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Abstract

Accurate monitoring and reliable prediction of forage crop productivity are essential for promoting sustainable agriculture and ensur-
ing food security. Low-cost and non-invasive remote sensing platforms, particularly Unmanned Aerial Vehicles (UAVs) and PhenoCams,
offer substantial potential for achieving these objectives. This study reviews the main types of sensors, including Red, Green, Blue (RGB)
bands, multispectral, hyperspectral, thermal infrared, and Light Detection and Ranging (LiDAR), deployed on UAV platforms and ground-
based PhenoCams, as well as their applications in forage crop monitoring and yield estimation. It further examines the algorithmic models
and predictive frameworks developed from Vegetation Indices (VIs) and plant-level traits derived from these diverse data sources. Existing
research indicates that integrating data from multiple platforms leverages their complementary strengths, thereby enabling more precise
yield prediction models. Furthermore, traditional regression models are increasingly being outperformed by Atrtificial Intelligence (Al)-driv-
en models, which excel at processing large, multi-dimensional datasets from remote sensing. Future research should focus on developing
standardized, multi-scale monitoring protocols that integrate ground-based, satellite, and UAV platforms. This requires establishing more
comprehensive, openly shared datasets and developing refined yield prediction models that incorporate the physiological adaptations of
different forage species and include region-specific parameterization. Such integrated frameworks are essential for translating precise,
data-driven insights into actionable management strategies, particularly for informing decisions on fertilization, irrigation, and harvesting.

Keywords: Forage crop, Yield prediction, Unmanned aerial system, Phenology, Precision agriculture, Vegetation indices, Machine learn-
ing
Introduction

The production of forage crops provides essential feed for global livestock and supports the increasing demand for ruminant
livestock products (Mottet, et al. 2017). As an integral component of agriculture, the livestock industry not only supplies high-quality
protein products for human consumption but also plays a pivotal role in promoting rural economic development (FAO, 2015). However,
the continuous expansion of livestock production is placing increasing pressure on the supply of forage crops.

To address this supply challenge and ensure the sustainable development of the livestock sector, it is imperative to advance
precision monitoring and predictive modeling for forage crops. Monitoring forage crops throughout the growing season, establishing
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quantitative relationships between key growth parameters and yield across different growth stages, and developing accurate yield
prediction models based on phenological or growth indicators are of substantial practical significance. These efforts enable the timely
acquisition of crop phenotypic information related to yield formation. Through real-time monitoring and precise prediction, planting,
irrigation and fertilization strategies can be adjusted proactively, thereby enhancing the production efficiency of forage crops. These
improvements provide a solid foundation for the stable development of the livestock industry and contribute to the advancement of
sustainable agriculture.

Traditional field-based sampling surveys for crop yield estimation and forage mass estimation are not only time-consuming
and labor-intensive but also invasive (Psomiadis, et al. 2025). With advances in sensor technologies, cropland monitoring is increasing-
ly carried out using remote sensing techniques, which offer a non-invasive and non-destructive alternative. Satellite remote sensing
datasets, such as MODIS, Landsat and Sentinel serve, as a major source for analyzing crop growth status and estimating productivity.
However, the inability to simultaneously achieve high temporal and spatial accuracy constrains satellite remote sensing for plot-scale
agricultural monitoring (Weiss, et al. 2020).

Unmanned Aerial Vehicles (UAVs), as a proximal sensing platform, provide an effective approach for monitoring seasonal
crops at fine spatial scales. They can provide remote sensing imagery with high spatial and temporal resolution. With advances
in UAV-mounted radar and sensor technologies, centimeter-level multispectral and hyperspectral data and improved resistance
to environmental interference have further expanded UAV applications in agriculture, particularly in crop monitoring and yield
estimation. This high-resolution data acquisition capability enables farmers and agronomists to make timely and informed deci-
sions regarding irrigation, fertilization, pest management, and harvesting, ultimately improving crop productivity and resource
use-efficiency.

