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Highlights

What are the main findings?

e Inconsumer RGB drone imagery, submerged aquatic vegetation (SAV) appears as a
local darkening of the water rather than as greenness: an excess-green index performs
at chance, whereas local relative darkness separates SAV from open water with a
cross-scene AUC of 0.969.

e  Most SAV is smaller than the fixed lower limit on pixel number inherited from land-
cover mapping. Pairing a ground-sampling-distance-anchored minimum mapping
unit with a CFAR-inspired scale criterion recovers it, raising pixel recall from 0.52 to
0.71 with no false positives inside the annotated open-water rectangles.

What are the implications of the main findings?

e  Low-cost, RGB-only drones can map where SAV is present and, within a stated spatial
tolerance, how far it extends, including the small and fragmented stands that coarser
sensors miss, with no multispectral hardware. The product is binary presence and
extent only; it is not cover fraction, biomass, species identity, or a field-confirmed
SAV map.

e  The darkness and shadow limits of RGB remain physical and call for red-edge or
near-infrared information, and low SAV prevalence bounds operational use. The
spatial-scale limit, by contrast, is one that RGB can correct on its own.

Abstract

Submerged aquatic vegetation (SAV) is a sensitive indicator of shallow-water condition,
but operational mapping has relied on multispectral, red-edge, or near-infrared sensing,
leaving low-cost consumer RGB drones largely unused for the task. We present an RGB-
only detector for SAV. It treats SAV as local darkening rather than a greenness signal, and
sets the detectable patch scale with two label-free mechanisms, a ground-sample-distance
(GSD)-anchored minimum mapping unit that rescales with altitude and a CFAR-inspired
scale criterion N-(s/0)? > T driven by per-scene clutter o. Across four densely annotated
scenes most SAV is small, with 73-98% of labelled patches falling below the 0.43 m? that
a conventional fixed lower limit on pixel number retains at 4 cm GSD. Anchoring the
minimum unit correctly raises pixel recall from 0.52 to 0.71 with no false positives inside the
annotated open-water rectangles, and reaches a cross-scene SAV-versus-open-water AUC
of 0.969, whereas an excess-green index performs near chance (AUC 0.438). Consumer
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RGB drones can therefore map binary SAV presence and extent within a darkness x scale
detectability envelope, recovering the small, fragmented stands that coarser sensors miss,
while cover fraction, biomass, species identity and the faintest SAV remain out of reach.
The reference standard throughout is expert photointerpretation of 4 cm imagery, so what
is mapped is image-interpreted SAV-like dark patches rather than field-confirmed SAV, and
all results come from one lake system, one camera and one flight altitude.

Keywords: submerged aquatic vegetation; RGB drone; UAV remote sensing; minimum
mapping unit; constant false alarm rate; ground sample distance; identifiability; shallow water

1. Introduction

Submerged aquatic vegetation (SAV) is a structuring component of shallow freshwater
and estuarine ecosystems. It stabilises sediments, cycles nutrients, oxygenates the water
column, and provides habitat, and its presence and extent are widely used as integrative
indicators of water-body condition [1,2]. Because SAV responds to eutrophication, hy-
drological alteration, and management intervention, its dynamics are a recurring target
of monitoring [3-6]. Mapping SAV repeatedly over space and time nonetheless remains
difficult, because the signal must be recovered through an attenuating water column [7].

Most operational SAV and aquatic-macrophyte mapping therefore relies on spectral
information beyond visible light. Satellite multispectral and hyperspectral platforms,
including Sentinel-2, PlanetScope, WorldView, and airborne hyperspectral sensors, are
used to map macrophyte cover even in turbid and low-transparency waters [8-13]. These
methods typically exploit red-edge and NIR contrast within bio-optical or geographic
object-based models. The necessity of these bands is often explicit. Submerged canopies
are detected by contrasting low in-water reflectance against the high NIR reflectance of
near-surface or emergent material, and red-edge ranges have been compared directly
against NIR for submerged targets [14]. Bio-optical approaches model the attenuation of
light with depth to retrieve cover or biomass [15,16]. Dedicated indices have also been
designed to remain invariant to depth or to extend the soil-line concept to variable water
quality [17,18]. Reviews of satellite multispectral macrophyte mapping reflect this spectral
dependence [19]. The approach has two clear limitations. Satellite pixel resolutions of
3 to 30 m miss small and fragmented stands, so low abundances go undetected [20], and
even the best-case retrievals reported, obtained where the water column is clearest and the
canopy densest, are confined to roughly 1.5 to 2.0 m depth in low-transparency water [8].

Unmanned aerial vehicles (UAVs) add centimetre-scale resolution to this toolkit.
A substantial body of work maps aquatic vegetation from drones, predominantly with
multispectral sensors and object-based image analysis (OBIA) [21-26], and increasingly for
biomass and cover estimation by combining UAV and satellite data [27-29]. Consumer RGB
drones, by contrast, are inexpensive, ubiquitous, and routinely flown by non-specialists,
yet unfortunately they are often regarded as inadequate for SAV because they lack red-edge
and NIR bands. Where RGB drones are used for aquatic primary producers, the targets are
frequently floating or near-surface, such as green tides and filamentous or floating algae, for
which a greenness contrast is valid [30-32]. Alternatively, RGB is paired with a multispectral
sensor and its channels treated as auxiliary [33]. The few studies that apply RGB drones
directly to submerged targets work in shallow, clear, non-turbid systems and treat the
problem largely empirically [34,35]. Where RGB-only seasonal monitoring of submerged
seagrass has been attempted, it was found insufficient to discriminate habitat change, and
lowering the flight altitude did not help [36]. UAV multispectral imaging therefore reduces
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the resolution limitations of satellite data but keeps the spectral-band requirement and with
it the sensor cost and calibration that limit consumer uptake. Consumer RGB is the one
widely accessible alternative, yet what it can resolve for genuinely submerged vegetation
in non-ideal water has not been established systematically.

This paper will look into two approaches that so far have not been attempted. Firstly,
much RGB vegetation work transfers greenness indices designed for emergent or terrestrial
canopies, such as excess green (ExG) and the normalised green-red difference. For SAV
this is physically misplaced. A plant viewed through a water column does not present as
“green” but as a local darkening of the water surface, because the column removes most of
the upwelling pigment signal and what reaches the sensor is dominated by attenuation. The
first aim of this paper is to make this explicit. We show that greenness is not merely weak
but anti-informative for the SAV /open-water contrast, whereas local-relative darkness is a
more suitable axis for detecting it.

