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This study examines the training-set size at which YOLOv8m ceases to
benefit from adding visually similar frames in weed detection among
tomato plants. The experimental design reflects a common precision-
agriculture constraint: RGB images are relatively easy to acquire,
whereas agronomist-verified annotation requires substantially more
time. The experiment used 600 images with a resolution of 640x640 pix-
els collected in greenhouse tomato rows during a single growing season.
Three classes were annotated: tomato, weed vegetation, and soil-sub-
strate background. Seven training series were used to test the hypoth-
esis that generalization peaks near N=250 when the number of unique
scenes is below 300. Beyond this point, additional frames acquired
under nearly unchanged conditions were accompanied by an increase in
high-confidence false detections. The effect was characterized by a hal-
lucination coefficient and an oversaturation index comparing the vari-
ance of the weights in the final detection layer with the mean validation
loss. At N=600, Precision was 41.94% below its peak value and the hal-
lucination coefficient reached 1.80. The practical implications concern
annotation planning and detector-capacity selection: increasing the
number of near-duplicate frames should not be treated as an uncondi-
tional means of improving the reliability of an automated system.
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Introduction

A detector output acquires technological significance before
any mechanical action on the plants begins. The camera evaluates
a section of a tomato row, the recognition module separates weed
vegetation from the inter-row space and the soil-substrate sur-
roundings, and the result is then transferred to the actuator system.
At this point, an error ceases to be merely a classification error.
An incorrectly assigned class may alter the command sent to the
working tool and, consequently, the course of a specific agro-
nomic operation.

The visual structure of a greenhouse row offers no single sep-
arating feature. Soil, substrate, trellis components, drip tape, plant
residues, shadows, and structural elements can occur in the same
frame. Against this background, tomato leaves have a complex
dissected contour: their orientations differ, adjacent blades over-
lap, and texture varies even within one plant. Weed color is often
close to that of the crop. The boundaries among the classes “to-
mato - weed - background” must therefore be inferred from a com-
bination of morphological and background cues; no stable single
criterion based on color or geometry exists in the scenes consid-
ered.

The main data shortage did not arise at the image-acquisition
stage. Capturing RGB images required comparatively little time,
whereas expert preparation of one frame containing several plants
and background regions could take up to 15 minutes. Scenes with
small weeds, overlapping leaves, and ambiguous object bounda-
ries were especially time-consuming to annotate. Consequently,
the volume of raw photographs substantially exceeded the number
of images verified by a specialist. Hundreds of reliably validated
scenes, rather than thousands of raw frames, were therefore avail-
able for training.

For such a dataset, the number of files must be distinguished
from the number of newly observed conditions. A frame acquired
with a different plant geometry or a different background state
contributes new information to the model. A sequence recorded
during one season, in the same row type, and under similar illumi-
nation is different. Similar leaf shadows, substrate patterns, trellis
directions, drip-tape edges, and reflections on wet surfaces recur
from frame to frame. The network receives useful object cues to-
gether with a repeated noise structure; under these conditions, in-
creasing N is no longer equivalent to increasing diversity.

Most published studies in agricultural machine vision use
YOLO to detect fruit, weeds, plant diseases, and technological ob-
jects. With large datasets, attention is naturally concentrated on
final accuracy. A small dataset raises a different question: what
happens when additional images barely expand the space of ob-
served scenes? Of particular interest is the regime in which aggre-
gate metrics have deteriorated only moderately, whereas high-
confidence false bounding boxes have already appeared among
the errors.

For an agricultural robot, two predictions assigned to the same
wrong class may have different technological consequences. A
low-confidence result can be removed by thresholding or sent for
repeated analysis. A value above 0.9, by contrast, normally falls
within the detector's confidence region. If such a bounding box is
false, the actuator loop may treat a weed-free area as a target and
perform an unnecessary local operation. In this study, this specific
type of error is referred to as a model hallucination.

