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spider mite infestation rarely announces itself at the beginning. Tetranychus urticae

feeds from the underside of leaves, puncturing plant cells and removing their contents.
By the time yellow speckles, bronzing or webbing become easy to recognize, the colony may
already be established. But a damaged leaf begins changing before those symptoms become
obvious. Chlorophyll is disturbed, photosynthesis declines, cell structure changes and the way
the leaf reflects light shifts. Hyperspectral imaging can capture these subtle optical changes
across hundreds of wavelengths. Machine-learning algorithms can then search those spectral
data for patterns associated with mite feeding. Recent studies in cucumber, strawberry and
cotton show that healthy and mite-infested leaves can be separated with promising accuracy,
including some infestations that are still visually difficult to recognize. The technology is not
yet a replacement for crop scouting, but it points toward a future in which mite hotspots could
be detected earlier and treatment directed only where it is required.

The Mite May Be Tiny, but the Leaf Records Its Feeding

A two-spotted spider mite is easy to overlook. Much of its activity occurs on the lower
surface of a leaf. It inserts its feeding stylets into mesophyll tissue and removes cellular
contents. One puncture means little to an entire plant. Thousands of punctures are another
matter. As feeding accumulates, chlorophyll is lost, photosynthetic activity falls and
characteristic pale or chlorotic spots eventually appear. Research on Tetranychus urticae—
plant interactions confirm that mite feeding alters pigments and leaf physiology rather than
merely scratching the surface of the plant (Parmagnani et al., 2023). This creates an
intriguing opportunity. Long before a severely damaged leaf looks obviously yellow or
bronzed, its internal condition has begun to change. Light interacting with that leaf carries
information about those changes.

The challenge is learning how to read it.

A Leaf Has a Spectral Fingerprint

Human eyes use only three broad regions of visible light red, green and blue to form colour.
A hyperspectral camera behaves differently. Instead of recording only three broad channels, it
measures reflected light across many narrow wavelength bands. Each pixel can therefore
contain a small spectrum. Healthy green leaves absorb much of the visible red and blue light
for photosynthesis and reflect other wavelengths differently, particularly in the near-infrared
region. When mites remove cellular contents, reduce pigments and alter tissue structure, that
reflectance pattern changes.

Where Artificial Intelligence Enters the Story

A hyperspectral image can contain an enormous amount of information. Hundreds of
wavelengths recorded across thousands of pixels quickly produce more data than a person
could interpret manually. Machine learning provides the second half of the system.
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Researchers first expose the model to spectral measurements from known healthy and known
infested leaves. The algorithm searches for combinations of wavelengths that repeatedly
separate the two conditions. Once trained and validated, it can classify new spectral
observations. A useful system therefore does not need to examine every available wavelength
forever. Researchers can identify a smaller set carrying much of the diagnostic information.
That matters because a future field sensor using five or ten carefully selected bands could be
cheaper and simpler than a laboratory hyperspectral camera collecting hundreds of bands.

Cucumber: Reducing Hundreds of Measurements to a Few Useful Bands
Mandrapa et al. (2024) tested hyperspectral imaging on cucumber leaves infested with
Tetranychus urticae. Reflectance was measured between approximately 502 and 950 nm, and
machine-learning methods including Random Forest, Support Vector Machine and k-Nearest
Neighbour were evaluated. With the full spectral dataset, the Random Forest model achieved
about 92% classification accuracy. More interestingly, classification remained above 80%
even when the models were restricted to only five or ten selected wavelengths. Important
bands occurred mainly in the green and near-infrared regions (Mandrapa et al., 2024). That
result contains an important engineering message. Future mite-detection equipment may not
require an expensive sensor measuring every wavelength. Once reliable diagnostic bands are
established, narrower multispectral systems could potentially perform part of the job. But that
2024 study also illustrated the difficulty of true early detection: visible symptoms appeared
rapidly on many experimental cucumber leaves. The researchers therefore emphasized the
need for further work on genuinely asymptomatic infestations and practical greenhouse
conditions.

The Next Step: Detecting Infestation Before Symptoms Are Obvious

The research moved further in 2026. Mandrapa et al. (2026) developed a new system using
cucumber and strawberry plants, deliberately including infested leaves with few or no clearly
visible symptoms. Extreme Gradient Boosting, commonly called XGBoost, was used to
classify the spectral data. Using the full set of wavelengths, classification accuracy reached
93% in cucumber, 84% in strawberry and 87% when data from both crops were combined
into one model. Even more significant was the attempt to reduce sensor complexity. When
only five effective wavelengths were retained, accuracy was lower 70% for cucumber and
65% for both strawberry and the combined dataset but useful information was still preserved.
Many important wavelengths occurred in the red-edge and near-infrared regions (Mandrapa
et al., 2026). The combined model is especially interesting. A commercial scouting
instrument would become far more useful if one sensor and one analytical system could
operate across several crops instead of requiring a completely different model for every plant
species. That possibility has now moved from an idea to an experimentally demonstrated
proof of concept.