PhenoCams, as near-surface remote sensing tools, can substantially reduce the influence of atmospheric conditions on obser-
vations and therefore complement and validate satellite- and UAV-based remote sensing data. PhenoCams are capable of capturing the
crop growth dynamics at a high temporal resolution. Real-time variations of greenness indices serve as critical biological indicators for
characterizing phenological development and predicting crop productivity.

This work aims to review UAV and PhenoCam technologies and assess their applications in monitoring and predicting forage
crop productivity.

Literature Review
UAV-based monitoring in forage crops

UAV-mounted sensors can be categorized into five main types, including visible light (RGB), multispectral, hyperspectral, ther-
mal infrared, and LiDAR (Ivosevi¢, et al. 2023). RGB-based UAV remote sensing can readily achieve centimeter or sub-centimeter-level
resolution, and the resulting data generally require minimal processing. RGB imagery can be used to derive Vegetation Indices (VIs)
such as Greenness Index (GI), Excess Green Index (EGI), Green Leaf Index (GLI), and Triangular Greenness Index (TGI). Morgan, et al.
2021 reported that quadratic models based on EGI and TGI achieved the highest accuracy in estimating the biomass of Spartina alterni-
flora. Additionally, several studies have integrated RGB VIs with structural parameters such as crop height to construct models with
improved estimation accuracy (Poley and McDermid, 2020).

Multispectral sensors provide Red-Edge (RE), and Near-Infrared (NIR) bands in addition to the RGB band. By combining NIR
and RE bands, VIs such as Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI) and Leaf Chlorophyll
Index (LCI) have been shown to effectively capture phenological characteristics. For example, five VIs derived from NIR and RE-based
indices exhibited significant correlations with maize yield (Shrestha, et al. 2023). Thus, compared with RGB sensors, multispectral
imaging is more widely used for classifying crop growth stage and predicting crop yield.

Hyperspectral sensors can capture hundreds of spectral bands across the electromagnetic spectrum, characterized by nar-
row bandwidths and nanometer-level spectral resolution. Continuous spectral data provide comprehensive information on crop
characteristics and enable the development of more diverse VI models. However, they also introduce challenges related to feature
extraction and data analysis (Thomas, et al. 2017). Full-spectrum hyperspectral data are widely recommended for characterizing
crop growth (Thenkabail and Lyon, 2016) and predicting crop yield, particularly in crops with dense vegetation cover, such as maize
(Guo, et al. 2023).

In crop growth and yield estimation, point-cloud data acquired through LiDAR active sensing provide accurate measurements
of crop height. LIDAR-derived height information is often integrated with other VI data to develop predictive models. UAVs equipped
with thermal infrared sensors are primarily used to capture canopy temperature data. Owing to the strong relationship between can-
opy temperature, plant transpiration, and water status, thermal imagery can indirectly indicate leaf water potential and stomatal
conductance. The negative association of canopy temperature and crop yield can therefore be exploited for yield estimation (Ergo, et al.
2018, Siegfried, et al. 2024). A comparison of different UAV-based sensors is presented in Tab. 1.
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Table 1. Advantages and limitations of different UAV-based sensors (modified from Liu, et al. 2018).

Type of Sensors Detected signals Advantages Limitations
1. Low cost, lightweight design, and ease of 1. Limited to the acquisition of visible RGB
operation information
RGB R,G,and B 2. Requires only basic data processing 2. Exhibits significant limitations in vegetation
index development and subsequent analytical
3. Minimal dependence on weather conditions applications

1. Relatively low cost

1. Provides only a limited number of bands
with relatively low and discontinuous spectral
resolution

2. Captures spectral information extending
beyond the RGB range
R, G, B, Red edge, and
near-infrared 3. Requires less complex processing than
hyperspectral data

Multispectral
2. Limited capability for detailed spectral
modeling and fine-scale extraction of vegetation