COMPUTER SCIENCE

The study was limited to N<600 and to a single task: weed de-
tection in tomato plantings using YOLOv8m. The objective was
to locate the boundary beyond which enlarging a structurally sim-
ilar dataset ceases to improve generalization. A dataset with a
fixed annotation scheme was prepared, and training series were
carried out for different values of N. For each series, mAP@0.5,
Precision, Recall, the hallucination coefficient, the L, gradient
norm, and the oversaturation index were compared; activation
maps were additionally examined for the rational and oversatu-
rated regimes.

In agricultural object detection, YOLO is attractive primarily
because of its one-stage prediction scheme: object coordinates and
class are determined within a single network. The family is there-
fore used for plant monitoring, fruit detection, robotic harvesting,
and weed detection. The requirements of a mobile platform, how-
ever, extend beyond accuracy alone. Computational load and ro-
bustness to heterogeneous backgrounds become part of the same
engineering problem because the detector must operate within a
constrained onboard computing loop.

For tomato crops, the literature more often addresses fruit ripe-
ness, developmental stages, and robotic harvesting. Typical
sources of error are familiar: leaf occlusion, complex back-
grounds, and variable illumination. Attention modules, light-
weight blocks, or other YOLOvV8 modifications are commonly
proposed in response. Such architectural changes may improve
detection, but the number of original annotated scenes remains a
separate issue. Architectural complexity cannot create plant or en-
vironmental states that are absent from the source material.

The high mAP values reported for multiclass weed detection
in cotton using YOLOVS [4, p. 2] were obtained from a different
observation structure. A field dataset covers a broader range of
scenes, whereas the present experiment was deliberately confined
to a greenhouse row and one growing season. Weed species com-
position, background, and the range of acquisition conditions all
differ. The information content of the two datasets is therefore not
directly comparable. The required size of the small tomato dataset
was established in a dedicated experimental series rather than by
transferring a threshold from the field domain.

Additional ambiguity is introduced by the tomato leaf appa-
ratus itself. For cereal crops, recognized difficulties include simi-
larity in crop and weed color, object overlap, and the absence of
an unambiguous size cue. The large dissected tomato leaf adds
another class of background repetition: its shadows and character-
istic texture fragments recur at different locations along the row
and often appear near annotated target objects. In a small dataset,
such co-occurrence can reinforce an accidental background com-
bination as a weed-related cue.

The concept of double descent is used here only as a frame-
work for discussing non-monotonic error behavior. The conducted
series does not reproduce the classical double-descent curve and
is not intended to demonstrate its universality. The relevant point
is a possibility recognized in modern learning theory: more exam-
ples or a more complex model do not improve generalization mon-
otonically in every regime. In the present formulation, the content
of each new image is decisive. Dataset expansion is informative
while a frame introduces a previously unrepresented scene state.
When additional frames are close realizations of an already ob-
served distribution, the increase in N remains quantitative and may
not expand the feature space available to the model.
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YOLOvV8m has substantial parametric capacity for this regime.
According to the Ultralytics documentation, the model contains
25.9 million parameters at an input size of 640 pixels. This expres-
siveness is sufficient for complex object detection; on several hun-
dred closely related scenes, however, the same capacity also cre-
ates an opportunity to memorize incidental background dependen-
cies. Along with tomato and weed morphology, the network may
interpolate covariations associated with recurrent image structure.

Changes in the network's internal focus were evaluated using
Grad-CAM. The method produces a map of image regions that
contribute most strongly to the decision of a convolutional model.
Under a rational data regime, activations are expected to concen-
trate on leaves, stems, and weed vegetation. A shift toward back-
ground textures in an oversaturated regime, conversely, indicates
weakening of the detector's object-specific focus.

The scientific problem addressed in this study is therefore the
identification of a boundary beyond which expansion of a small,
weakly variable dataset no longer broadens the model's represen-
tation of target objects. Past this boundary, the repeated noise
component of the empirical distribution receives additional weight
and strengthens memorization. The corresponding state is termed
cognitive saturation of the model.

