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Abstract

Weeds are among the primary factors that adversely affect crop yields. Chlorophyll fluores-
cence, as a sensitive indicator of photosynthetic activity in green plants, provides direct
insight into photosynthetic efficiency and the functional status of the photosynthetic appa-
ratus. This makes it a valuable tool for assessing plant health and stress responses. Active
chlorophyll fluorescence technology uses an external light source to excite plant leaves, en-
abling the rapid acquisition of fluorescence signals for real-time monitoring of vegetation in
the field. This technology shows great potential for weed detection, as it allows for accurate
discrimination between crops and weeds. Furthermore, since weed-induced stress affects
the photosynthetic process of plants, resulting in changes in fluorescence characteristics,
chlorophyll fluorescence can also be used to detect herbicide resistance in weeds. This
paper reviews the progress in using active chlorophyll fluorescence sensor technology for
weed detection. It specifically outlines the principles and structure of active fluorescence
sensors and their applications at different stages of field operations, including rapid classi-
fication of soil and weeds during the seedling stage, identification of in-row weeds during
cultivation, and assessment of herbicide efficacy after application. By monitoring changes
in fluorescence parameters, herbicide-resistant weeds can be detected early, providing a
scientific basis for precision herbicide application.

Keywords: chlorophyll fluorescence (ChlF); weed detection; site-specific weed
management (SSWM); herbicide resistance; active ChlF sensor; precision agriculture

1. Introduction
The global population is growing at a rapid rate of around 1.09% per year and is

projected to reach nearly 10 billion by 2050 (UN DESA, 2022) [1]. This rapid growth
presents new challenges for the future food supply. In modern agricultural production,
crop yield losses caused by weeds competing with crops have far exceeded food production
losses due to pests and diseases [2]. It is estimated that weed competition reduces yields
of the eight most important global crops by 13.2% [3,4]. Therefore, it is imperative that an
effective weed management strategy be implemented to mitigate the yield loss caused by
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weed competition. The most employed weed management techniques can be classified
into three principal categories: (1) mechanical weed removal through tillage or hoeing,
(2) spraying with chemical herbicides, and (3) high-intensity energy pulse (laser and high-
temperature steam) weed removal. The mechanical weed control technique is constrained
by the intricate mechanical executor, rendering it applicable solely to inter-row weed
control or intra-row weed control of crops with a fixed plant spacing [5–7]. In comparison
to mechanical weeding, chemical weed control offers the benefits of simplicity and efficiency.
Since its inception in 1940, it has been the most widely employed method of weed control
throughout the world [8]. However, the conventional uniform and large-scale spraying
of chemical herbicides can cause a series of environmental and food security problems,
including a decline in biodiversity [9], impacts on aquatic ecosystems [10], and changes to
soil microbial communities and soil properties [11,12], which further affect plant growth
and crop yields [13]. In response to these challenges, developed nations have implemented
stringent pesticide reduction policies, exemplified by the EU’s Farm to Fork Strategy
(European Commission, 2020) [14], Japan’s revised Pesticide Control Act (MAFF, 2018) [15],
and U.S. FIFRA amendments (US EPA, 2022) [16]. As a regulatory-compliant solution, site-
specific weed management (SSWM), which applies herbicides in a spatially targeted manner
to minimize ecological disruption, has demonstrated 30–70% chemical input reductions
without compromising crop yields [17–19]. The general process of SSWM using chemical
herbicides and lasers is illustrated in Figure 1. This process typically comprises four main
steps: (1) weed detection, employing appropriate sensors to identify weeds within the
target area; (2) decision-making, making real-time management decisions based on the
detection results; (3) weeding execution, implementing the weed control actions through
corresponding actuating mechanisms; and (4) evaluation, assessing the performance and
effectiveness of the precise weed control operations. Among the SSWM methods, those
based on high-intensity energy pulse techniques, such as laser and high-temperature steam,
are more preferable. However, due to the high cost of high-energy pulsed techniques and
their limited effectiveness against only small early-emerging weeds, they have not yet fully
replaced chemical herbicides. Therefore, this study focuses exclusively on the application
of active chlorophyll fluorescence sensors within SSWM scenarios that involve chemical
herbicide use [20,21].

 

Figure 1. The general workflow of site-specific weed management (SSWM).

In SSWM, the ability to accurately distinguish between weeds and crops is a prereq-
uisite for subsequent weeding decision-making [22]. The development of sensors that
can accurately identify these two types of plants is, therefore, a crucial area of research.
A variety of technologies have been employed for the identification of weeds in SSWM,
including RGB imaging [23], hyper-/multi-spectral imaging [24], and chlorophyll flu-
orescence spectroscopy/imaging. A considerable number of scholars have conducted
reviews of the applications of hyper-/multi-spectral imaging and digital image processing
in SSWM [25,26]. The applications of hyper-/multi-spectral imaging methods are severely
restricted due to several factors, including the slow data acquisition speed, fluctuations
in reflectance caused by soil and atmospheric factors, changes in solar illumination, and
the similar reflectance characteristics of crops and weeds in the early growth stages [27,28].
The efficacy of weed identification through digital image processing is contingent upon
the quality of the acquired images, particularly in terms of spatial resolution. In practi-
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cal applications, the utilization of deep learning techniques has been shown to enhance
the accuracy of weed identification [29,30]. However, the available information within
RGB images remains limited, with data primarily focusing on the morphology, pigment,
and texture of the vegetation. This approach lacks an effective reflection of the physio-
logical state of the plant, which hinders the detection of drug-resistant weeds and the
precise evaluation of weed control efficacy following application [31,32]. As a means of
investigating photosynthesis in green plants, the intensity and spectral characteristics of
chlorophyll fluorescence (ChlF) directly reflect the efficiency of photosynthetic processes
and the physiological state of the photosynthetic apparatus, providing critical insights
into plant health and stress responses. Given that weeds often exhibit distinct growth
patterns and photosynthetic efficiencies compared to crops, ChlF signals offer a reliable
method for differentiating weeds from crops [33,34]. Additionally, ChlF can be utilized to
detect herbicide resistance in weeds. This capability enables the optimization of herbicide
application through weed-sensing technologies and the implementation of variable-rate
herbicide strategies, thereby improving resource efficiency and reducing environmental
impact [35,36].