4. Widely applied in vegetation index-based growth information

assessments

1. Provides narrow and continuous spectral

bands with high spectral resolution 1. High cost and comparatively lower spatial
; resolution
Ultraviolet, R G, B, Red 2. Facilitates the development of diverse spectral
Hyperspectral edge, near-infrared, and S
s vegetation index models 2. Spectral redundancy and large data volume
mid-infrared
3. Enables detailed characterization of crop 3. Requires complex preprocessing procedures

growth dynamics and subtle spectral differences
1. Relatively heavy equipment

2. Environmental factors (e.g., soil background,

Infrared thermal 1. Enables rapid, large-area acquisition of crop wind) are difficult to fully mitigate

Thermal Infrared radiation canopy temperature data

3. Presents challenges in detecting subtle
temperature differences

1. Provides high-resolution measurements with
strong low-altitude detection capability 1. Characterized by substantial weight, high cost,
and intensive data processing demands
2. Strong anti-interference performance
2. Water absorption of laser pulses may compro-
3. Independent of external illumination or target mise measurement accuracy
radiative properties

LiDAR Laser pulses

3. Less suitable for retrieving phenotypic traits in
4. Smaller and more flexible than traditional low-stature, densely planted crop canopies
microwave sensors

PhenoCam phenology metrics

Plant phenology refers to the key physiological developmental stages that plants go through, such as periodic germination,
flowering, fruiting, and senescence. As an effective indicator of ecosystem functioning, phenology exerts a significant influence on
the carbon and water cycles, energy exchange processes, and climate feedback mechanisms. Phenological shifts not only reflect vege-
tation responses to environmental variability (Yang, et al. 2023), but also directly influence plant developmental processes and overall
productivity (Xue, et al. 2023).

PhenoCam systems represent near-surface remote sensing platforms specifically designed for monitoring vegetation phenol-
ogy. They enable continuous, high-temporal-resolution observations and provide detailed canopy imagery. By capturing changes in
canopy color, particularly variations in greenness intensity, PhenoCams can effectively identify and track phenological development
stages. Greenness indices such as Green Chromatic Coordinates (GCC) and Excess Green (EXG), derived from R, G, and B bands, are
commonly used to quantify canopy greenness. Yan, et al. 2025 found that GCC was a more effective indicator than UAV-based NDVI
and LCI to monitoring height dynamics of Zea mays. Time-series phenological models constructed using PhenoCam-based greenness
indices are highly valuable for identifying key growth periods and informing corresponding agricultural management decisions. Ap-
propriate image acquisition timing and a fixed Region Of Interest (ROI) are essential for developing accurate phenological models
(Sunoj, et al. 2025).

UAV-PhenoCam data integration

The integration of UAV and PhenoCam data leverages the complementary strengths of both platforms, thereby mitigating their
individual limitations and generating a more robust and temporally continuous dataset for monitoring forage crop dynamics. For
example, Simpson, et al. 2025 found strong agreement between greenness indices derived from PhenoCam and UAV observations, val-
idating the feasibility of using data from both platforms to capture vegetation dynamics. The sparse VI observations collected by UAVs
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can be used to calibrate and validate the complete seasonal phenological curves derived from continuous PhenoCam observations
(Thapa, et al. 2021). Ground-based PhenoCam observations also serve as a reference for correcting atmospheric distortions-including
cloud cover and aerosol effects-in UAV and satellite imagery (Berra, et al. 2019). Moreover, integrating multi-scale and multi-source VIs
can improve the predictive performance of growth-stage or crop-yield models. Models combining PhenoCam and UAV-based VIs have
been shown to predict the yields of Zea mays and Avena sativa more accurately than models relying on either data source alone (Yan, et
al. 2025).

Yield prediction using multi-source data

Linear models are commonly employed to describe the relationships between various VIs and crop yield. UAV-based NDVI
exhibited a strong correlation with wheat height and grain yield with R*>0.4 (Hassan, et al. 2019). Multiple linear and nonlinear re-
gression models incorporating additional VIs derived from UAV and PhenoCam data, along with parameters such as soil nutrient and
water content, can predict crop height and yield with greater precision. Furthermore, accounting for specific VIs at distinct growth
stages or using cumulative spectral VIs across multiple periods can significantly enhance model accuracy for predicting crop yield and
protein content (Yan, et al. 2025).