Materials and Methods

The source dataset contained 600 RGB images with a resolu-
tion of 640x640 pixels, acquired in tomato rows during one grow-
ing season. This deliberately narrow domain was selected to iso-
late saturation from ordinary domain variability. A change of sea-
son, cultivar, camera, or cultivation technology would have intro-
duced an additional covariate shift and complicated interpretation
of the saturation effect. The experiment therefore did not aim to
estimate maximum domain transferability; it sought an internal
limit within a closely related distribution of scenes.

Annotation was performed for three classes. The “tomato
plant” class included leaves, distinguishable stem fragments, and
other visible tomato parts that could be separated from the sur-
roundings. The “weed vegetation” class covered unwanted plants
in the inter-row area and near the root zone. Problematic back-
ground fragments - soil, substrate, plant residues, drip tape, shad-
ows, and free background regions - were assigned to the “soil-
substrate background” class. The third class was retained specifi-
cally because such fragments could provoke false detections.

Training subsets were formed for seven values of N: 100, 200,
250, 300, 400, 500, and 600 images. Class proportions were main-
tained as the dataset size changed. Source scenes included in val-
idation were excluded from training. This restriction is methodo-
logically important for a small dataset because placing nearly
identical frames on opposite sides of the split artificially inflates
the estimated performance.

The transformation set was intentionally restricted. Only rota-
tions of £15 degrees and horizontal flips were applied; intensive
color correction, Mosaic, CutMix, and strong geometric distor-
tions were excluded. This regime made it possible to observe the
boundary between useful data expansion and memorization of the
noise component of the empirical distribution without masking it
by strong augmentation-based regularization.

Training used early stopping with patience=50 epochs, and
weight checkpoints were saved every 10 epochs. Final weights,
validation loss, the confidence-score distribution, and the L>norm

of gradients in the final detection layer were recorded for each se-
ries. The stochastic parameter-update rate was held constant
across the series. Its potential influence on the location of the sat-
uration threshold was therefore excluded from the cross-regime
comparison.

The loss function was represented as the sum of a localization
component and a focal component. The latter accounted for im-
balance between object and background regions. The basic form
was:

Ltotal=LCloU +a-LFocal, ®=0,75 )]

In expression (1), LCIloU characterizes the localization quality
of bounding boxes. LFocal reduces the contribution of easily clas-
sified examples and reallocates weight toward difficult objects;
the focal term was weighted by alpha=0.75. This choice is con-
sistent with the foreground-background imbalance known for one-
stage detectors [9, p. 319].

High-confidence false responses were described using a sepa-
rate hallucination coefficient. It was calculated as the mean loga-
rithmically normalized number of false detections with confidence
above 0.9:

Khal=(1/M) -(j =1..M )In(1+ FP0.9, /) @

Here, M is the number of images in the validation set, and
FPo.s,j is the number of false bounding boxes in the j-th image at
confidence>0.9. Logarithmic normalization converts the indicator
into a dimensionless form and limits the influence of a single
frame containing an anomalously large number of false objects.

Precision, Recall, and mAP@0.5 alone were insufficient to de-
scribe changes within the final detection layer. The relationship
between parameter dispersion and validation error was therefore
compared across the training series. For this purpose, the oversat-
uration index was introduced:

Sover =02 (Wlast) /,u(Lval) (3)

In expression (3), the numerator ¢*(Wlast) characterizes the
variance of the weights in the final detection layer, whereas
W(Lval) in the denominator is the mean validation loss. The Sover
index combines two quantities that are usually evaluated sepa-
rately. Within the present experimental series, its increase was
considered together with the appearance of locally confident pre-
dictions associated with unstable background cues. This interpre-
tation is specific to the adopted formulation and does not define a
universal threshold for other architectures or datasets.

The restructuring of the detection head was also monitored
through gradients. Their L, norm was calculated for the final layer
using:

G2=sqrt(2(i=1.m)(dL/dwi)?) “4)
Conventional performance assessment was retained through

three standard object-detection metrics: Precision, Recall, and
mAP@0.5. They were calculated as:

Precision=TP /(TP+FP) )
Recall=TP /(TP+FN) (6)
mAP@0.5=(1/C) -Z(c=1..C) APc(loU=0.5) (N

—
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The spatial Grad-CAM comparison was supplemented with a
numerical measure of the difference between activation distribu-
tions. The Kullback-Leibler divergence was calculated between
the rational and oversaturated regimes:

DKL=3z P250(z) -In(P250(z)/ P600(z)) (®)

Results

The results of the seven training series were grouped by the
type of observed characteristic. Metrics directly related to detec-
tion performance are presented in Table 1. Training time, Lval, the
L; norm, and Sover are summarized in Table 2. This separation
does not alter the data and keeps both tables readable in portrait
A4 format.