Secondly, once a darkness-based detector is adopted, a subtle and, to our knowledge,
untreated problem emerges: the size threshold applied to connected components. A
“darker than surrounding water” rule highlights many small dark objects, only some of
which are SAV. The remainder are sensor noise, ripple troughs, glint edges, shadow flecks,
and floating debris. The standard remedy, inherited from land-cover mapping [37], is a
minimum mapping unit (MMU): connected components smaller than a fixed pixel area are
discarded. Such size thresholds are used in aquatic mapping too. For seagrass mapped
from 3 m Planet satellite imagery, patches of at least about nine pixels, reported by those
authors as ~200 m?, were almost always detected, and the same study used an occurrence-
frequency threshold to suppress the isolated single-pixel misclassifications that appeared
below that size [38]. Yet such thresholds are applied as fixed values, and their effect on
recall is rarely quantified. The threshold buys precision at an unmeasured cost in recall,
and it has two defects. It discards genuine small SAV patches that are, at the single-pixel
level, spectrally indistinguishable from clutter, so the size threshold acts as a spatial proxy
for a confidence the spectral data cannot supply. It is also expressed in pixels, so the same
physical patch maps to a different pixel count at different altitudes and focal lengths, and
a fixed lower limit expressed in pixels cannot transfer across acquisitions. This issue is not
addressed even in careful UAV mapping-protocol guidance [39], and it matters wherever
band choice and acquisition geometry are shown to change which vegetation is captured [40].

Four objectives follow. The first is to establish local-relative darkness, rather than
greenness, as the RGB discriminative axis, and to build a transferable pixel detector on
it. The second is to quantify how much genuine SAV a conventional fixed lower limit
on pixel number discards. The third is to introduce two label-free mechanisms that re-
cover it, a GSD-anchored physical minimum mapping unit and a CFAR-inspired scale
criterion N-(s/0)? > 1. The fourth is to delineate the resulting RGB capability boundary
as a darkness-by-scale detectability envelope, and to test that boundary on deployment
scenes acquired outside the calibration condition. Throughout, we respect a constraint
stated by the survey operators: exhaustive annotation is too time-consuming to repeat, so
any adaptive mechanism must be unsupervised at deployment.

2. Materials and Methods
2.1. Study Area and Image Acquisition

The study area is located in the north-east of Yangcheng Lake, Suzhou, Jiangsu
Province, China (Figure 1), centred at 31.4847° N, 120.8248° E and spanning 31.4792°
to 31.4903° N and 120.8140° to 120.8367° E. All positions are recorded in WGS 84, which is
the coordinate system used by the flight-control system and the one in which the coordi-
nates in Figure 1 are given. Because geographic coordinates are unsuitable for measuring
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area, the survey polygon and the flight track were projected to WGS 84/UTM zone 51 N
(EPSG:32651) before measurement; in that projection the area covers 1.79 km?, over which
a 13.6 km automated inspection route was planned and flown. Yangcheng Lake is a large,
shallow freshwater lake in the Yangtze River Delta and a regionally important aquaculture
water (particularly for Chinese mitten crab), where submerged aquatic vegetation strongly
influences water clarity and habitat quality and is therefore a recurring monitoring target.
An autonomous DJI Dock 3 (SZ DJI Technology Co., Ltd., Shenzhen, China) was deployed
in the north of the area to support high-frequency, all-weather automated flights. Imagery
was acquired with a DJI Matrice 4TD UAV (SZ DJI Technology Co., Ltd., Shenzhen, China;
RGB camera, 4032 x 3024 px) at a relative flight altitude of approximately 111 m. This
acquisition geometry yields a ground sampling distance (GSD) of 4.13 cm/px on the dense
reference scene, computed from its recorded relative altitude of 110.95 m and 35 mm
equivalent focal length of 24 mm (Equation (2)). Relative altitude across the annotated
set varies between 109.7 and 115.0 m, so the GSD varies between 4.08 and 4.28 cm/px,
a 4.8% variation within a single nominal flight altitude; we use 4.13 cm/px throughout
because every derived patch-area quantity is computed on the dense scenes. Detection
is performed at a working resolution of 1600 px on the long edge (10.4 cm/px), which
bounds computation while remaining far finer than the SAV patch sizes of interest. Im-
agery was acquired mainly in the morning (~07:00-08:00) at near-nadir viewing geometry
to suppress midday sun glint. Annotation was carried out in LabelMe (Version 6.2.0;
open-source software, https://github.com/wkentaro/labelme, accessed on 25 July 2026),
with SAV delineated as polygons and open water and the negative classes (wave, shadow,
floating/emergent vegetation, land, etc.) as rectangles. Figure 2 summarises the full
acquisition-to-detection workflow.

2.2. Datasets and Annotation

Four datasets are used, with training and evaluation strictly separated. Throughout,
the reference standard is expert photointerpretation of the 4 cm imagery rather than a
synchronous in situ survey, so the target class consists of strictly image-interpreted SAV-
like dark patches; when we refer to SAV below, this is what we mean. The combiner is
trained only on the lake set, a separate collection of 17 densely binary-masked images
(12 training /5 validation) representing the coherent-bed regime. Evaluation is performed
on different scenes to test genuine cross-scene transfer, comprising the following: (i) a cross-
scene box set of 58 frames spanning twelve acquisition dates across the monitoring season
and a range of water levels and water-clarity (turbidity) conditions (a morning aquaculture-
pond series plus several other dates and sites), annotated with SAV polygons and open-
water rectangles (with floating/emergent vegetation labelled where present), totalling
1197 SAV and 512 open-water shapes, used for box-level discriminability. Two further
box-annotated frames exist but are excluded from all evaluation: on checking the datasets
against each other we found them to be pixel-identical to two of the twelve lake images
on which the combiner was fitted, so retaining them would have placed training scenes
inside the cross-scene test. Excluding them raises the cross-scene AUC of the proposed
detector from 0.967 to 0.969, so the exclusion is conservative in direction as well as correct
in principle; (ii) four dense scenes in which every SAV patch is exhaustively labelled
(one full frame of 1391 patches plus three native-resolution crops), used as the measuring
stick for the scale analysis (exhaustive whole-frame annotation is prohibitively slow, so
dense labelling is confined to these reference scenes); and (iii) a deployment set of three
unlabelled images (same-condition open water, diffuse green water, midday glint), used to
test robustness against flooding under changing conditions.
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Figure 1. Study area: A wetland in the north-east of Yangcheng Lake (Suzhou, Jiangsu, China). The

dashed polygon marks the automated inspection extent (research area) and the star marks the DJI

dock; the inset locates the site within Yangcheng Lake. Coordinates are shown in WGS 84; areas and
route lengths were computed after projection to WGS 84/UTM zone 51 N (EPSG:32651).
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produces candidate blobs; label-free scale gating (per-scene clutter o and a GSD-anchored size limit)

then applies the CFAR scale criterion to yield the SAV presence/extent map.
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2.3. Local-Relative Pixel Detector

The water column renders absolute radiometric quantities unreliable: white balance,
sun angle, and water colour vary between and within scenes, so a detector keyed on
absolute brightness or a single global threshold saturates when conditions change. We
therefore use only local-relative features, all computed in CIELAB (luminance L, chroma
components 4, b) and HSV (hue, also used to exclude glint). Each image is first resized to a
working resolution of 1600 px on the long edge; a smooth open-water baseline luminance
field is then estimated by an unsupervised background-estimation procedure analogous
to astronomical source extraction (SExtractor) [41]: on three grid scales (32, 96, 256 px at
working resolution) the bright-side 75th percentile within each cell serves as the open-water
reference, iterated three times (excluding pixels with |z| > 3 before re-estimation) and
interpolated back to full resolution by bicubic interpolation. The per-pixel features are
three-scale dark residuals z = (B — L) /0jo¢, (Where B is the local baseline luminance at
each scale, L the pixel luminance, and 0y, a local robust scale), together with the local
chroma deviation z,,,, and hue deviation zj,,, relative to the surrounding water, giving
five features in total (dark residuals clipped to [—8, 8], chroma and hue to [0, 12]). Absolute
brightness and any global normalisation are deliberately excluded.