ChlF measurements can be classified into two main categories: active and passive
methods. Active ChlF detection involves the stimulation of plant chlorophyll to produce
fluorescent signals using active light sources, while passive ChlF detection utilizes natural
solar radiation as the excitation light source, which is also called solar-induced fluorescence
(SIF) [37]. Although passive SIF technology has been widely employed in large-scale ecolog-
ical environment monitoring, such as the remote sensing assessment of global vegetation
photosynthesis [38] and gross primary productivity (GPP) [39,40], it is not suitable for fine
detection at small scales due to their significant dependence on ambient lighting conditions
and low spatial resolution [41]. By contrast, the active ChlF technology shows considerable
promise in small-scale sensing scenarios, including biotic and abiotic stresses [42]. Exci-
tation by an external light source allows the fluorescence signal of plants to be rapidly
obtained, thereby enabling real-time detection of green vegetation in the field [43].

In the context of SSWM, active ChlF sensors are primarily employed in three distinct
operational scenarios, which are shown in Figure 2: (1) the application of herbicides to
eliminate weeds either during pre-sowing fallow periods or within inter-row areas of
cultivated fields, where the primary requirement is to distinguish bare soil from weed
vegetation; (2) herbicide application during the crop growth stage, where precise discrimi-
nation between crop plants and various weed species is required for selective spraying; and
(3) detecting weed resistance after herbicide application to assess the effectiveness of weed
control strategies.

 

Figure 2. Active ChlF sensors are primarily employed in three distinct operational scenarios.

The study first outlines the fundamental principles and instrumentation of active ChlF
sensing, followed by a critical examination of its applications across different operational
stages—ranging from rapid weed detection during crop emergence to intra- and inter-row
weed identification during crop growth and post-herbicide efficacy assessment. Further-
more, the influence of environmental factors on sensor performance and their implications
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for site-specific weed management (SSWM) are discussed. Finally, the paper concludes with
a synthesis of key findings and perspectives on future research directions, aiming to bridge
current knowledge gaps and highlight opportunities for advancing active ChlF-based weed
detection technologies.

2. Principles and Instrumentation of Active ChlF
2.1. Principles of Active ChlF

Chlorophyll fluorescence (ChlF) serves as a key indicator of the photosynthetic pro-
cess, providing insights into the absorption and subsequent utilization or dissipation of
light energy through various pathways. The absorbed light energy by chlorophyll can be
redirected or dissipated in three primary ways: (i) participation in the electron transport
chain via a photochemical reaction, (ii) dissipation as heat, and (iii) re-emission as fluores-
cence. During the photosynthetic process, light energy absorbed by chlorophyll molecules
is converted and utilized in the carbon assimilation reactions that fix atmospheric carbon
dioxide and synthesize essential organic compounds, which are fundamentally crucial for
plant growth and development [44]. Under conditions of excessive light intensity or other
environmental stresses, when the absorbed light energy exceeds the processing capacity
of the photosynthetic machinery, plants activate protective mechanisms to protect their
photosynthetic apparatus. These mechanisms involve the dissipation of excess light energy
through increased fluorescence and heat dissipation [45]. Typically, fluorescence emission
in photosynthetic processes accounts for 2% to 10% of the absorbed light, with a spectral
range spanning approximately from 650 to 800 nm.

When leaves are exposed to light following a period of dark adaptation, ChlF initially
declines to a minimum level (F0), then rises to a maximum (Fm), and subsequently de-
creases to a quasi-steady state—a phenomenon known as the “Kautsky effect” or “ChlF
transient” (OJIP transient). Quantitative analysis of the rise from F0 to Fm and the subse-
quent decline enables the assessment of dynamic fluorescence changes over time, providing
valuable insights into transient photochemical reactions and the operational status of the
photosynthetic apparatus [46]. Furthermore, changes in the ratios of specific fluorescence
excitation bands, such as F440/F690 and F440/F735, have been used as indicators of envi-
ronmental stress, while the F690/F735 ratio has been shown to correlate with chlorophyll
content [47,48]. Essential ChlF parameters for evaluating photosynthetic performance
are summarized in Table 1. Among them, the maximum quantum yield of photosys-
tem II (Fv/Fm) is a key physiological indicator for assessing the functional integrity of
PSII reaction centers, particularly under various abiotic and biotic stress conditions such
as drought, salinity, heavy metal toxicity, temperature extremes, and pathogen or pest
infestation [49–51].

Table 1. The parameters of ChlF for the assessment of photosynthesis.