Table 1
Detection performance metrics for different training-set sizes

N mAP Prec. Rec. Khal
100 0.67 0.71 0.58 0.05
200 0.83 0.86 0.79 0.12
250 0.91 0.93 0.88 0.18
300 0.88 0.89 0.81 0.45
400 0.80 0.78 0.70 0.89
500 0.71 0.65 0.59 1.35
600 0.62 0.54 0.48 1.80

Table 2

Training time, gradient L, norm, and oversaturation index
as N changes

N Time, h Lval L> Sover
100 0.8 0.91 0.40 0.82
200 1.5 0.52 0.52 1.03
250 2.0 0.31 0.64 1.18
300 2.4 0.39 0.91 2.08
400 3.1 0.58 1.36 2.54
500 3.9 0.75 1.82 3.02
600 4.6 0.94 2.30 3.45

The first series represents a shortage of object examples. With
100 images, mAP@0.5 was 0.67, Precision was 0.71, and Recall
was 0.58. The detector already responded to large objects but fre-
quently missed small weeds and visually ambiguous parts of to-
mato plants. Khal was only 0.05. The small number of high-con-
fidence false responses should not be interpreted as robustness: the
model remained insufficiently active in this regime and simulta-
neously exhibited low recall.

The largest positive shift in the three primary metrics occurred
not at the end of the experimental range but after the second hun-
dred images were added. At N=200, mAP@0.5 reached 0.83, Pre-
cision 0.86, and Recall 0.79. The dataset now contained new leaf
positions, different planting densities and weed levels, and altered
background states. Khal increased from 0.05 to 0.12, but this in-
crease was substantially smaller than the gain in detection perfor-
mance. Over this interval, increasing N was still accompanied by
a meaningful broadening of the observed scenes.

The highest combined performance was obtained with 250 im-
ages. mAP@0.5, Precision, and Recall were 0.91, 0.93, and 0.88,
respectively. For the dataset under study, this regime was adopted
as the rational saturation level. The number of scenes was already

COMPUTER SCIENCE

sufficient for class discrimination, whereas recurrent background
details - substrate patterns, drip-tape edges, and leaf shadows - had
not yet begun to dominate object decisions according to the results
of the series.

The next experiment interrupted the upward trend. An addi-
tional 50 images reduced mAP@0.5 to 0.88; Precision and Recall
fell to 0.89 and 0.81. The decline in aggregate metrics was still
modest. Khal changed much more strongly: 0.18 at N=250 became
0.45 at N=300. The first visible restructuring therefore appeared
not as an abrupt collapse of mAP but as an accumulation of false
bounding boxes to which the network assigned high confidence.

Inspection of predictions from the 400-image series revealed a
pronounced spatial localization of errors. False boxes appeared
predominantly on furrows, substrate boundaries, elongated stem
shadows, and regions containing plant residues. Repeated linear
geometry was a common property of these areas. At the same
time, mAP@0.5 decreased to 0.80, Precision to 0.78, Recall to
0.70, and Khal increased to 0.89. Thus, degradation in this series
was not spatially uniform and was associated with specific config-
urations of the background scene.

The final two regimes differed from the preceding points not
by an isolated deviation in one metric but by a general deteriora-
tion of detection. At N=500, mAP@0.5=0.71, Precision=0.65, Re-
call=0.59, and Khal=1.35 were obtained. With 600 images, these
values changed to 0.62, 0.54, 0.48, and 1.80. The nature of the
error also changed: some false objects had high confidence. Such
predictions are more likely to be accepted by the actuator loop as
valid. For targeted inter-row treatment, the technologically dan-
gerous transition is specifically the shift from frequent misses to
confident false detection of a background region.