The five features are combined by a single low-capacity linear (logistic) rule. Because
the features are physically motivated (submergence darkens the water and only weakly
shifts its colour relative to the surrounding open water), the combination needs no high-
capacity learning; its five coefficients and a bias are calibrated once, by a logistic fit on an
independent set of densely masked images from the same lake system, and then frozen
and applied unchanged to every scene reported here. The calibration is strongly over-
determined (of order 4 x 10° labelled water pixels constraining six parameters), and,
because the frozen rule is never refitted per image, the cross-scene results reflect genuine
transfer rather than per-scene tuning. Crucially, the calibration confirms the mechanism
rather than discovering it: the three dark-residual terms dominate (small/mid/large-scale
coefficients of 0.19/0.44/0.36), chroma is secondary (0.20), the hue (greenness) term is
effectively null (—0.06), and the bias is —2.06. That is, darkness, not colour, carries the
signal, exactly as the radiative-transfer argument predicts. The feature standardisation
statistics are stored with the coefficients, so the frozen rule reproduces deterministically. The
water mask additionally excludes land and emergent vegetation (high ExG > 25 together
with high local texture, std > 18, dilated by a 14 px shoreline buffer to remove shaded water
hugging tree-lined banks that would otherwise read as false SAV) and residual specular
glint (V > 230 and S < 40), followed by a 5 x 5 morphological opening; these gates
are used only to build the analysis mask and are never fed as features. The output is a
continuous per-pixel SAV probability within the water area.

2.4. CFAR-Inspired Scale Criterion

Candidate pixels are those whose SAV probability exceeds a threshold (0,,,,; = 0.28, a
deliberately permissive high-recall inclusion threshold whose only role is to admit compo-
nents for the subsequent scale test, so the discriminative decision is governed by T rather
than by 6,,,4); after a 3 x 3 morphological opening to remove speckle, they are grouped
into connected components under 8-connectivity. For each component we record its area N
(pixels) and its mean darkness contrast s (the mean of B — L over the component, with B the
mid-scale local baseline). We treat detection against a clutter background as a matched-filter,
or constant-false-alarm-rate (CFAR), problem [42]. The statistic follows from incoherent
integration over the component: for a region of N pixels, each carrying a mean darkness
contrast s against benign-water clutter of standard deviation o, the integrated signal grows
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as Ns while the integrated clutter (summing N approximately independent fluctuations)
grows only as v N ¢, so the squared detection signal-to-noise of the whole component is

(Ns)*

oL = N-(s/0)>.

SNR? =

The single-pixel contrast test (N = 1) is the special case, and area integration is what
lets a faint but extended patch clear the threshold that an individual pixel cannot. A
component is retained if and only if the following conditions apply:

N > Nfjgor and N-(s /) > T (1)

The clutter level ¢ is estimated per scene and without labels as the standard deviation
of the darkness field B — L over non-candidate water (probability below 6_cand), i.e., the
natural fluctuation of benign water (¢ ~ 2.0 on the dense scenes here). The threshold 7 is
the single exposed operating point (default T = 320, chosen from the recall-precision trade-
off); it is the detection threshold on the integrated statistic and can be bound to an external
constraint such as measured transparency (Secchi depth or K;), with larger T being stricter.
The area lower limit Nyj,,, is provided by the physical anchor of Section 2.5 (degrading
to an absolute lower limit of 4 px when metadata are absent). In the (logN, logs) plane
this criterion is a hyperbola, in contrast to the vertical line of a hard size threshold. The
formulation extends the one-dimensional “per-pixel contrast against noise” detectability
condition to the two-dimensional (contrast x area) plane. We call the criterion CFAR-
inspired rather than CFAR because it is not a calibrated constant-false-alarm-rate detector
in the classical sense: T is chosen empirically from the recall-precision trade-off rather than
derived from a nominal false-alarm probability, the clutter distribution is not modelled
explicitly, and the approximate independence of neighbouring pixels assumed by the
incoherent-integration step is not tested. The statistic is therefore best read as a matched-
filter-like scale criterion whose operating point is set empirically, and the achieved false-
alarm rate is an empirical quantity that varies between scenes rather than a constant
guaranteed by construction.

2.5. GSD-Anchored Minimum Mapping Unit

To make N4, transferable across scenes, we anchor it to a physical minimum map-
ping unit (MMU, m?) rather than a fixed pixel count. Under a pinhole-camera projection
at near-nadir viewing, the ground footprint width imaged by the sensor is alt-(Wsensor/ f),
where wsensor and f are the physical sensor width and focal length. The 35 mm equivalent
focal length reported in EXIF is defined so that wsensor / f = 36 mm/ f35, which removes
any dependence on the actual sensor size. Dividing the footprint by the image width in
pixels gives the per-pixel ground size, so from only two EXIF fields, the relative altitude alt
(RelativeAltitude) and the 35 mm equivalent focal length {35 (FocalLengthIn35mmFormat),
the working-resolution GSD is:

GSDyork = ]% 2)
where 36 mm is the full-frame reference width and W, the working-resolution image
width in pixels. Because the physical sensor width cancels, the anchor requires no camera-
specific calibration and is, in principle, portable across platforms from metadata alone; this
portability is established analytically here and is not validated empirically: all imagery
in this study comes from one camera at one nominal altitude, so the cross-altitude and
cross-camera behaviour of the anchor remains untested. The pixel-number lower limit
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is then set to Nyjp0, = MMU/ GSD? .. The same physical MMU maps to more pixels at
lower altitude and fewer at higher altitude, so the criterion rescales automatically with
acquisition altitude and camera. For the present data, the M4TD with alt = 110.95 m,
35 = 24 mm and Wy, = 1600 gives GSDy,px = 10.4 cm/px; a default MMU = 0.08 m?
(~ 29 cm clump, the 25th percentile of labelled SAV patch sizes) corresponds to Njpo, = 7.4 px.

When metadata are absent, the procedure degrades to an absolute lower limit of 4 px.

2.6. Baselines and Evaluation

We compare the results against three baselines representing standard practice, all
scored against the same dense ground truth within the same water mask. The greenness
baseline is an ExG (excess green, 2G — R — B) threshold within water (>10), representing
the “find green vegetation” approach inherited from terrestrial and floating-vegetation
work [30,31]. The global-darkness baseline is a global Otsu threshold on within-water
luminance, representing the naive “SAV = dark water” rule. The fixed-MMU baseline is the
local-relative detector (candidates with probability > 0.28) followed by a fixed 40 px MMU,
representing the conventional connected-component minimum-mapping-unit approach.
Our method is the CFAR criterion with the GSD anchor.