Parameter Definition Calculation Formula

F0 Minimum fluorescence intensity
Fm Maximum fluorescence intensity
Fs Steady-state fluorescence intensity
Fv Variable fluorescence FV = (Fm − F0)

Fv/Fm Maximum photochemical efficiency FV/F0 = (Fm−F0)
Fm

Fv/F0 Relative maximum photochemical efficiency FV/F0 = (Fm−F0)
F0

ΦPSII Photochemical quantum efficiency ΦPSII = (Fm−Fs)
(Fm−F0)

qP Photochemical quenching efficiency qP = (Fm−Fs)
(Fm−F0)

NPQ Non-photochemical quenchin NPQ = (Fm−Fs)
Fs
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Currently, two principal methodologies are employed for the detection of OJIP tran-
sients: the Plant Efficiency Analyzer (PEA) and the Pulse Amplitude Modulation (PAM)
fluorometer. The PEA system utilizes non-modulated saturating light pulses to induce
chlorophyll fluorescence emission in plant samples, with high temporal resolution (mi-
crosecond to second scale) to precisely capture the dynamic characteristics of the OJIP
curve, as shown in Figure 3a. In contrast, the PAM technology incorporates modulated
light sources to effectively discriminate photochemically active fluorescence signals from
non-photochemical background interference, significantly improving both data reliability
and measurement precision as shown in Figure 3b [44]. Specifically, PAM measurements
begin by detecting the minimum chlorophyll fluorescence (F0) using an extremely weak
measuring light that does not affect the photosynthetic process. Subsequently, actinic light
and a series of very short saturation pulses are applied to induce variable fluorescence
emission. These very short saturation pulses are sufficiently brief and weak so as not to
alter the state of the photosynthetic reaction centers, allowing for accurate measurement of
true chlorophyll fluorescence. Moreover, the actinic light temporarily exposes the plant
to intense illumination to achieve a saturated fluorescence level [52,53]. The characteris-
tic fluorescence signals obtained through PAE and PAM measurements are illustrated in
Figure 3.

  
(a) (b) 

Figure 3. (a) Dynamic characteristics of the OJIP curve captured by a Plant Efficiency Analyzer
(PEA). (b) Scheme of the ChlF induction kinetics as measured in dark-adapted leaves with a Pulse
Amplitude Modulation (PAM) fluorometer [51].

2.2. Instrumentation for Active ChlF Detection

The work principle of an active ChlF sensor is shown schematically in Figure 4. Due
to the inherently weak nature of chlorophyll fluorescence signals, the effective extraction of
fluorescence signals is a critical issue in active ChlF sensors. Therefore, it is necessary to sys-
tematically optimize each module according to the working principle of active chlorophyll
fluorescence detection. The core components of an active chlorophyll fluorescence sensor
typically include an excitation light source, a light detection unit, and a signal processing
unit with built-in algorithms. Each component requires careful engineering optimization
to enhance the signal-to-noise ratio and ensure accurate measurement of fluorescence
parameters [54].
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Figure 4. The work principle of an active ChlF sensor. Figure 4. The work principle of an active ChlF sensor.

2.2.1. Light Source for ChlF Excitation

The selection of the light source in a chlorophyll fluorescence detection system has a
direct impact on the system’s performance. In recent years, light-emitting diodes (LEDs)
with high efficiency and low power consumption and lasers with high directivity and
energy density have become frequently used light sources [55]. Lasers have high directivity
and energy density, which is advantageous in regional excitation applications because the
light beam can be focused on a small area [56]. Conversely, the collimation of the laser
allows a reduction in the number of optical components and is often used in portable
devices. However, the high cost and comparatively low efficiency of lasers make them
less cost-effective than LEDs for certain large area applications [57]. While LEDs offer the
optimum light intensity/cost ratio, the cosine emission law governing the light emitted by
LEDs results in uneven light distribution, which in turn affects the intensity of the ChlF
excited in different areas. In SSWM, a rectangular or linear light source is typically required
for illumination. It is therefore necessary to shape the LED light source to ensure the desired
illuminating shape and uniformity of the light source. In order to shape the light emitted,
the uniformity of irradiance can be enhanced in an LED array by optimizing the number of
LEDs, the array spacing, and the array height [58]. Meanwhile, advancements in freeform
lens design technology have made it possible to miniaturize and enhance the portability of
rectangular light sources with uniform illumination [59–61].

Given that chlorophyll predominantly absorbs blue (430–470 nm) and red light
(640–680 nm), these two wavebands are frequently employed to excite ChlF. The red
light has a greater penetrating ability than the blue light and can penetrate deeper into the
leaves. However, its longer wavelength causes stronger scattering, resulting in a lower exci-
tation efficiency compared to the blue light [47,62,63]. Therefore, some active ChlF sensors
do not rely solely on a single-wavelength light source for excitation; instead, they often
employ multi-color fluorescence imaging to enhance spectral resolution and data richness.
For instance, one of the most widely used fluorescence instruments in many laboratories is
the Pulse Amplitude Modulation (PAM) fluorometer. This device typically employs three
types of visible light sources for fluorescence excitation: weak pulse-modulated measuring
light, continuous non-saturating actinic light, and saturating pulse light. For instance, the
PAM 101 fluorometer (Heinz Walz GmbH, Effeltrich, Germany) is equipped with a red
LED light source (PAM-102L), a far-red LED (PAM-102FR), and a saturating pulse lamp
(KL-1500), which covers a measurement range of approximately 705–740 nm [64].
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2.2.2. Photodetection Unit of ChlF Sensor

Once the excitation source of chlorophyll has been determined, the subsequent step is
to select the appropriate ChlF detector. Since fluorescence emission occurs isotopically and
irradiance follows the inverse square law [65]—where the detected radiant flux decreases
proportionally to the inverse square of the distance—the separation between the sample
area and receiving optics must be minimized to maintain detectable signal levels. Sub-
sequently, appropriate methodologies must be employed to discern the plant’s response
to the excitation light. The current methods for detecting the excited ChlF include the
frequency domain, analyzed by the reflectance spectrum, and the time domain, analyzed
by ChlF intensity. Reflectance spectroscopy measures the proportion of light reflected at
specific wavelengths and is widely used to assess vegetation by analyzing its reflectance
spectrum. Typical spectral sensing systems consist of a light source, detector, optical guide,
wavelength selector, and signal processing unit. Spectrometers, as key detectors, capture
visible and near-infrared reflectance from plant surfaces [66]. Several commercial spectrom-
eters offer varying capabilities. For example, the LI-COR LI-180™ captures blue and far-red
wavelengths; Spectral Evolution’s SR-6500™ and SR-6500A™ provide ultra-high resolu-
tion (1.5–3.8 nm) across 350–2500 nm; NanoLambda’s XL-500™, smartphone-compatible
via Bluetooth, covers 390–1000 nm at 10–40 nm resolution; and Apogee’s SS-110™ and
SS-120™ offer 3 nm resolution and wide field-of-view (25–180◦) across 340–820 nm and
635–1100 nm ranges.