To quantify the difference between the regime with maximum
Precision and the final experimental point, the relative decrease in
this metric was calculated:

AP=((P250-P600) /P250) -100%=41,94% )

Substitution of the N=250 and N=600 values into expression
(9) gives 41.94%, or approximately 42%. Over the same range,
Khal reaches 1.80. These quantities describe different aspects of
the same practical risk: positive predictions become less accurate,
while the share of high-confidence errors among false decisions
increases. A background region may therefore be misinterpreted
as a weed more frequently and transferred to the control loop as a
basis for actuation.
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Fig. 1. Changes in detection metrics and hallucination coefficient
with increasing training-set size
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The four curves in Figure 1 move in the same direction only Validation loss convergence
up to N=250. At this point, nAP@0.5, Precision, and Recall reach :
their maxima; further enlargement of the dataset is accompanied
by a decline in all three. Khal follows the opposite trajectory, in- 1.0+
creasing over almost the entire experimental range and more rap-
idly after N=300. The interval between 250 and 300 images there-
fore cannot be treated as an ordinary plateau. Mean metrics remain
close to their maxima, yet the structure of false decisions is already
shifting toward high-confidence detections.
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100 1 Fig. 4. Validation-loss trajectories for three training regimes

» Comparison of the curves in Figure 4 reveals different causes
of elevated error. At N=100, validation loss remains at a high re-
sidual level, which is consistent with a shortage of training exam-
ples. The N=250 regime behaves differently: the value decreases
steadily and then stabilizes. For N=600, the initial downward trend
is also present, but the direction of the curve later reverses and a
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05 06 07 08 secondary increase appears. This is also the series in which mem-
betection confidence orization of the noise component of the empirical distribution be-
Fig. 2. Detection-confidence distributions for N=250 and N=600 comes stronger.
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Figure 2 exposes the difference without reducing it to a single ocus on leat/fru ects on backgroting fedure

averaged metric. At N=250, correct predictions are concentrated
mainly around a confidence of 0.85. In the N=600 series, the dis-
tribution contains two pronounced regions; the second corre-
sponds to false responses at approximately 0.92-0.96. Simply rais-
ing the confidence threshold does not resolve the problem. The
erroneous objects lie precisely in the part of the scale that is usu-
ally considered the most reliable.

Rligipalcers N=250: correct N=500: false boxes Fig. 5. Comparison of Grad-CAM regions in the rational
and oversaturated regimes

The change in the internal basis of the decision can be traced

tomato/wee; ato/weed tomato/weed

in the Grad-CAM maps in Figure 5. At N=250, the strongest con-
1o 11 tribution is associated with the leaf blade, fruit contour, and frag-
- SES 412 4 LA NI F e - ments immediately adjacent to the object. After the transition to
49 |:| AR false N=500, part of the active regions appears on the background tex-
y v e LA N\ A |X| ture. The difference between the regimes therefore concerns more
’ ' O A N than the final magnitude of the error: the spatial set of cues used
' by the network to form a bounding box also changes.
Fig. 3. Comparison of YOLOv8m prediction localization —— S over 25
on the tomato scene and background regions PR o 20
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The schematic in Figure 3 separates two fundamentally differ-
ent types of wrong decision. In the N=250 series, bounding boxes
correspond to tomato plants and weed vegetation that are actually
present. At N=500, additional bounding boxes appear on back-
ground regions; they are marked with crosses in the schematic.
These cases no longer concern an inaccurate object boundary. The
target object itself is absent, yet the detector still produces a posi-
tive prediction.
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Fig. 6. Dynamics of Sover and the L2 norm of the final detection-layer
gradient
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Sover exceeds 2.0 after N=300. In parallel, the L, norm of the
final-layer gradient increases from 0.40 to 2.30 across the experi-
mental series. No attenuation of the detection head response is ob-
served. On the contrary, the final-layer parameters continue to un-
dergo active restructuring in the presence of contradictory micro-
patterns, and the number of high-confidence false detections in-
creases in the same training regimes.