Pixel-level recall, precision, and F1 are computed on the dense reference scenes and
the lake validation masks. Each image estimates its own baseline (no global fit); the logistic
combiner is fitted on 12 lake images and then frozen and transferred to all cross-scene
data (the lake set is split 12 training/5 validation). Cross-scene discriminability is reported
as the box-level SAV-versus-open-water AUC over the 58-frame set (1197 SAV and 512
open-water shapes), from which the two frames identical to training images have been
removed: each annotated shape is scored by its internal predicted-SAV pixel fraction,
and the AUC is the rank-sum (Mann-Whitney U) statistic. We additionally report per-
negative-class predicted coverage as a false-positive indicator, and whole-frame coverage
on the deployment images. Because the dense ground truth uses tight polygons whereas
detections are slightly dilated, precision is reported at zero tolerance and within +2/+3 px
tolerance to distinguish true false positives from boundary halos. The tolerance is defined
at the working resolution, so £2 px corresponds to about 21 cm and £3 px to about
31 cm on the ground; all extent statements in this paper are bounded by that tolerance.
Object-level metrics count an annotated patch as recovered when it intersects a predicted
component, with IoU > 0.5 reported additionally, and 95% confidence intervals are obtained
by bootstrap resampling of patches (1000 resamples). All processing is implemented in
Python (Version 3.10.20) with OpenCV (Version 4.13.0), NumPy (Version 2.2.6), SciPy
(Version 1.15.3) and scikit-learn (Version 1.7.2, logistic regression); acquisition metadata are
read with ExifTool (Version 13.56).

3. Results

The results are organised along the axes of the identifiability argument. Section 3.1
establishes the discriminative axis by contrasting greenness with local-relative darkness.
Sections 3.2-3.4 address the scale axis: how the detectors compare, how much SAV a
fixed lower limit on pixel number discards, and how anchoring that limit to the ground
sampling distance makes it transferable in principle. Sections 3.5 and 3.6 characterise the
CFAR-inspired criterion and its single operating point. Section 3.7 then applies the detector
to deployment scenes acquired outside the calibration condition and reports a point-based
validation of what it maps there.
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3.1. Greenness Versus Local-Relative Darkness

The excess-green (ExG) index separates SAV from open water at an AUC of only 0.438
(Table 1), which is essentially a matter of chance and indicates that greenness carries almost
no usable SAV-versus-open-water signal. This is consistent with the physical expectation
that pigment colour is attenuated through the water column while the dominant effect is
darkening. A global-darkness threshold is better but still weak (Table 1) and saturates at the
pixel level (F1 < 0.05), because a single global cut cannot accommodate the within-scene
baseline variation in water colour and illumination. Only the local-relative formulation
resolves this. This result directly motivates abandoning greenness indices for submerged
targets, in contrast to their valid use for floating and emergent vegetation.

Table 1. Detector comparison. Pixel recall/precision/F1 on the dense reference scene and the lake
validation masks; cross-scene SAV-versus-open-water box AUC (higher is better).

Method Dense F1 Lake F1 Cross-Scene AUC
ExG greenness 0.038 0.038 0.438
global darkness (Otsu) 0.047 0.044 0.803
local darkness + fixed MMU (40 px)  0.354 0.361 0.950
CFAR + GSD (this work) 0.395 0.376 0.969

3.2. Baseline Comparison

Table 1 reports all four detectors under the same ground truth and metrics; the cross-
scene AUC is computed over the 58 box-annotated frames (1197 SAV and 512 open-water
shapes) spanning twelve dates and a range of water levels and clarity, so it measures
discriminability across temporal and hydrological variation rather than within a single
condition. The naive greenness and global-darkness baselines fail (pixel F1 0.04-0.05; cross-
scene AUC 0.438 and 0.803). The two local-relative detectors are both strong discriminators
at the box level: the fixed-MMU detector reaches AUC 0.950 and CFAR 0.969. The box-level
AUC, however, is insensitive to the recall of small patches, because a shape is scored by
its internal predicted-SAV fraction and a few large detections already light it up. CFAR’s
distinctive advantage is therefore not visible here but in the dense pixel-level recall of small
patches, where it leads on F1 (dense image 0.395 vs. 0.354; lake 0.376 vs. 0.361). The same
ordering holds at the object level on the full-frame reference scene, where CFAR reaches
a patch recall of 0.577 (95% CI 0.542-0.615) and a patch precision of 0.788 (0.759-0.817)
against 0.260 (0.233-0.287) and 0.928 (0.897-0.956) for the fixed 40 px baseline and leads on
patch recall at every matching threshold tested, including IoU > 0.5 (0.136 vs. 0.085).

Dense F1 is the pixel-level metric on the full-frame dense reference scene; Lake F1
is the pixel-level metric on the lake validation masks; cross-scene AUC is the box-level
SAV-versus-open-water metric over the 58 box-annotated frames. The box-level AUC
separates the fixed-MMU and CFAR detectors only slightly because it is insensitive to
small-patch recall; the size effect appears at the pixel level (Table 2).

Table 2. Size operating point on the dense reference scene (pixel metrics vs. dense ground truth).
None of the three configurations placed a single predicted SAV pixel inside the annotated open-water
rectangles: 0 of 9829 pixels in every case, a 95% upper bound of 0.03% on the commission rate within
those declared negatives.

Configuration Recall Precision F1

Hard lower limit 40 px + region gate 0.519 0.258 0.344
No gate, lower limit 8 px 0.708 0.267 0.388
CFAR + GSD (7 = 320) 0.706 0.274 0.395
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3.3. The Size-Limit Recall Loss

Using the dense reference scene, we swept the size operating point and decomposed
the recall loss by patch size (Figure 3; Table 2). Removing the hard threshold raised pixel
recall from 0.519 to 0.708, a gain of 19 percentage points (37% relative), with per-pixel
precision essentially unchanged (0.258 — 0.267) and no false positives inside the annotated
open-water rectangles throughout. This last quantity is measured only within the annotated
open-water rectangles and the selected negative classes, not over all non-SAV water, so it
bounds commission inside declared negatives rather than establishing a zero false-alarm
rate. The lost SAV is not at a physical limit: across all size bins, 0% of labelled patches
vanish at working resolution and 0% fall below the candidate darkness threshold. The
patches are dark enough and resolved enough to become candidates; they are removed
purely by the size proxy. Detection rate rises monotonically with both patch size and
threshold relaxation; for example, the 30-80 px bin rises from 0.33 to 0.70.

(a) (b)
Fixed size limit 40 px + region gate

RGB crop (400 x 400 work-res px) red = kept, blue = dropped

(c) (d)
Relaxed size limit 8 px Size versus darkness
red = original, green = recovered SAV Dropped specks are smaller, equally dark
L}
- Kept (n =389)
- Dropped (n = 843)
404~ Size limit = 4|0 px
ol
Y i
0 . !
¢ 307 P
= a1
< 1,
© o et
° lo,
c 201 .
©
[}
=
10
0 T

Component area N (px)

Il Kept (fixed size limit 40 px) [l Dropped by size or score Bl Recovered (relaxed size limit 8 px)

Figure 3. Most SAV is small and recoverable (a native-resolution crop of the dense reference scene).
(a) RGB crop. (b) Connected components kept (red) vs. discarded (blue) by the fixed 40 px lower
limit on pixel number. (c) Small SAV specks recovered (green) when the size limit is set correctly.
(d) Component size vs. darkness: the discarded specks are smaller but equally dark.