To manage the large volumes of data generated by remote sensing platforms, Artificial Intelligence (AI)-based processing
is widely employed in image analysis and modeling. A data-driven Al automated processing pipeline efficiently handles agri-
cultural near-surface hyperspectral big data through techniques including radiometric calibration, Bidirectional Reflectance
Distribution Function (BRDF) correction, rule-based and Support Vector Machine (SVM)-integrated soil/shadow masking, and
no-reference quality assessment, thereby supporting high-throughput phenotyping and crop yield modeling (Sagan, et al. 2022).
Machine learning models incorporating multiple indicators, including multispectral and hyperspectral-based VIs, textural in-
dices, nitrogen content, and crop height, generally outperform traditional regression models based on single VIs (Li, et al. 2021,
Guo, et al. 2022).

Discussion

Numerous factors influence crop yield, including crop height, Leaf Area Index (LAI), and environmental factor such as irriga-
tion amount, fertilizer level, climatic conditions, and soil texture. High-precision data acquired via 3D LiDAR and canopy analyzers
equipped with fisheye sensors can provide vertical structural information, including crop height, canopy volume, and LAI. UAV-de-
rived thermal and hyperspectral data enable timely monitoring of plant water stress (Psomiadis, et al. 2025) and soil nutrient content
(Hossen, et al. 2021). In the future, comprehensive datasets should be acquired to provide informative variables that enhance the pre-
dictive performance of regression and machine learning models. Simulation results of yield and protein content models can also guide
farmers in adjusting fertilization, irrigation, and harvesting practices.

Most forage crops complete only a single growth cycle per year, leading to a scarcity of sufficient data for modeling. Limited
availability of publicly accessible datasets further constrains the application of machine learning in yield estimation. Therefore, for
diverse forage species and their cultivars, it is crucial to establish extensive monitoring networks and shared datasets. Data collection
and input variables should account for the physiological mechanisms underlying distinct growth stages, as these mechanisms critically
influence biomass accumulation and final yield. Furthermore, standardized monitoring protocols and associated predictive models
should be developed for diverse crop types. Mechanistic models can more effectively capture the effects of environmental and structur-
al factors (e.g., LAI, canopy temperature, and soil moisture) on crop yield (Weiss, et al. 2020). These models should emphasize adapt-
ability and incorporate regional parameterization to improve practical accuracy across diverse geographical and climatic conditions.

A fundamental challenge in precision agriculture is the scale gap between fine-resolution field observations and coarse-resolu-
tion satellite monitoring. UAVs can be integrated into these systems to bridge this gap. Multi-scale platforms leveraging ground-sat-
ellite-UAV synergies should be established to enhance prediction accuracy and substantially reduce spatial uncertainty (Fathololoumi,
et al. 2025). Integrated multi-scale platforms facilitate standardized monitoring and prediction, which are crucial for sustaining crop
yield and ensuring food security under changing climatic conditions.

Conclusion

The integration of UAV and PhenoCam technologies represents a highly efficient and cost-effective approach to address-
ing the critical challenge of monitoring and predicting forage crop productivity. By leveraging the high spatial resolution of
UAVs alongside the continuous temporal coverage provided by PhenoCams, this multi-scale approach effectively bridges the
observational gap between ground-based surveys and satellite remote sensing. The fusion of complementary data, encompass-
ing structural parameters from LiDAR, physiological indicators and VIs from multispectral and hyperspectral sensors, provides
a robust foundation for monitoring and yield modeling. To address the inherent data scarcity in perennial forage systems, fu-
ture efforts should prioritize the construction of extensive shared datasets and the development of adaptable AI-driven mod-
els incorporating regional parameterization. Ultimately, advancing standardized, integrated monitoring frameworks based on
ground-satellite-UAV synergies is essential for translating precise, data-driven insights into actionable management strategies.
This approach will optimize resource utilization, enhance yield stability, and strengthen the resilience of forage production sys-



Fusion of multi-source UAV and PhenoCam.. | 446

tems within sustainable agricultural practices under changing climatic conditions.
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