Discussion

Between 100 and 250 images, enlargement of the dataset co-
incided with a genuine expansion of the observed scene states.
Leaf position, planting density, weed level, soil appearance, and
substrate appearance all changed. These differences supplied the
network with new combinations of object-related cues; the im-
provement in mAP@0.5, Precision, and Recall cannot therefore
be attributed solely to the number of files. In the initial part of the
experimental range, both N and the meaningful variability of the
training distribution increased.

The situation changed after the peak regime. New frames con-
tinued to enlarge the dataset but increasingly reproduced condi-
tions already represented in the same technological zone. For a
highly parameterized YOLOv8m model, this provides additional
realizations of local visual dependencies, some of which may be-
long to the background rather than to stable target morphology.
The number of examples then grows faster than the number of in-
dependent scene states. This divergence between dataset size and
informational breadth forms the basis of our subsequent analysis
of oversaturation.

An early sign of the transition is visible when N=250 and
N=300 are compared. mAP@0.5 decreases by only 0.03, from
0.91 to 0.88. Over the same step, Khal rises from 0.18 to 0.45, a
2.5-fold increase. If only aggregate accuracy is examined, the
change may resemble a moderate fluctuation near the optimum.
High-confidence false predictions give a different picture: their
accumulation begins before the decline in mAP becomes pro-
nounced.

For a system that controls a working tool, the earlier response
of Khal relative to mAP is of separate importance. An averaged
metric describes overall detection performance but does not indi-
cate how dangerous a particular error is for the subsequent action.
A false bounding box with high confidence may pass the trust
threshold and enter an actuator command without repeated verifi-
cation. The hallucination coefficient is therefore used to charac-
terize a technologically significant class of errors rather than as an
alternative name for mAP.

We associate the observed behavior with repeated background
combinations inside one technological zone. A shadow of a par-
ticular shape, the edge of drip tape, or an accumulation of plant
residues occurred in many closely related scenes. The parametric
capacity of YOLOv8m permits memorization of a statistical asso-
ciation between such local fragments and the target class. This ex-
planation is restricted to the experiment conducted here: with
broader domain diversity, the same architecture may distribute its
capacity across a larger number of stable visual regularities.

The errors at the two extremes of the experimental range have
different origins. At N=100, the model lacks examples of object
morphology. At N=600, the number of files is much larger, but the
informational dimensionality of the scene grows disproportion-
ately slowly relative to N. In the latter case, the network repeatedly

COMPUTER SCIENCE

receives close realizations of a latent noise structure instead of
new independent states of the agrobiocenosis. Data scarcity and
an excess of similar data should therefore not be regarded as the
same training regime.

The transition in the internal characteristic of the final layer is
visible directly in the numerical values: Sover is 1.18 at N=250
and reaches 2.08 at N=300; the index remains above 2.0 thereafter.
Khal increases over the same range, while Grad-CAM shifts part
of the activations toward background regions. For the obtained se-
ries, the coincidence of these three features describes the same
transition to an oversaturated regime. The present data do not jus-
tify treating Sover as a universal standalone criterion, but the index
can serve as an additional diagnostic signal when deciding
whether to continue dataset expansion.

Augmentation can increase the number of variants derived
from a single image, but it does not necessarily alter the informa-
tional diversity of the scene. Rotation, geometric transformation,
or correction of visual characteristics operate on an existing frame.
A new plant growth stage or a new environmental condition can-
not be introduced in this way. If repeated background structures
and random covariations are already present many times in the
source set, their transformed versions remain content-related to
the same scenes. An increase in the number of augmented exam-
ples therefore cannot automatically be equated with the appear-
ance of independent observations.

For the activation distributions, DKL(P250||P600)=0.37 and
DKL(P600||P250)=0.52 were obtained. The asymmetry is partic-
ularly important in the reverse direction: the oversaturated regime
contains activation states that were not represented at N=250. In-
dependently, a second pronounced mode of false responses ap-
pears in the confidence-score distribution for N=600 at 0.92-0.96.
Within the present experiment, part of the additional internal states
coincides with the emergence of high-confidence erroneous pre-
dictions.