ChlF intensity detection employs a filter and an optical sensing element to detect
the light intensity of ChlF, with the aim of extracting the characteristics of the OJIP curve.
Among the ChlF intensity detection sensors, photodiodes, photomultiplier tubes (PMTs),
and CCD sensors are the most used optical sensing devices. Photodiodes are a widely
utilized instrument for detecting fluorescence, offering a rapid response, low cost, and
straightforward optical characteristics [67]. Normally, photodiode detection requires high-
gain transimpedance amplifiers (TIAs) to ensure sufficient signal strength. For example, the
Walz Junior-PAM system uses a gain of up to 3.3 × 105, while custom designs by Bates et al.
(2019) and Leeuw et al. (2013) reach gains of 2.2 × 106 and 5 × 106, respectively [68,69].
However, very high gain is limited by the operational amplifier’s internal gain and increases
the risk of oscillation. To improve stability, a damping capacitor is typically added in parallel
with the feedback resistor. While this reduces oscillations, it also slows the amplifier’s
response due to the Resistive Capacitor’s time constant, which can delay the signal rise
from microseconds to tens of milliseconds. Therefore, the gain and damping must be
carefully balanced based on the photodiode and light conditions [70]. PMTs represent a
specialized class of vacuum tube devices that utilize the phenomenon of secondary electron
emission through a cascade multiplication process, enabling exceptional sensitivity in
the detection and measurement of extremely weak optical signals, particularly in low-
radiation environments. Such instruments are well suited to high-precision fluorescence
measurements in low-light environments [70–72].

Compared to the photodiodes and PMTs, the CCD imaging sensors provide the possi-
bility for chlorophyll fluorescence detection systems to capture two-dimensional spatial
chlorophyll fluorescence responses in plant leaves [73]. These systems generate pixel-
resolution fluorescence parameter maps encoded with pseudo-color scales ranging from
black (0.000) to red, yellow, green, blue, and pink (1.000), representing the spatial hetero-
geneity of fluorescence characteristics [48,73]. The CCD imaging module features single-
photon-level sensitivity, a wide dynamic range (>16-bit digitization), and rapid response
dynamics (millisecond-scale exposure control), ensuring precise spatiotemporal resolution
of fluorescence signals. By integrating image processing algorithms, quantitative analysis
of fluorescence characteristics in different leaf regions can be performed, revealing spatial
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dynamics of photosynthetic parameters such as PSII photochemical efficiency (Fv/Fm) and
non-photochemical quenching (NPQ). This capability provides critical decision-making
support for site-specific weed management (SSWM) in precision agriculture.

The performance of active ChlF-based weed detection systems scales variably across
field sizes and weed density gradients. In large, uniformly infested fields, spray volume
tends to increase proportionally with area, whereas in sparse or patchy infestations, inter-
mittent canopy signal detection results in weaker correlations between weed presence and
spray output. This scaling behavior is strongly influenced by engineering parameters. A
narrower field of view (FOV) or higher detection threshold can reduce false positives in
low-density areas but may increase the risk of missing partially occluded weeds in dense
canopies. Conversely, a wider FOV and lower threshold improve detection continuity
in high-density stands but may trigger unnecessary activations in heterogeneous back-
grounds. Operational parameters, particularly vehicle travel speed, also play a key role:
higher speeds reduce the number of samples collected per unit area, disproportionately
affecting detection accuracy under low-density conditions. From the perspective of pho-
todetection unit design, these scaling characteristics imply the need to optimize the balance
among optical collection geometry, threshold adjustment range, and signal integration
time. In sparse weed scenarios, the system should feature high sensitivity and a low-noise
amplification chain to capture weak fluorescence signals; in contrast, in dense infestations,
it requires faster response times and higher instantaneous sampling rates to avoid signal
saturation or triggering delays. Furthermore, integrating an adjustable field-of-view optical
system with adaptive threshold algorithms can enable the photodetection unit to maintain
an optimal signal-to-noise ratio and detection stability across varying field sizes and weed
distributions, thereby supporting scalable, cross-scenario precision spraying.

2.3. Processing and Analysis of Active ChlF Data

The inherent complexity of species-specific fluorescence induction curves limits the
utility of conventional parameters such as Fv/Fm, which are widely adopted in plant
stress studies, for accurate plant species discrimination. To overcome this limitation,
the integration of multiple parameters is required, necessitating the use of advanced
feature processing algorithms. The discrimination of crops/weeds in precision agriculture
primarily employs two methodological frameworks. The first approach involves classical
machine learning techniques that rely on handcrafted features and supervised learning
algorithms such as SVM and Random Forest. The second approach utilizes deep learning
architectures, particularly convolutional neural networks (CNNs) with automated feature
extraction capabilities [74].

