworks Pham et al. [5] used
a thresholding technique on RGB images taken by
drones to identify flowering in coffee plants, a key step
in predicting harvest amounts. This approach allowed
for rapid evaluation of large farming areas and
minimized the reliance on manual flower counting in
the field. In their study, Azevedo et al. [6] proposed an
ensemble learning model that combined agronomic
variables with weather data to predict coffee yield.
Using Random Forests and decision trees, their model
demon- strated higher accuracy than single-predictor
baselines.

B. 2021: Machine Learning and Biophysical
Variable Analy- sis

Fernandes et al. [7] studied how the coffee canopy
changed over time and across different areas using
RGB images from drones. They found that shifts in
plant height and crown size during growth phases were
linked to how much the plants produced. Dang et
al.[33] examined detailed satellite images taken at
different times to observe seasonal yield changes
and enhance the consistency of predictions across
areas with differing climate conditions. Barbosa et al.
[32] created a yield estimation system based on drone
imagery, using selected im- age features and pattern
recognition techniques. Their approach used crown
diameter and leaf area as main indicators and
employed a nature-inspired modeling method, which
led to smaller prediction errors compared to traditional
statistical methods. Reis et al. [31] studied the use
of drone-based RGB images to assess flowering
levels, fruit grouping, and canopy uniformity,
confirming the method’s effectiveness for evaluating
productivity across various regions.

C. 2022: Spectral Analysis, Disease Detection, and

Pest Management

Santos et al.[5] in his study developed a vegetation
index using Sentinel-2 imagery that improved the
identification of rust-affected areas. The index showed
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greater sensitivity to early signs of stress in coffee
canopies. Silva et al. [11]used Landsat 8 OLI images
to detect coffee berry necrosis through image-based
analysis, confirming a process adaptable to various
terrains and altitudes. Kouadio et al. [12] used high-
resolution satellite images along with statistical
modeling to estimate yields, showing strong
agreement with on-site measurements and supporting
assessments at the plantation level. Dang et al. [13] in
their study expanded on this by applying time-series
imagery and using vegetation indices as inputs in
combined regression methods for early-season yield
estimates. Azevedo et al. [14] improved yield
estimates by combining field observations with
grouped regression methods, highlighting the
importance of using diverse sources of information to
improve reliability. Souza et al. [15] presented
CoffNet, a lightweight field tool developed to quickly
identify rust symptoms, making it effective for use
directly on farms. Aufar and Kaloka [16] in their study
adapted a method based on visual input to detect leaf
diseases in robusta coffee using photos captured on
mobile phones, demonstrating its practical value in
rural or hard-to-reach areas. Freitas et al. [17]
examined yield patterns by relating remote imagery to
climate data, crop condition, and pest pressure, aiming
to support consistent harvest assessments. Lopes et al.
[18] created a mobile-based system allowing farmers
to use their own photographs to recognize rust signs,
offering a user-friendly solution suited to small-scale
producers.

D.  2023: Mobile AI, Deep Learning Innovations,
and Graph Models

A hybrid vision system using graph neural networks
(GNNs) was explored to enable spatial modeling of
disease spread within and across
plantations[19].These approaches were capable of
capturing relationships across different farm sections
and performed better than locally trained image
analysis methods in multiple evaluations. Sensor
design for field imaging was reviewed in the context
of precision agriculture [20], with a focus on practical
camera systems that could be mounted on drones or
ground units to collect multispectral data. RGB
imagery from aerial platforms was also refined for
detecting damage caused by the coffee leaf miner,
using a guided classification method that achieved
over 90% accuracy in separating pest effects from
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nutrient-related issues [21]. A visual recognition
system was built to identify coffee wilt disease from
field photographs, extending research into image-
based plant health detection beyond rust [22].santos et
al. [23] in this study used close-range multispectral
imaging together with vegetation indices such as
NDVI and GRNDVI to distinguish between healthy
leaves and those affected by pests, showing
effectiveness in early-stage identification. In another
case, multispectral imagery collected by drones was
tested to assess plant traits like canopy width and
leaf reflectance, which showed consistency with
established yield trends [24].A separate study
estimated crop yields using multispectral imagery
along with statistical techniques, comparing
vegetation indicators such as CRI and NDVI with
harvest data collected manually[25].