This regularity should be considered before annotation of the
next image series begins. After approximately 250 high-quality
annotated frames acquired during one season and under similar
conditions, the automatic addition of several hundred nearly iden-
tical scenes does not guarantee a performance gain. More mean-
ingful expansion requires new acquisition conditions: a different
time of day and lighting scheme, another substrate type, or another
cultivation area. Growth stage, cultivar, and planting density also
alter the observed distribution. Under such expansion, the diver-
sity of states increases rather than N alone.

The influence of architectural capacity can also be tested as a
means of reducing the tendency of a small dataset to encourage
local texture memorization. YOLOvV8n contains fewer trainable
parameters than YOLOv8m and may therefore be less able to
adapt to idiosyncratic features of individual scenes; for a mobile
platform, a smaller model simultaneously reduces computational
requirements. This remains a separate experimental hypothesis.
The two detectors should be compared not only by final accuracy
but also by their robustness to the background structures on which
high-confidence false detections occur.

In the transition region N=250-300, mAP detects the degrada-
tion later than Khal. The next stage of the study should therefore
address early diagnosis of oversaturation using Khal, Sover, the
dynamics of the gradient L norm, and changes in activation maps
jointly. Conventional early stopping is oriented mainly toward
validation loss.

—_—
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For autonomous inter-row treatment, the diagnostic loop
should additionally register the moment at which high-confidence
false objects begin to appear, because these detections are directly
associated with the risk of an erroneous control action.

Conclusions

The maximum performance in the present series occurred at
N=250: mAP@0.5=0.91, Precision=0.93, and Recall=0.88. Up to
this point, dataset growth was accompanied by improved general-
ization; beyond it, the dependence became non-monotonic. For the
scene set considered here, N=250 corresponds to the rational cog-
nitive saturation threshold of YOLOv8m.

The final N=600 regime differs substantially from the peak re-
gime. Precision decreases to 0.54, Khal increases to 1.80, and the
relative loss of Precision is 41.94%. Correct annotation of addi-
tional frames alone therefore does not guarantee improved practi-
cal reliability: when scene variability is weak, increasing the num-
ber of images may be accompanied by deterioration of detector
performance.

The dynamics of the final detection layer refine the location of
the identified boundary. After N=300, Sover exceeds 2.0, while
the gradient L, norm reaches 2.30 within the experimental range.
At the same time, false bounding boxes appear on the greenhouse-
row background, soil-substrate surface, shadows, and plant resi-
dues. For this series, the combination of these features is associ-
ated with an unstable response of the detection head to recurrent
background micropatterns.

The obtained value N=250 should be regarded only as an ex-
perimental optimum within the domain studied. It refers to robotic
tomato-care scenes recorded during one growing season and in
one technological zone; the result does not establish a universal
standard for an arbitrary dataset. Under these conditions, 250+20
annotated frames can be used as a practical reference. Once this
range is reached, it is more rational to introduce new observation
states — different illumination, growth stage, cultivar, substrate
type, planting density, or another acquisition site - rather than to
continue adding closely related frames. Such a domain change
may also shift the saturation threshold itself.

If heterogeneous scenes cannot be collected, subsequent work
should separately test alternative methods for limiting memoriza-
tion. These include reducing parametric capacity, strengthening
regularization, and jointly monitoring Khal and Sover. A lighter
architecture should not be assumed effective in advance; it must
be compared with YOLOv8m in a dedicated series. For an auton-
omous system, mAP should likewise not remain the sole metric
because average accuracy does not express the risk of a confident
false response in a region without weeds. In the adopted formula-
tion, Khal and Sover complement the evaluation specifically from
this perspective.
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AHHOTauusa