Strawberry Leaves Reveal a Sequence of Hidden Damage

A separate 2025 study examined spectral changes in strawberry plants over time rather than
simply asking whether a leaf was healthy or infested. Wang et al. monitored strawberry
leaves for seven days after Tetranychus urticae infestation. The spectral changes suggested a
sequence in the developing plant response: early changes associated with water imbalance
appeared first, followed by signals linked with chlorophyll degradation and later structural
deterioration. Importantly, their approach detected changes during the asymptomatic stage
before damage was readily visible. The work illustrates why hyperspectral sensing is
potentially more powerful than simply teaching a normal camera to recognise yellow spots.
The sensor may be detecting physiological disruption developing underneath an apparently
green surface (Wang et al., 2025).

Cotton Shows the Same Principle on Another Crop
Evidence is not restricted to horticultural crops. Yamada et al. (2024) evaluated hyperspectral
sensing of Tetranychus urticae infestation in cotton. Plants were classified into no, low,
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medium and high mite infestation levels. Of 281 measured wavelengths, the study identified
a smaller group concentrated mainly in the near-infrared region that carried strong
discriminatory information. Random Forest and Feedforward Neural Network models
achieved accuracies ranging from approximately 80 to 100% across assessment dates. One
wavelength near 908 nm contributed particularly strongly to differentiating infestation levels
(Yamada et al., 2024). Taken together, cucumber, strawberry and cotton studies suggest that
mite feeding leaves a measurable optical signature across very different crop systems.
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What the Research Currently Tells Us
Research question _ Current evidence

from mite-infested leaves? Yes, under experimental conditions.

Can machine learning improve Yes. Several algorithms have produced useful
classification? accuracy.
Can infestation sometimes be detected Yes, demonstrated experimentally in recent
before obvious symptoms? strawberry and multi-crop studies.
Must hundreds of wavelengths always be Probably not. Reduced wavelength sets can
used? retain substantial information.
Is there already a universal field-ready No. Validation under variable commercial
mite detector? conditions is still required.
Could the technology help target scouting  Potentially yes, if field reliability and economics
or intervention? are established.

Why This Could Change Mite Scouting

Conventional mite scouting has an unavoidable sampling problem. Mites are small, often
concentrated in patches and commonly occupy the lower leaf surface. A scout can inspect
only a fraction of the leaves in a large crop. Now imagine a sensor moving through a
greenhouse or mounted on a field platform. Instead of asking a worker to inspect every leaf,
the system could highlight plants or zones whose spectral signatures resemble early mite
infestation. The scout would then inspect those hotspots directly. The most realistic near-term
role of artificial intelligence may therefore be decision support rather than autonomous
diagnosis:
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What Could Fool the Sensor?

Leaves change their spectral behaviour for many reasons. Water stress, nutrient deficiency,
diseases, other arthropods, leaf age, cultivar, sunlight, dust and temperature can all influence
plant reflectance. A model trained under controlled lighting may therefore behave differently
when moved into a commercial greenhouse or open field. This is the major caution behind
the impressive accuracy figures. The 2024 cucumber study explicitly noted the need for
validation under practical greenhouse conditions, while the 2026 multi-crop work likewise
identifies environmental variability and real-time sensor development as important next steps.
A useful field detector must eventually answer a much harder question than: “Is this leaf
different from a perfectly healthy leaf?” It must answer: “Is this difference really caused by
spider mites rather than drought, nutrition, disease or another stress?” That is where larger
datasets, multiple crops, independent validation and integration with conventional
acarological observations become essential.

From Hyperspectral Camera to Practical Mite Sensor

The research trajectory is becoming clear. Laboratory hyperspectral systems discover which
portions of the spectrum matter. Machine learning determines which combinations best
separate infestation states. Researchers then reduce hundreds of bands to a smaller number of
informative wavelengths. The final engineering step would be to build those wavelengths into
simpler multispectral sensors, handheld devices, greenhouse platforms or perhaps unmanned
systems. That progression from expensive discovery instrument to targeted practical sensor is
one reason wavelength-selection studies are important even when today’s hyperspectral
cameras remain too costly or complicated for routine crop scouting.

Conclusion

Spider mites are difficult to see early, but the plants they attack may begin signalling their
presence almost immediately. Mite feeding changes cells. Cellular damage changes pigments,
water relations and tissue structure. Those changes alter reflected light. Spectral sensors
capture the change, and machine learning searches for the pattern. Recent studies in
cucumber, strawberry and cotton show that this chain is scientifically measurable and
increasingly predictable. Yet current evidence should not be mistaken for a field-ready
universal diagnostic system. Most studies remain controlled experiments, and real crops
present many overlapping stresses that can confuse spectral classification. The promising
future is therefore not a camera that magically replaces an acarologist. It is a system that
gives the acarologist better places to look and an earlier time to look there. If that transition
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from laboratory hyperspectral imaging to affordable field sensors succeeds, one of
agriculture’s smallest crop pests may eventually become detectable through a signal much
larger than the mite itself the changing light reflected from its host plant.

What Remains Uncertain

The main uncertainty is field generalization. Current studies strongly support spectral
detectability, but results obtained under controlled imaging conditions cannot yet establish
the sensitivity, specificity, economic-threshold utility or cost-effectiveness of a commercial
field system across cultivars, environments and competing plant stresses.
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