This is not specific to a single scene. Across four exhaustively annotated scenes (the
full-frame reference and three native-resolution crops), real SAV patches are consistently
small relative to the fixed mapping unit (Table 3). Median patch areas range from 0.08 to
0.27 m?, and 73-98% of all labelled patches fall below the 0.43 m? implied by the fixed 40 px
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threshold (median across scenes ~ 90%). Because patch area is a property of the vegetation
and the GSD rather than of the detector, this statistic is independent of the processing
resolution and confirms that a fixed pixel threshold discards most real SAV across scenes.

Table 3. Real SAV patch sizes across the four exhaustively annotated scenes (GSD 4.13 cm/ full-px).
The fixed 40 px threshold implies a 0.43 m? minimum mapping unit on a full frame; most labelled
patches fall below it.

Scene #Patches Median Patch Area (m?) % Below 0.43 m?
Reference full frame (1391 patches) 1391 0.144 93
Crop A 215 0.171 73
Crop B 94 0.080 98
Crop C 45 0.269 76

Per-pixel precision against the tight polygons is 0.27 at zero tolerance but rises to 0.57
and 0.68 within a 2- and 3-pixel tolerance, respectively. Most of the apparent false positives
are therefore boundary halos around the tight polygons rather than spurious detections.
The remainder reflects a mixture of genuine false positives and SAV still missing even from
the dense annotation (predicted coverage 5.0% vs. annotated 1.9%). Precision is thus best
read as an interval. Per pixel, the size sweep does not degrade it; at the object level the same
relaxation trades 27 points of patch precision (0.928 — 0.659) for more than a doubling of
patch recall (0.260 — 0.582).

This effect is regime-dependent. On the lake set, where SAV forms coherent beds
rather than sparse specks, relaxing the threshold adds little recall (+0.03) at a small precision
cost (F1 flat to slightly negative). The harm of a fixed threshold therefore scales with how
fragmented the SAV signal is, i.e., with growth form and GSD, so a single fixed value is
systematically wrong across scenes.

3.4. GS5D Anchoring of the Size Limit

At 111 m altitude the GSD is 4.13 cm/px (10.4 cm/px at working resolution; 108 cm?
per working pixel). The current 40 px threshold therefore corresponds to a 0.43 m? mini-
mum mapping unit, i.e., a 66 cm clump (Figure 4). By contrast, the labelled SAV patches on
the full-frame reference scene have a median area of 0.14 m? (38 cm) and a 25th percentile
of 0.086 m? (29 cm). Thus 93% of patches are smaller than the 40 px MMU and are removed
by size alone, and this holds across the four densely annotated scenes (73-98% below the
MMU; Table 3). The empirically good threshold (8 px ~ 0.087 m?) coincides with the 25th
percentile of real patch sizes, i.e., a physically reasonable minimum clump.

Anchoring a fixed physical MMU through GSD makes the pixel threshold depend
on altitude in the correct direction. Predicted from Equation (2), a 0.10 m? MMU maps to
37.6 px at 55 m, 9.2 px at 111 m, and 2.4 px at 220 m. Requiring patches eightfold larger
at 220 m than at 55 m shows that a fixed pixel threshold is intrinsically non-transferable.
These altitude figures are analytic predictions; all imagery here was acquired at a single
altitude, so the rescaling is validated by construction rather than against multi-altitude
acquisitions. To our knowledge this issue is not addressed in current UAV aquatic-mapping
workflows, even though acquisition geometry is known to change what is captured.

3.5. CFAR Versus the Fixed Size Limit

In the (N, s) plane (Figure 5), real SAV patches occupy a region extending towards
small N at high s. The hard threshold, a vertical line at N = 40, removes this small-but-dark
population, whereas the CFAR hyperbola N-(s/ 0)2 > 7 retains it while still rejecting small,
faint clutter. At matched false-positive budgets, the CFAR statistic keeps substantially
more SAV blobs than size alone: for example, at 200 retained non-SAV blobs it keeps
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26 versus 7 SAV blobs, and at 400 it keeps 117 versus 44. Ranking quality, measured as
the area under the SAV-kept versus non-SAV-kept curve, improves from 0.338 (size-only)
to 0.518 (CFAR). The scene clutter ¢ used here (2.04) is estimated without labels. These
keep-curve comparisons are computed on the dense reference scene; confirming the same
Pareto relation across additional densely annotated scenes is left for future work.

(a)

Dense reference scene, 1391 labelled SAV patches, 93 % below the fixed 40 px size limit

1254 — - Fixed size limit 40 px = 0.43 m? :
- Proposed = 0.09 m2 (= 29 cm) I
100 :
) 1
S 751 1
5] 1
© 504 !
I .
0 .
1072
Real SAV patch area (m?)
(b) (c)
= Fixed physical MMU 0.10 m? Size limit » physical MMU
% rescales the size limit with altitude at 111 m, GSD 10.4 cm/work-px
0.6 1
E — Adaptive size limit (MMU = 0.1 m?) — v
. . - . o~ N m2
g 60 - Fixed 40 px (non-adaptive) é ~ 66 cm side
= 55 m - 38 px 2> 0.41
() N e IS I =
S =
- ©
'§ 201 111 m - 9 px §>’. > 0.09 m= 2
8 220 m > 2 px & graleubly = Z()iogmmside
S5 01— : . : . 0.0-
g 50 100 150 200 250 40 px 8 px 4 px
-4 Flight altitude (m)
Figure 4. GSD-anchored physical minimum mapping unit. (a) Distribution of real SAV patch
area on the dense reference scene, with the 0.43 m? unit implied by the fixed 40 px limit and the
proposed 0.09 m? unit marked. (b) Size limit in working pixels required to hold one physical
minimum mapping unit of 0.10 m? as flight altitude varies, against the non-adaptive fixed 40 px limit.
(c) Physical minimum mapping unit corresponding to limits of 40, 8 and 4 px at this altitude.
(a) . (b) . o
(N, s) decision plane, o =2.038 CFAR Pareto-dominates the size limit
KEPT 4001 Extra SAV recovered
- Size-only N (AUC 0.338)
e . (s/o)?
3504 CFAR N-(s/o)* (AUC 0.518)
300
101 2501

200 1

150 1

Darkness contrast s

Non-SAV blob

100 1 /i~
« SAV blob (dense GT) :

SAV blobs kept (true positives)

—= Hard size limit N = 40 REJECTED 50 1 26!vs .
— . 2 = "
CFAR N-s 'rI o sy
10! 102 103 0 200 400 600 800
Blob area N (work-res px) Non-SAV blobs kept (false positives)

Figure 5. Detectability envelope in the (N, s) plane. (a) The fixed size limit (vertical line) vs. the CFAR
boundary, with SAV and clutter blobs and the keep/reject regions shaded. Small but dark SAV, the green
blobs lying left of the vertical limit but above the hyperbola, is cut by the fixed limit and kept by the
criterion. (b) SAV-kept vs. non-SAV-kept curve, on which CFAR Pareto dominates the fixed size limit.
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3.6. The CFAR Operating Point

Sweeping T (Figure 6) traces a smooth recall-precision trade-off. On the dense refer-
ence scene, not one of the 9829 pixels inside the annotated open-water rectangles is flagged
at any T in this range, so the commission rate inside the declared negatives is exactly zero
rather than merely small (0 of 9829; 95% upper bound 0.03%), and 7 trades recall against
precision on ambiguous detections without saturating the declared negatives. This quantity
is measured inside the annotated open-water rectangles and the selected negative classes
only. This makes T a single, interpretable operating point that can be bound to an external
covariate such as measured transparency or the diffuse attenuation coefficient, rather than
retuned by hand for each scene.