Conventional machine learning can be divided into two principal categories, unsuper-
vised learning and supervised learning methods. In unsupervised learning, the objective
is to classify objects based on their similarities or attributes, as observed in unlabeled
fluorescence signals [75]. Given that SSWM only considers two variables, weeds and crops,
due to the stochastic nature of the population categories in which weeds occur in the field,
it is not possible to ascertain the number of weed species. This renders some clustering
algorithms that do not necessitate a known number of clusters more appropriate, including
hierarchical clustering, binarization clustering, the Dirichlet process Gaussian mixture
model (DPGMM), and affinity propagation [76]. The hierarchical clustering method is
based on a distance measure between clusters. It involves the iterative merging or splitting
of clusters in order to form a cluster relationship tree, with the aim of constructing a more
adaptive clustering system [77]. Iterative clustering represents a variant of the agglomera-
tive hierarchical clustering method. It involves the iterative merging of clusters based on a
relative distance metric until a pre-defined stopping criterion is reached. DPGMM is an
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infinite Gaussian mixture model that does not require the number of Gaussian components
to be known in advance. Rather, it is capable of automatically determining the appropriate
number of clusters based on the data [76]. The affinity propagation algorithm generates
prototypes and completes the clustering process through an iterative procedure whereby
the likelihood of each point being a prototype is updated, as is the likelihood of each point
being selected by a specific prototype [76,78].

The supervised learning process necessitates the utilization of known fluorescence sig-
nals for the extraction of a set of representative features, which are subsequently employed
in the classification of plant species through the application of a statistical classifier. Given
the considerable number of features involved in the extraction of ChlF information for the
classification of plants, it is essential to implement a suitable feature selection process in
order to reduce the presence of redundant information, thereby enhancing the robustness
and efficiency of the classifier. After the pre-processing and feature selection of ChlF spectra,
an appropriate statistical classifier is employed to categorize the specific ChlF transient
according to a pre-specified classification scheme. Commonly used classifiers include the
linear discriminant classifier (LDC), quadratic discriminant classifier (QDC), Fisher linear
discriminant classifier (FLDC), k-nearest neighbor classifier (k-NNC), neighbor classifier
(NNC), artificial neural network classifier (NEURC), support vector classifier (SVC), and
nearest mean classifier (NMC) [79].

3. Weed Detection Based on ChlF
3.1. Rapid Plant Detection

In the aforementioned first scenario of SSWM, the primary task of the system is to
detect the green vegetation targets (i.e., weeds) and distinguish them from non-target
background elements such as bare soil, crop residues, and stones. Given that the classifi-
cation task is relatively straightforward, the focus of the detection system lies in how to
ensure adequate signal strength and response speed within the limited acquisition time
window when using low-cost optoelectronic sensors under variable ambient light and
rapid outdoor motion conditions. The use of existing spectrometers necessitates the acqui-
sition of a dark spectrum and a reference spectrum prior to the acquisition of spectral data.
The high cost of the hardware and the considerable volume of data produced impact the
processing speed, which in turn restricts the application of these instruments in SSWM.
In response to the aforementioned technical limitations, Huete et al. [80] and Hanks and
Beck [81] proposed the use of weeds and soil reflectance as a means of detection. This
was based on the observation that weed reflectance is significantly lower than that of soil
in the red (R) spectrum, while soil reflectance is almost equal in the R and near-infrared
(NIR) spectra. Two downward-facing photodiodes with filters were employed for the
detection of R and NIR light, respectively. The density of ground weeds is detected and
estimated by calculating the ratio of reflectance in the red and NIR spectra. This tech-
nique of distinguishing between weeds and soil based on (R + NIR)/NIR reflectance ratios
has been successfully commercialized. Weed Control Australia (WCA), headquartered
in Western Australia, was the first to develop a precision spraying system based on the
(R + NIR)/NIR reflectance ratio method, aiming to distinguish between weeds and bare
ground through spectral differences. Subsequently, Patchen Technology in California de-
veloped the first-generation WeedSeeker system in the 1990s. Building on this foundation,
Rainbow Agricultural Services partnered with Oklahoma State University to establish a
joint venture company, NTech Industries, which now manages the technology and has since
advanced it to a second-generation product. The use of reflectance spectroscopy has proven
effective in distinguishing weeds from bare soil, thereby significantly reducing herbicide
application. However, accurate detection of small weeds requires initial system calibration
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on weed-free surfaces that possess reflectance properties similar to the target area. Without
periodic recalibration, substantial variations in surface characteristics during operation
can adversely affect system performance. Currently, the Weed-It system (Rometron B.V.,
Haaksbergen, The Netherlands) utilizes high-frequency modulated LED light sources to
excite chlorophyll fluorescence signals in plants (within the 650–700 nm wavelength range).
These signals are received through a combination of optical filters and photodiodes and
are subsequently processed via a lock-in amplifier that synchronizes with the modulation
frequency of the excitation light to extract the desired fluorescence signal. Commercially
available active ChlF detection sensors are shown in Figure 5.

 

Figure 5. Commercially available active ChlF detection sensors. (a) Weed Control Australia (WCA);
(b) the Weed-It system (Sensor Technology Ltd.); (c) the first-generation WeedSeeker system; (d) the
second-generation WeedSeeker system.

These commercially active weed-detection sensors differ notably in resolution, sensi-
tivity, and operational performance. The WeedSeeker (Gen 1) delivers a spray resolution
of 12–15 in (0.18–0.23 m2) with a minimum detectable target of ~0.28 cm2, operating effec-
tively at speeds up to 16 km h−1, though requiring manual calibration under variable field
conditions. The WeedSeeker 2 improves on this by providing a spray resolution of ~50 cm
width (0.50 m2) and detecting weeds as small as 1 cm2 with millisecond-level response
time, sustaining detection at speeds up to 20 km h−1 and operating at up to 40 km h−1

with automatic calibration. The WEED-IT Quadro further enhances performance, offering
a spray resolution of 100 cm width (1.10 m2) with a 1 cm2 detection limit and ≤10 ms
response time, enabling accurate operation at speeds up to 25 km h−1 and tracking up to
50 km h−1, with high robustness to fluctuating illumination (Table 2).

Table 2. Comparative specifications of commercial active ChlF weed-detection sensors.