In Vietnam’s Central Highlands, early harvest
estimates were made by examining land shape, crop
conditions, and records from earlier seasons [26].
Another study used Landsat 8 imagery to spot areas
damaged by pests or disease by adjusting image
contrast and using certain combinations of light bands
[27]. This was done by adjusting image contrast and
using specific combinations of spectral bands [27]. A
review of aerial photography methods highlighted the
importance of locally managed data processing and
real-time mapping in improving crop condition
assessment [28]. Additionally, low- cost RGB
cameras were used to monitor flowering, offering a
practical and broadly usable alternative to manual
counting on smallholder farms [29]. Unmanned aerial
vehicles were also used to apply pest control
treatments against the coffee berry borer, improving
coverage and reducing the amount of chemicals
needed [30]. Silva et al. [31]combined visual tools
with sensor readings to forecast rust at the plantation
level, representing progress toward integrated disease

monitoring systems in coffee production.
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Fig. 1. UAV flight path adjusted for sloped terrain in
a coffee-growing area. This shows how drones can
keep a steady flying height relative to the ground,
allowing for consistent image detail across different
elevations of the canopy.

III. COMPARATIVE ANALYSIS OF
APPROACHES

A. Data Acquisition Platforms: UAVs, Satellites,
and Mobile Systems

Remote sensing methods in coffee agriculture vary
significantly in spatial resolution, cost, accessibility,
and scalability. UAV-based systems, such as those
used by Martello et al. [4] and Nogueira Martins et
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al.[5] provide detail down to the centimeter which is
well suited for observing canopy shape, flower
density, and differences across various parts of a
plantation. Adjusting drone paths for observing coffee
crops on uneven ground, referred from[15].

B. Spectral Inputs and Vegetation Indices

Different sensing platforms support different spectral
in- dices. NDVI and GNDVI, long used in agricultural
monitoring, remain standard for assessing plant vigor
in satellite-based systems [12], [13]. CRDI, as
implemented by Nogueira Mar- tins et al. [5], and red-
edge-derived indices from Sentinel-2 improve
sensitivity to subtle stress conditions, outperforming
basic indices in identifying rust and ripeness stages.

TABLE I- SUMMARY OF VEGETATION INDICES USED IN UAV AND SATELLITE-BASED COFFEE
MONITORING. ADAPTED FROM NOVTAHANING ET AL. [23].

Vegetation Index Equation Reference
CRI (R/Rtarget) x 100 Nogueira Martins et al., 2021
GRRI G/R Johnson et al., 2004
MCARI1 1.2[2.5(NIR — R) — 1.3(NIR — G)] Haboudane et al., 2004
PSRI (R — B)/N Merzlyak et al., 1999
NDRE (N — RE)Y/N + RE) Fitzgerald et al., 2006
NGRDI (G—R)/(G+R) Zheng et al., 2018
EXR 1.4R -G Meyer and Hindman, 1998

R, Red; G, Green; B, Blue; RE, Rededge; N, Near-infrared; and Rtarget, Average reflectance value of the red target

in the red band.

Table 1. summarizes commonly used vegetation
indices derived from multispectral and RGB imagery.
These indices reflect various aspects of plant
condition: CRI and NDRE respond to chlorophyll and
nitrogen levels, while NGRDI and GRRI are basic
RGB-based measures suitable for low-cost use. Their
formulas depend on specific light wavelengths, which
helps determine the right type of sensor for use with
drones or satellites in coffee farming. Drones fitted
with multispectral cameras make it possible to create
a range of these indices as needed. CRI and TVI
showed greater sensitivity to signs of yellowing and
blooming [7], [23]. Basic systems using standard RGB

images can also produce useful indices for use directly
in the field [29], though the level of detail is lower than
what is available from multispectral or hyperspectral
equipment.