(a) (b)

Pixel R/ P /F1 versus T Selectivity of the operating point

103-
1.2 -o~ Recall : NS :
- Precision 1 "-.,.|
-+ F1 1 -
1.0 —- Operating point T = 320 i 8 i ‘\"-..‘
1 c 1 AN
1 © 1 e
0 0.8 I [0] 1
o 1 = A
061 1 3] 1
s 1 c 1
o 1 g 1
L, 1
0.4 1 At = e i
1 8 :
0.2 T o —e— SAV blobs kept (of 332) 1
: : 1024 === Clutter blobs kept (of 900) :
1 —=- Operating point T =320 |
0.0 ; 1 T T T 1 T
10! 102 10° 10! 102 103

CFAR threshold T CFAR threshold T

Figure 6. CFAR operating point. (a) Recall, precision and F1 as the threshold T is swept. (b) Selectivity
of the operating point: SAV vs. clutter components retained vs. T, with the false-positive rate inside
the annotated open-water rectangles at zero throughout (0 of 9829 pixels at every T in this range; 95%
upper bound 0.03%).

3.7. Deployment Robustness

We ran the detector on three deployment images acquired outside the morning win-
dow used for calibration, each using its own EXIF metadata to set the physical threshold.
Whole-frame predicted coverage stays low on the difficult scenes (green water 4.3%, mid-
day glint 0.44%), in contrast to the 24-25% saturation of a non-adaptive global detector.
Because a low coverage value alone cannot distinguish a correct low value from a wrong
one, we validated these scenes directly. Six hundred stratified random points (70 in the
mapped-SAV class, 60 in a 1 m buffer around it and 70 in the remaining water for each
image) were photointerpreted blind and independently twice, and every disagreement
plus a 10% audit of the agreements was adjudicated by the authors; agreement between
the two independent interpretations was 0.913 (Cohen’s k = 0.758, and 0.972 on the binary
SAV versus not-SAV axis). Estimated with the stratified estimators of Olofsson et al. [43],
the mapped SAV class is dominated by commission (Table 4). On the green-water scene
the user’s accuracy is 0.129 (95% CI 0.069-0.227) and the estimated true SAV cover is
1.65% (bootstrap 95% CI 0.62-2.93%) against 5.01% mapped, indicating a roughly threefold
overestimate of area, with a producer’s accuracy of 0.389. On the same-condition and glint
scenes, no sampled point in the mapped class was interpreted as SAV (user’s accuracy of
0.000; 95% upper bound of 0.052). Overall accuracy is high on all three scenes (0.862-0.983)
only because SAV is rare and is therefore not an informative metric here. Two mechanisms
account for the commission. First, detections concentrate against the boundary of the analy-
sis mask: on the same-condition scene 68% of detected pixels lie within 2 m of an excluded
region against 32% of the water area, because bright non-vegetated land such as roads
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and riprap is not removed by the greenness-and-texture land gate and inflates the local
open-water baseline near shorelines. Excluding a 3-4 m boundary band removes 72-100%
of the predicted area on those two scenes while changing dense-scene recall by less than
0.001 (0.706 to 0.705) and leaving the open-water scene unchanged, so a larger shoreline
exclusion than the 14 px used here is advisable. Second, on the open-water scene, which
has no such boundary, commission persists and is not removed by the operating point:
raising T sixteenfold lifts the user’s accuracy only from 0.129 to 0.286 while dense-scene
recall falls from 0.706 to 0.434. Sun glint produces specular spikes that are bright rather
than dark and yield small, low-contrast candidates, which the N-(s/ (7)2 statistic does not
retain. Predicted coverage was accordingly low in the glint scene tested, but the mapped class
there consisted mainly of dark wave troughs and floating-mat edges rather than SAV, and we
did not test glint robustness across solar and viewing geometries. For comparison, Figure 7
shows the same whole-frame contrast on the dense reference scene, where exhaustive ground
truth is available and both configurations can be scored directly against it.

Table 4. Deployment-scene point validation. Two hundred stratified random points per scene, 600
in total, were allocated as 70 to the mapped-SAYV class, 60 to a 1 m buffer around it and 70 to the
remaining water, drawn within the analysis mask and photointerpreted blind and independently
twice; every disagreement and a 10% audit of the agreements was adjudicated by the authors.
Coverage is given on both denominators because Section 3.7 quotes the whole-frame value while the
estimators operate within the analysis mask. Estimates follow the stratified estimators of Olofsson
et al. [43]; intervals are bootstrap (10,000 resamples, seed fixed) except where every sampled point
was negative, in which case the bootstrap is degenerate and a rule-of-three upper bound is given
instead. Producer’s accuracy is undefined where no sampled point was interpreted as SAV. Overall
accuracy is 0.862, 0.946 and 0.983 respectively, but it is high only because SAV is rare and is therefore
not an informative metric here. On the same-condition scene an estimated 15.6% (10.8-21.2%) of the
analysis mask is dry land that the greenness-and-texture land gate fails to exclude, which contributes
to its mapped coverage.

Estimated True SAV

Scene Points le;z:iz;?\)[]asclg Ve Cover (% of Mask, (I;Es;eo/r z;&)ccuracy Ziti‘;::r s
° 95% CI) ° Y
Same-condition open water 200 45/13.8 0.00 (0-4.4) 0.000 (0.000-0.052) Undefined
Diffuse green water 200 43/5.0 1.65 (0.62-2.93) 0.129 (0.069-0.227) 0.389
Midday glint 200 04/1.7 0.00 (04.3) 0.000 (0.000-0.052) Undefined
(a) (b)

Hard size limit 40 px + region gate

CFAR + GSD anchor (size limit 7 px, T 320)

recall 0.52 F10.344 recall 0.71 F1 0.395

Il Detected SAV

Figure 7. Whole-frame detection on the dense reference scene. (a) Fixed 40 px lower limit on pixel
number with the region gate (recall 0.52). (b) GSD-anchored CFAR-inspired detector (recall 0.71).
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Neither configuration produces false positives inside the annotated open-water rectangles. This
figure characterises the reference scene; the deployment scenes are quantified in Table 4.