Parameter WeedSeeker (Gen 1) WeedSeeker 2 (Gen 2) Weed-IT

Detection principle Red + NIR reflectance ChlF
Detection area 0.18/0.23 m2 (12′′/15′′) 0.50 m2 (50 cm × 1 m) 1.10 m2 (100 cm × 110 cm)
Response time N/S; adequate ≤ 16 kph ms-level ≤10 ms

Min. detectable target 0.28 cm2 (≈19 mm Ø) 1 cm2 (10 mm × 10 mm) 1 cm2

Operating speed ≤16 kph
≤20 km/hdetect;

≤40 km/h max operating
speed.

≤25 km/h;
≤50 km/h track

Auto-calibration Manual Auto; env. adaptive Auto filter; robust env.
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In addition to the commercially available active ChlF sensors for soil and vegetation
detection, several researchers have developed similar types of sensors. For instance, Deng
et al. [82] designed a green plant sensor using the reflectance ratio at 850 nm and 650 nm as
a vegetation detection index, with a threshold value set at 5.54 [82], and Wang et al. [62]
optimized the selection of spectral bands and identified blue light as having the highest
excitation efficiency for vegetation and developed a low-cost green plant sensor using a
blue light source [62].

3.2. Crop/Weed Classification Based on Active ChlF

During the cultivation period, the use of active ChlF sensors for weed detection ne-
cessitates distinguishing between crops and weeds both within and between crop rows,
thereby imposing increased complexity on the classification system. As mentioned above,
the ChlF properties of plants can be divided into frequency-domain properties represented
by spectra and time-domain properties represented by ChlF transient curves. For active flu-
orescence spectroscopy to detect vegetation, although Longchamps et al. [83] and Panneton
et al. [84] successfully classified monocotyledons and dicotyledons through ultraviolet-
induced fluorescence spectroscopy within the 400–800 nm spectral range, the methodology
demonstrated limitations in distinguishing certain species with similar spectral charac-
teristics, particularly evident in the case of maize (Zea mays) and foxtail (Setaria spp.).
The spectral reflectance characteristics of plants exhibit dynamic variations in response
to developmental changes and environmental modifications. During early growth stages,
crops and weeds demonstrate comparable spectral reflectance patterns, as evidenced by
multiple studies [28,83,85]. Furthermore, environmental stressors, including but not limited
to salinity gradients and water availability, have been shown to significantly alter plant
spectral reflectance properties [86]. Therefore, relying solely on simple band ratios or
single fluorescence signals is insufficient to meet the accuracy requirements for vegetation
classification. Plant optical reflectance is strongly influenced by observation geometry, ex-
hibiting pronounced angular dependence. In polarimetric bidirectional reflectance studies,
variations in azimuth and zenith angles alter the balance between diffuse, specular, and
secondary reflections within the canopy, leading to distinct spectral–polarimetric signatures
for different plant architectures [87]. Yang et al. [88] proposed that the intensity and shape
of steady-state laser-induced fluorescence (LIF) spectra of plant species depend on the
fluorescence emission angle. By constructing pseudocolor images using fluorescence wave-
length and emission angle as axes, the spatial distribution characteristics of the fluorescence
spectra can be leveraged for vegetation identification. This method was effectively applied
to distinguish a range of species, including dicots such as Camphora officinarum and
Cinnamomum kotoense, and monocots such as Scindapsus aureus, Dracaena sanderiana,
paddy rice (Oryza sativa), and bamboo.

Vegetation classification based on ChlF transients has demonstrated considerable po-
tential due to the species-specific nature of fluorescence signals. Tyystjärvi et al. [89] utilized
a pulse-amplitude modulation fluorometer (PAM 101, Heinz Walz GmbH, Effeltrich, Ger-
many) to measure ChlF transients in seven plant species, identifying distinct fluorescence
patterns that they termed “fluorescence fingerprinting”. Building upon this concept, Co-
drea et al. [90] proposed an improved classification framework by incorporating a genetic
algorithm-based feature selection method with a feedforward neural network trained via
backpropagation. Their system effectively classified nine plant species—including five
angiosperms (birch, maize, tobacco, stinging nettle, and rye), one gymnosperm (pine), and
three cryptogams (common haircap moss, rusty peat moss, and a lichen species)—achieving
classification accuracies exceeding 90%. However, conventional ChlF transient measure-
ments typically require a dark adaptation period ranging from 10 min to 2 h to establish
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a stable fluorescence baseline [73], which severely limits the efficiency and scalability of
real-time vegetation monitoring in field conditions, particularly in SSWM applications.
To address this limitation, Keränen et al. [91,92] trained a multilayer perceptron (MLP)
neural network to classify the fluorescence profiles obtrained using a PEA fluorometer.
Their model achieved an average classification accuracy of 86% across six plant species—
quackgrass, radish, beetroot, field pennycress, rye, and wheat—using the full 1-second
OJIP transient. Remarkably, even when the acquisition window was shortened to just 0.1
s, the model still maintained a classification accuracy of 76% -. Further advancing this
approach, Tyystjärvi et al. [93] demonstrated that a 1-second fluorescence curve, obtained
after only 1.2 s of shading under natural light conditions, could be effectively used for
crop/weed classification. The study focused on two crop species (maize and barley) and
six common weed species (annual bluegrass, lamb’s quarters, scentless mayweed, Canada
thistle, corn speedwell, and common chickweed). The classification accuracy reached as
high as 95%, and the influence of varying ambient light intensities on model performance
was surprisingly minimal. The direct contact between chlorophyll fluorescence (ChlF)
probes and plant leaves can improve classification performance while reducing the need
for dark adaptation, but their limited detection range at the leaf level restricts practical ap-
plications in the field. To overcome this limitation, Mishra et al. [94] utilized a non-contact
imaging approach with the FluorCam system (Photon Systems Instruments Ltd., Brno,
Czech Republic) under ambient laboratory conditions to capture ChlF images of three
Lamiaceae species—Ocimum basilicum, Origanum vulgare, and Origanum majorana. By
evaluating eight classifiers and four feature selection methods, they found that combining a
sequential forward floating selection (SFFS) with a quadratic discriminant classifier (QDC)
achieved optimal species discrimination, reaching over 97% accuracy in mixed-species
potted samples [94]. Building on this imaging-based strategy, Mattila et al. [95] employed
the Handy FluorCam FC 1000-H to measure ChlF images of field-collected wild dandelion
(Taraxacum officinale) and greenhouse-grown oat (Avena sativa, cv. Aslak). Using a greedy
algorithm for feature extraction and integrating ChlF with leaf texture features, they further
improved classification accuracy to 98%.