C.  Analtical Models:
Learning vs. Deep Learning

Traditional ML models like Random Forest, SVM,
and XGBoost have been widely used for yield
prediction [6], [13], [14], disease classification [21],
and parameter regression [24]. These models offer

Traditional Machine

high interpretability and require smaller datasets.

TABLE II- PERFORMANCE COMPARISON OF DEEP LEARNING MODELS COFFNET, VGGIé6,
RESNETI101, AND XCEPTION FOR COFFEE LEAF DISEASE CLASSIFICATION. ADAPTED FROM [18].

Model Precision Recall F1 Score Accuracy
Xception 0.98 0.98 0.98 0.98
CoffNet 0.99 0.99 0.99 0.98
VGG16 0.98 0.98 0.98 1.00
IResNet101 0.97 0.97 0.97 0.97
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In contrast, deep learning models dominate in image-
based detection. CoffNet [15] and MobileNetV2 [18]
achieved over 95% accuracy in disease classification
with field images. DenseNet, used in mobile
frameworks [18], pushed accuracy toward 99% across
multiple diseases. GNN-based architectures [19] also
showed promise in spatial correlation modeling across
geolocated datasets.

D. Deployment Context: Geographic, Economic,
and Operational Considerations

The majority of UAV and deep learning
implementations originate from Brazil [4], [9], [15],
[30], where research funding and infrastructure
support field experiments. Vietnam has pioneered
national satellite-based inventories [8], [26] and has
tested mobile models for deployment at cooperative
levels. Mobile apps offer the most potential for rapid
scaling among

A 8 C D

Fig. 2. Graphical user interface of the CoffeApp
mobile application, designed to assist smallholder
farmers with in-field analysis of coffee leaf, flower,
and fruit conditions. Adapted from [3].

smallholders, especially in areas lacking UAV
services or stable internet [18]. Satellite images
continue to be a practical option for large-scale
monitoring by government agencies or NGOs,
although field checks are necessary to ensure accuracy
[11], [27]. This comparison shows that different
situations call for different tools. For smaller farms,
using drones might be too expensive or complicated,
and phones alone might not be enough to check the
whole area. A practical approach is to use overhead
images such as those from drones or satellites to
get a broad view of the farm, and rely on phones for
simple, close-up checks on the ground.

IV. CHALLENGES AND LIMITATIONS

ISSN: 2349-6002

Although new tools for observing coffee farms from
a distance have improved how they are checked and
managed, there are still challenges that must be solved
before these methods can be widely used and
expanded.

A. Data Availability and Annotation

One of the most frequently cited challenges is the
limited availability of annotated datasets. High-
performing models such as CoffNet and MobileNetV2
require thousands of labeled images for training, yet
most coffee-related datasets are either private, region-
specific, or manually annotated at considerable effort
[3], [15], [16]. Automated or semi-supervised
annotation strategies have been proposed [3], but they
still rely on initial expert-labeled samples and cannot
fully replace manual validation, especially when
targeting multiple disease types or crop stages.

B. Generalization and Geographic Bias

One major concern is that many existing systems do
not per- form well across different regions. A number
of studies have relied on data from Brazil [1], [4], [9],
[15], [30] or Vietnam [2], [12], [26], but the accuracy
often drops when these tools are used in other areas
with different lighting, terrain, or crop types. Methods
that perform well in Brazilian plantations may not
transfer easily to Vietnamese farms because of
differences in farming practices and plant structure

(81, [18].

C. Technical and Infrastructure Barriers

While UAVs provide high-resolution imagery and
flexibility, they come with practical limitations such as
short flight time, the need for skilled operators, and
regulatory constraints [1], [7], [30].Some of these
problems can be eased with phone- based tools, but in
many coffee-growing regions, poor network coverage,
few smartphones, and limited experience with digital
tools still make them hard to use regularly [16], [18].