4. Discussion
4.1. Principal Findings

Three findings follow from the experiments. First, the discriminative axis for SAV in
RGB is local-relative darkness rather than greenness; the excess-green (ExG) index performs
at chance (AUC 0.438). Second, most SAV is small and falls below the conventional fixed
lower limit on pixel number, so a scale-aware minimum unit recovers it: at 4 cm GSD, a fixed
40 px threshold implies a 0.43 m? minimum patch, below which 73-98% of labelled patches
fall across the four densely annotated scenes, and setting the minimum unit correctly raises
recall from 0.52 to 0.71 on the full-frame scene, while a size-binned decomposition shows
the recovered patches are dark enough and resolved enough to be detected. Third, the lost
recall is recoverable without new labels, because a CFAR criterion with scene-estimated
clutter and a GSD anchor restores it with no false positives inside the annotated open-
water rectangles and outperforms the standard baselines (cross-scene AUC 0.969). We
interpret these findings below by relating them to prior RGB and multispectral work, to
radiative-transfer theory, and to the limitations of the approach.

4.2. Relation to Prior Work

Our results occupy a specific position relative to three established lines of work, and
the comparison clarifies what is gained and what is conceded.

Satellite multispectral and hyperspectral methods map SAV cover synoptically but are
bounded by pixel size and water transparency. With Sentinel-2 in low-transparency water,
detection is restricted to roughly 1.5-2.0 m depth and cover is retrieved at R? 0.56-0.66 [8],
whereas at 3 m PlanetScope resolution low abundances cannot be detected at all [20]. Our
4 cm RGB recovers patches down to about 0.04-0.09 m?, well below these satellite mapping
units, so it captures the small, fragmented SAV that coarse pixels miss. The trade-off
is explicit: those satellite studies retrieve percent cover, whereas we map presence and
extent only.

UAV multispectral methods solve the resolution problem but retain the requirement for
red-edge or NIR bands. Object-based workflows classify submerged vegetation at 71-84%
accuracy using a near-infrared band [21] and at 77% using a six-band sensor [22]. Hybrid
UAV-plus-satellite schemes that report cover and biomass still derive the operational map
from a multispectral water index, using the UAV only to generate training samples [27,44].
We obtain comparable or higher cross-scene separability (AUC 0.969) from consumer RGB
alone, without calibrated multispectral hardware, again conceding the cover and biomass
products that those methods target [15,45,46].

RGB studies addressing submerged targets directly have so far been confined to
favourable conditions. Filamentous algae and rooted macrophytes have been classified
at 82-92% accuracy, but only in clear, non-turbid rivers with Secchi depth above 2 m [34,35].
RGB-only seasonal monitoring of submerged seagrass was found insufficient to discrim-
inate habitat change, and lowering the flight altitude from 115 to 30 m did not help [36].
Two recent UAV studies frame the comparison further. A feature-pyramid network applied
to UAV orthophotos of subtidal and intertidal seagrass in Tokyo Bay reaches 0.957 overall
accuracy and 0.918 F1, but it is a supervised deep model trained on exhaustively delineated
seasonal ground truth, which is precisely the annotation cost our survey operators ruled
out, and it is applied to a tidal flat rather than a turbid inland lake [47]. An amphibious UAV
combining aerial and underwater imaging with YOLOvS8 reaches mean average precisions
of 0.76-0.80, but it does so by submerging the sensor and removing the water column from
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the optical path, so it answers a different question from ours, which is what can be recov-
ered through the water column from an ordinary consumer RGB camera at altitude [48].
Against both, ours is a label-free detector rather than a trained one, together with the scale-
axis analysis that neither study addresses. Our contribution is to extend RGB detection of
submerged vegetation into turbid and variable water by keying on local-relative darkness
rather than absolute colour, and to address the altitude dependence Prystay et al. [36]
encountered by anchoring the scale threshold to GSD rather than changing flight height.
The greenness result sharpens the boundary: vegetation indices remain valid for floating
and emergent material [30,31], whereas our below-chance ExG AUC localises their failure
specifically to submerged targets.

4.3. The Identifiability Map

These findings cohere into an identifiability map with three axes. On the darkness
axis, the faintest SAV produces a darkening below the noise floor and is unrecoverable.
On the shadow axis, dark SAV and dark shadow are confounded where contrast alone
must decide. On the scale axis, small but genuine patches are removed by the size proxy.
The decomposition in Section 3.3 separates these cases empirically: the patches missed
by the size threshold are not on the darkness axis, because they exceed the candidate
threshold, nor lost to resolution, because they survive at working resolution; they are lost
to scale alone. The darkness and scale axes are thus separated empirically, whereas the
shadow axis is argued from the radiative-transfer model rather than separately quantified
here. The central implication is that the scale axis differs in kind from the other two. The
darkness and shadow limits are physical lower bounds that require additional spectral
information (red-edge, NIR, or shortwave-infrared) to break [8,14,18,49]. The scale limit is
an operating-point choice that RGB can correct on its own through anchoring and CFAR.
Framing the size threshold as the actionable axis of an identifiability boundary, rather than
as a cleanup parameter, is to our knowledge new in SAV remote sensing.

4.4. Radiative-Transfer Interpretation

This map follows directly from how light interacts with submerged vegetation. As
the water column deepens or the vegetated fraction within a pixel falls, attenuation drives
the bottom signal toward the open-water background, so both the darkening and the
residual colour of an SAV pixel weaken together. The full set of observable cues therefore
contracts toward the noise floor along a single direction. This contraction is the optical
form of the faint-SAV limit, and shadow, which darkens a pixel with almost no change in
colour, drives it toward the same point. The darkness and shadow axes are thus physically
joined, and neither can be separated from clutter by contrast alone, the same attenuation
physics that underpins bio-optical SAV retrievals [15,16] and depth-invariant indices [17].
The scale axis is different in kind: detectability that fails for a single faint pixel can be
regained by integrating enough adjacent pixels, which is the role of the CFAR area criterion
(Equation (1)), so a patch too faint to cross the per-pixel threshold can still be recovered
once its area and contrast are combined. This explains why the scale axis is recoverable
whereas the darkness and shadow axes are not.