Given the established relationship between ChlF and plant phenomics and ge-
nomics [96,97], ChlF has been widely utilized in controlled-environment breeding programs
for various purposes, including screening of plant mutants [98–100], selecting cold- and
waterlogging-tolerant crop varieties [101–103], and identifying mutant populations in
different algal species [92]. The application of ChlF in screening plant variants has fully
demonstrated its sensitivity to genetic and physiological variations. Given that commercial
crop cultivars typically exhibit high genetic uniformity and display greater phenotypic
diversity compared to wild weeds, the use of ChlF for crop/weed classification repre-
sents an effective approach. However, it is essential to consider that ChlF transients in
vegetation are also influenced by environmental conditions [104], which may affect the
reliability of ChlF-based binary classification between crops and weeds. To ensure the
robustness of chlorophyll fluorescence-based classification under variable field conditions,
it is necessary to develop and analyze extensive datasets that capture a wide range of
environmental factors.

To further enhance the performance of fluorescence fingerprinting, additional opti-
cal strategies may be considered. These include increasing kinetic detail by measuring
responses under varying light intensities, optimizing the use of the O–I–J–P phases of
the Kautsky curve [67], and employing high-order polynomial fitting of specific curve
segments instead of simple linear regressions to extract more nuanced features. Moreover,
the use of higher-sensitivity fluorescence detection systems, such as advanced PAM or PEA
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fluorometers, may significantly improve data resolution and the overall reliability of the
detection system.

4. Evaluation of the Effectiveness of SSWM Based on ChlF
The evolution of herbicide resistance has been documented in various weed manage-

ment scenarios since the first reports of herbicide-resistant weeds in 1957 [105–107]. With
the increasing prevalence of herbicide-resistant weed populations, a corresponding decline
in herbicide efficacy has been observed. Consequently, managing herbicide resistance has
become a critical component of sustainable soil and water management practices. Early
detection of resistant weeds is critical because herbicide-resistant weeds can rapidly prolifer-
ate and establish persistent seedbanks if not addressed promptly. Once resistance becomes
widespread, control measures often require higher chemical doses, the use of multiple
herbicide modes of action, or more intensive mechanical interventions, all of which increase
production costs and environmental risks. Furthermore, delayed identification reduces the
window of opportunity for implementing integrated weed management strategies, thereby
undermining the long-term sustainability of cropping systems. However, traditional ap-
proaches in weed science research have primarily relied on four methodological approaches
for the diagnosis of herbicide resistance: (1) controlled environment bioassays conducted
under greenhouse conditions, (2) biochemical characterization assays, (3) molecular genetic
analyses, and (4) analytical chemistry-based assays [108]. However, these conventional
methods are typically laboratory- or greenhouse-based and are time-consuming, making it
difficult to manage weed resistance at an early stage [109,110]. To address this challenge,
Barbagallo [111] and Riethmuller-Haage et al. [112] proposed using ChlF to quantify the
impact of herbicides on weeds and gained insights into their mode of action. In many weed
species, the Fv/Fm ratio, which represents the maximum quantum yield of photosystem II,
often exhibits a marked alteration following herbicide treatment. Susceptible species typi-
cally display a rapid decline in the Fv/Fm value, whereas resistant species tend to maintain
a relatively stable ratio [111,112]. In a study by Wang et al. [113,114], the WEED-PAM
sensor was used to monitor resistance in blackgrass (Alopecurus myosuroides). Following
the application of acetolactate synthase (ALS) inhibitors, the Fv/Fm value of the suscepti-
ble variety significantly decreased within 24 h, declining from 0.7 to a range of 0.6–0.65.
In contrast, the resistant variety exhibited minimal variation in its Fv/Fm value. After
treatment with PSII inhibitors, the Fv/Fm value of the sensitive variety decreased to 0.25
within three to four days, while the resistant variety remained around 0.6. Mechanistically,
herbicides that target photosynthetic pathways disrupt the electron transport chain within
PSII, leading to energy imbalance and photoinhibition. These physiological impairments
are rapidly reflected in altered fluorescence emission patterns—particularly in Fv/Fm and
the kinetics of OJIP transients—well before visible injury symptoms develop. Early detec-
tion of resistant weeds is critical because herbicide-resistant weeds can rapidly proliferate
and establish persistent seedbanks if not addressed promptly. Once resistance becomes
widespread, control measures often require higher chemical doses, the use of multiple
herbicide modes of action, or more intensive mechanical interventions, all of which increase
production costs and environmental risks. Furthermore, delayed identification reduces the
window of opportunity for implementing integrated weed management strategies, thereby
undermining the long-term sustainability of cropping systems.