D. Cost vs. Resolution Trade-Off

Satellite images are useful because they are easy to
access and can cover large areas, which makes them
practical for use by governments or farming
cooperatives [2], [8], [12]. Still, they don’t offer
enough detail to closely examine individual plants or
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catch early signs of disease. Drones can offer the
needed level of detail, but the cost of buying and using
them is often too high for individual farmers [23],
[24].

E. Lack of Standardized Evaluation Frameworks

Many studies show positive outcomes, but the
absence of a common way to measure and compare
findings makes it hard to evaluate them side by side.
Metrics accuracy, Fl-score, and precision are used
differently from one study to another [13], [14], [18].
In addition, it’s still uncommon to test these methods
on new data that wasn’t part of the original work,
which makes it harder to trust how well they would
perform in real-world situations.

F. Field Deployment Challenges

Even the most accurate models often encounter
unexpected performance drops when deployed under
real field conditions. Problems such as changing light
conditions, leaves covering one another, and uneven
fruit placement can make it harder to spot issues
accurately [16], [19]. In addition, using image- based
tools on phones or simple devices is still demanding,
as these tools often need more power than what’s
available. Making them run smoothly on low-power
hardware is still a tough problem to solve [18]. These
challenges point to the need for better data sharing,
training systems with input from different regions, and
building solutions that fit the everyday conditions on
coffee farms.

V. FUTURE SCOPE

The challenges found in current coffee crop
monitoring methods point to clear areas where
research and tools can be improved. Future work
should focus on narrowing the gap between advanced
techniques and practical use, especially in ways that
prioritize ease of access, flexibility across different
conditions, and long-term usefulness One of the most
important needs is to create large, well-organized
datasets that cover many different coffee-growing
regions. A common reference like this would make it
easier for researchers to compare their methods and
produce more reliable, consistent findings. It’s also
important for future tools to be trained on data
gathered from different regions, plant types, and
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environmental conditions, so they work more reliably
in new locations. Another promising direction is the
use of hyperspectral imaging. Unlike basic or
multispectral cameras, hyperspectral systems capture
detailed information across many wavelengths,
helping to tell apart different stages of plant health
more accurately. While these tools are still costly and
complex, ongoing work on affordable sensors and
ways to reduce data size could help make this
technology more available to research teams and
farming groups. New ways of training tools without
moving data to central locations also offer promise. For
coffee growers, this could allow mobile phones or
local networks to help improve systems without
needing to send large amounts of data elsewhere
protecting privacy and lowering costs. For mobile
tools and other simple systems, future work should
focus on making them easier to use. This could include
removing unnecessary parts, reducing file sizes, or
training smaller versions based on larger ones so they
run faster while still giving accurate results. Therefore,
putting these ideas into practice will require people
from different backgrounds to work together farm
specialists, technical staff, engineers, and local
farming communities all have important roles. Support
from policymakers will also be needed, especially to
improve internet access in rural areas and to provide
training that helps farmers make the most of these
tools

VI. CONCLUSION

This review has brought various together recent
studies that explore how technology is improving
coffee farming. Drones, satellite images, and mobile
apps are helping farmers and re- searchers monitor
crops more accurately and efficiently. From counting
flowers to predicting yield and detecting diseases,
these methods are changing how coffee is grown and
managed. Drones offer very detailed images, which
are useful for monitoring individual plants. Satellites,
on the other hand, help track coffee farms over large
areas and time periods. Mobile applications are
becoming especially helpful for small farmers,
allowing them to identify diseases using only a
smartphone. Al models like MobileNetV2 and
CoffNet have shown strong results in these mobile
tools. However, some problems still remain. Many
models are trained on limited datasets and may not
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work well in new regions. Some tools are too
expensive or need internet access and trained users,
which can be hard to manage in remote areas.
Bringing together experts from different domains and
working closely with farmers will be important to
make sure these technologies truly help in the real
world. With continued effort and collaboration, these
smart technologies can help coffee farming become
more productive, more sustainable, and more resilient
to future problems.
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