4.5. Scope and Practical Implications

Within the detectable envelope, RGB supports mapping of SAV presence and, within
a stated spatial tolerance, spatial extent. Mapped extent is systematically larger than the
annotated extent: on the full-frame reference scene, predicted patch area regresses on
annotated patch area with an ordinary-least-squares slope of 1.66 (95% CI 1.28-2.06; robust
Theil-Sen 1.33, 1.09-1.57) and an intercept of +0.26 m? (0.19-0.34), and the predicted total
area is 2.9 times the annotated total. Extent should therefore be read as an upper bound
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unless the boundary halo is corrected, and 42% of annotated polygons are not recovered
as discrete objects. It does not support retrieval of cover fraction: cover is confounded
with depth and sub-pixel mixing along the same contraction direction, so RGB darkness
alone is not expected to recover it, and a formal cover retrieval is beyond the present scope.
It also does not resolve the faintest or shadow-occluded SAV. These boundaries imply a
clear division of labour. Consumer RGB drones are suited to rapid, low-cost, repeated
mapping of where SAV is and how far it extends, including the small, fragmented stands
that satellites miss, in clear to moderately turbid water. Multispectral and bio-optical
methods remain necessary where cover, biomass, or the deepest and faintest stands are
required [15,27,29,38,46,50]. Two design choices make the RGB detector portable. The GSD
anchor removes the dependence of a fixed pixel threshold on altitude and camera, so the
same physical minimum mapping unit transfers between surveys. The CFAR threshold
7T is retained as a single exposed operating point. We deliberately do not estimate 7 fully
automatically from scene clutter, because doing so would require separating SAV specks
from clutter specks, precisely the identifiability wall itself, since where SAV is pervasive
there is no clutter-only sample. Instead we recommend binding 7 to a measured covariate
such as Secchi transparency or the diffuse attenuation coefficient [16,51], consistent with
the broader difficulty of transferring fixed thresholds across water conditions reported
for multispectral SAV mapping [8,20]. In the single glint scene tested, predicted coverage
remained low, but the point validation shows that what was mapped there was mostly
dark wave troughs and floating-mat edges rather than SAV, so the detector does not replace
dedicated glint-removal preprocessing [52-54].

4.6. Limitations

First, the reference standard is expert photointerpretation of 4 cm imagery rather than
a synchronous in situ survey. This is a deliberate and, for the present question, sufficient
choice rather than a shortfall. Image-based reference is standard practice in optical aquatic
remote sensing, where accuracy is routinely assessed against photointerpreted or higher-
resolution imagery because co-located field transects cannot be acquired synoptically over
large or repeatedly surveyed extents, the same constraint under which satellite SAV prod-
ucts are validated [38]. At4 cm GSD the drone imagery is itself far finer than the quadrat
or point sampling used in most field campaigns, so it serves as a high-resolution reference
for the binary detection question rather than as a proxy awaiting ground confirmation.
Because every detector is scored against the same annotation, the relative comparison
that underlies all of our conclusions is independent of any residual absolute error in the
reference. The remaining ambiguity is one of identity, not of detection: at this resolution a
dark patch cannot be assigned to species and could in rare cases include floating debris
or bottom features, so applications requiring species-level products would add targeted
ground checks. Second, the dense scale-axis evidence rests on four exhaustively annotated
scenes, all representing the sparse-speck growth form at a single aquaculture site; the
coherent-bed regime is represented only by the separate lake masks. Densely annotated
scenes spanning more water bodies and growth forms would further test the generality
of the size effect, although the patch-size statistic (Table 3) is already consistent across the
four scenes. Third, precision is bounded by annotation granularity (0.27 at zero tolerance,
rising to 0.57-0.68 within 2-3 px), reflecting dilation halos and residual under-labelling, so
the true precision is an interval rather than a point. Fourth, the criterion is applied here as
a matched-filter heuristic, and 7 is set empirically rather than calibrated to a nominal false-
alarm rate from an explicit clutter model; such a calibration is a natural extension. Fifth,
and most consequentially, the point validation of the deployment scenes (Section 3.7) shows
that a commission rate which is acceptable where SAV is abundant becomes dominant
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where SAV is sparse: the detector’s false-alarm area is a few percent of the water surface in
every scene examined, which is tolerable against the 1.9% annotated cover of the dense
reference scene but is most of what is mapped once true cover approaches zero. Prevalence
is therefore a fourth axis of the identifiability map alongside darkness, shadow and scale,
and it is not controlled by any parameter the method exposes. Deployment to a water body
of unknown SAV cover should be preceded by an independent estimate of prevalence, and
predicted coverage alone should not be used as a monitoring indicator. Sixth, although the
cross-scene evaluation already spans twelve dates and a range of water levels and clarity
within the study region, all imagery comes from a single camera, a single region, and a
single flight altitude (~111 m). The GSD anchor’s central claim, that one physical MMU
rescales correctly across altitude and camera, is therefore established analytically (Equation
(2)) but not yet validated empirically; a multi-altitude, multi-camera acquisition is the single
most important next test, alongside cross-region and cross-growth-form transfer [26,55].

5. Conclusions

Consumer RGB drones can map SAV presence and extent within an identifiability
envelope set by water-column attenuation, sub-pixel cover, spatial scale and SAV preva-
lence, provided the discriminative axis is correctly taken to be local-relative darkness rather
than greenness. We showed that most SAV is small and is discarded by a conventional
fixed lower limit on pixel number, and that a physically anchored, scale-aware minimum
mapping unit recovers it and, by construction, rescales with altitude. We corrected it
with two label-free mechanisms: a GSD-anchored physical minimum mapping unit, and a
CFAR-inspired scale criterion with scene-estimated clutter and a single operating point.
The resulting detector outperforms standard greenness, global-darkness, and fixed-MMU
baselines while suppressing off-condition flooding, and it requires no re-annotation at
deployment. The darkness and shadow limits of RGB remain physical and call for red-
edge or NIR information. The scale limit, we have shown, is the axis that RGB can itself
repair. Three limitations bound these conclusions. The reference standard is expert pho-
tointerpretation of 4 cm imagery rather than a synchronous in situ survey, so what is
mapped is image-interpreted SAV-like dark patches rather than field-confirmed SAV. All
imagery comes from one lake system, one camera and one nominal flight altitude, so
the cross-altitude and cross-camera transfer of the GSD anchor is established analytically
but not demonstrated. And the point validation of the deployment scenes shows that a
commission rate which is acceptable where SAV is abundant becomes dominant where
SAV is sparse, so prevalence bounds operational use as firmly as darkness, shadow and
scale do. Future work follows from each of these. Synchronous in situ transects would
convert the reference standard from image-interpreted to field-confirmed. A multi-altitude,
multi-camera and cross-water-body acquisition would test the GSD anchor empirically
rather than analytically. Binding the operating point T to measured transparency or to the
diffuse attenuation coefficient would replace the one remaining hand-set parameter. And
an independent estimate of SAV prevalence should precede deployment to any water body
of unknown cover, since predicted coverage alone cannot distinguish a correct low value
from a wrong one.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/drones10080586/s1: S1. Implementation materials, compris-
ing the detector and baseline code, the figure and analysis scripts, the frozen parameter settings,
the train/validation split list, and the annotation files for the lake set, the four exhaustively an-
notated scenes and the 58-frame cross-scene set, together with the complete deployment-scene
point-validation record behind Table 4.
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Abbreviations

The following abbreviations are used in this manuscript:

AUC  Area under the receiver-operating-characteristic curve
CFAR  Constant false-alarm rate

ExG Excess-green index

EXIF  Exchangeable image file format

F1 F1 score (harmonic mean of precision and recall)
GSD  Ground sampling distance

HSV  Hue-saturation-value colour space

MMU  Minimum mapping unit

NIR Near-infrared

OBIA  Object-based image analysis

RGB Red-green-blue

SAV Submerged aquatic vegetation

UAV  Unmanned aerial vehicle (drone)
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