Active ChlF sensors enable precise assessment of herbicide efficacy, providing a
scientific basis for optimizing application rates. Real-time monitoring of photosynthetic
performance allows for timely feedback and adaptive adjustment of herbicide strategies,
ensuring effective weed control while minimizing environmental impact. The Fv/Fm ratio
is commonly used to detect herbicide resistance but is also sensitive to environmental
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stresses such as drought or salinity [115]. Thus, declines in Fv/Fm cannot be attributed
solely to herbicide effects. However, herbicide-induced reductions are generally more rapid
and severe than those from abiotic stressors [113], making Fv/Fm a useful indicator. Given
that herbicide resistance detection primarily involves assessing whether photosynthetic
efficiency is severely inhibited, it may be feasible to replace the requirement for extended
dark adaptation with features extracted from the full ChlF response curve. This suggests
a promising possibility: integrating weed/crop classification algorithms with herbicide
resistance detection algorithms into a unified framework. By doing so, platforms such
as PEA or PAM fluorometers equipped with active ChlF sensors could be transformed
into core perception modules for SSWM. Such systems could continue monitoring ChlF
responses of residual plants either during the return pass after herbicide application or
within 3–5 days post-treatment. By analyzing these responses, weeds potentially harboring
herbicide resistance genes could be identified, enabling the implementation of targeted
follow-up measures. This integrated approach would contribute to a more comprehensive
and adaptive weed management strategy, facilitating effective control of both susceptible
and resistant weed populations.

5. Conclusions
At present, active chlorophyll fluorescence (ChlF) sensors have demonstrated matu-

rity in the rapid detection of weeds during the seedling stage. Commercial systems such
as WeedSeeker, which is based on the differential reflectance of chlorophyll excited by
specific wavelengths (typically in the blue or red spectrum), and Weed-it, which detects
fluorescence responses, have shown reliable performance in detecting green vegetation and
have been widely applied in site-specific spraying within precision agriculture. However,
significant challenges remain in applying active ChlF sensors under complex field condi-
tions throughout the growing season for distinguishing weeds from crops and detecting
herbicide-resistant biotypes.

In field conditions, the growth history of vegetation can cause variability in ChlF
transient characteristics, potentially reducing the reliability of binary crop–weed classifica-
tion based on ChlF measurements. In recent years, deep learning has rapidly advanced
as a powerful tool for modeling complex spatial patterns and nonlinear physiological re-
sponses in ChlF image analysis. Convolutional neural networks (CNNs) can automatically
extract key features from ChlF images to distinguish stressed from healthy plants [116].
Fully convolutional network architectures, such as U-Net, enable fine-scale segmenta-
tion of stress-affected regions at the leaf level [117]. Generative adversarial networks
(GANs) can augment datasets, expand training samples, and improve classification robust-
ness [118]. Furthermore, integrating deep learning with temporal modeling has shown
significant advantages: Sun et al. characterized the photosynthetic dynamics of drought-
stressed mutants through time-series ChlF imaging [119], while Dong et al. [120] combined
ChlF features with bidirectional long short-term memory (BiLSTM) networks to achieve
high-accuracy classification of cold-stressed tomato seedlings. These approaches not only
improve model performance but also enhance interpretability, allowing AI outputs to
make more physiologically meaningful inferences about plant status. However, there is
still a severe lack of publicly available, standardized ChlF image datasets—particularly
those acquired under natural field illumination and annotated with ground-truth labels
such as crop/weed species, stress types, and resistance status. There is a pressing need to
establish large-scale annotated datasets under field conditions, encompassing well-labeled
samples across diverse environments, plant types, and stress levels. In the future, as dataset
size expands, integrating physical models and fluorescence kinetics into deep learning
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frameworks holds great potential for further improving physiological interpretability and
cross-environment generalization.

Compared with traditional RGB or multispectral imaging systems, active ChlF imaging
involves greater technical complexity and cost. Fluorescence imaging typically requires
a controlled excitation light source (e.g., LEDs or lasers), specialized optical filters to
isolate weak fluorescence signals, and highly sensitive detectors such as CCD or scientific
CMOS cameras. These hardware requirements—combined with the need for precise
synchronization, calibration, and noise suppression—make current commercial chlorophyll
fluorescence imaging devices prohibitively expensive. While there have been research
efforts toward developing low-cost ChlF sensors, these remain at the experimental stage
and are generally limited to small-scale sample detection. Therefore, comprehensive studies
are needed to determine the spatial and temporal resolution requirements for accurate
crop–weed discrimination and early herbicide resistance detection, in order to guide the
design of low-cost, scalable ChlF imaging systems suitable for high-throughput field
image acquisition.

Integrating active ChlF sensors into autonomous or vehicle-mounted platforms [121]
requires the use of cameras or push-broom scanners to collect modulated fluorescence
signals. Fluorescence measurements also require short periods of dark adaptation or
low ambient light to achieve a stable optical system. In principle, this can be achieved
by shading the field with the tractor or installing light-blocking panels on the tractor to
provide brief dark adaptation, combined with a continuously focused downward light
beam for plant identification. This necessitates the development of a tractor-compatible,
scalable hardware platform capable of real-time fluorescence imaging, coupled with fast
excitation protocols or machine learning–based compensation strategies to minimize dark
adaptation requirements.

Overall, active ChlF sensors, as a promising sensing tool, provide critical support
for perception-based SSWM due to their high sensitivity to plant physiological status.
Their potential extends beyond early-stage weed detection to include intra- and inter-row
weed identification during the growing season and post-herbicide application assess-
ment, enabling the establishment of a full-process weed monitoring system. Furthermore,
ChlF-based vegetation sensing technologies hold broad application prospects beyond
weed detection, such as in fertilization management and irrigation regulation, facilitating
precision variable-rate fertilization and spraying in smart agriculture. Despite current
limitations in hardware resolution, imaging speed, and cost, the unique advantages of
active ChlF sensors in sensing plant physiological phenotypes and their deep integra-
tion potential in digital agriculture present a promising outlook for future research and
industrial deployment.
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