B pabote npoBepsanocb, Npu kakoM obbeMe Manoit pasMeyeHHoW BbiGopku YOLOvV8m nepectaeT monyyatb BbIUrpbIW OT JobGaBneHUs GAM3KMX MO
COAEPXKaHWIO KaJpoB MPU AETEKLWUM COPHOW PacTUTENbHOCTM B Mocajkax ToMartoB. [locTaHoBka cBA3aHa C OOGLIYHBIM ANA TOYHOrO 3eMneAenusa
orpannyenneM: RGB-nzobpaxeHuna nony4nTb CpaBHUTENLHO NErko, TOTAA Kak MpOBEpKa pa3METKM arpOHOMOM 3aHWMAeT 3aMeTHO bonblue BpeMeHu. [na
3KcnepuMeHTa ncnonb3oBaHbl 600 nzobpaxeHuit 640x640 nukcenen, CHATLIX B TEMIMUYHbIX PAZaX 32 OAMH BEreTaLMOHHbIA NEpUO; BbIASTANNCH TOMAT,
COpHaA pacTUTeNbHOCTb U OH MOYBEHHO-Cy6CTpaTHOl MoBepXHOCTU. CeMb cepuii OBy4eHMA MO3BOMMIM MPOBEPUTH MPEAMOJNIOKEHNE O MaKCMMyMe
0606LeHusa B okpectHocT N=250 npu uncne yHukanbHbix cueH MeHee 300. Mocne 3Toi TOUKKU HOBbIE KaZpbl, €CNIN YC/IOBUA CbEMKU MOUTUA HE MEHANIUCH,
COMpOBOXZJANNCb POCTOM JIOXKHbIX AETEKLMI C BbICOKOM yBepeHHOCTbIo. [lnA onucaHusa sddekTa MCronb3oBaHbl KOSPPULMEHT rasFoLMHALINM U MHAEKC
nepeHachIlLeHNsA, B KOTOPOM COMOCTaBJeHbl AUCMEPCUA BECOB MOC/IEAHEro AETEKTUPYIOLLEro C/oA U CpefHAA BanuzaunoHHas notepsa. B cepun N=600
Precision okaszanack Ha 41,94% Huxe NUKOBOro 3HaueHUs, kKoadduumeHT ranmoumnHaumin goctur 1,80. MpakTuyeckuit pesynbraT OTHOCUTCA NpeXae BCero
K MIaHUPOBaHMIO pasMeTKM U BbIGOPY E€MKOCTW AeTeKTopa: YBESIMYEHWE HMCA MOXOXMX KaZlpOB Hesb3fl paccMaTpuBaTh Kak 6e3yc/oBHbIN crocob
NOBbILIEHNA HAAEXKHOCTU aBTOMATU3UPOBAHHOMN CUCTEMbI.
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Uugopmauus 06 aemopax:

Kapenuna Mapusa KOpbeeHa, 0.m.H., 0.n.H., npogeccop, 3aeedyrowuli kagedpol n02UCMUKU U MPAHCNOPMHO-MexHoMo2u4eckux cucmem, locydapcmeeHHbll yHusepcumem
ynpaeneHus, 3aeedyrowuii kagpedpou "[demanu mawun u meopus mexaHuzmos" Mockosckuil aemomobusibHO-0opoxkHbIU mexHuyeckul yHueepcumem (MAM), Mockea, Poccus.
ORCID ID: 0000-0003-0335-7550

Akynoe Anekceli AHdpeesuy, K.m.H., doueHm Kagedpbl S02UCMUKU U MPAHCNOPMHO-MexHoM02u4ecKux cucmem, [ocydapcmeerHbil yHusepcumem ynpaenenus, [oueHm kagedpsbi
"Jemanu mawun u meopus mexarusmos" Mockosckuti asmomobusbHO-00pOXKHbILU mexHudeckut yHueepcumem (MAZM), Mockea, Poccus. ORCID ID: 0000-0001-8952-0237
Tandbikun [

puii Cep 1, acnupaHm, accucmenm kagedpsl "[emanu mawuH u meopus mexaHusmos", Mockoeckuil asmomobusbHo-00pOXKHbIU 20cydapcmeeHHbill

mexHuyeckull yHusepcumem (MALM), mnadwuti Hay4Hbit compydHuk, [ocydapcmeeHHbiti yHusepcumem ynpaenerus, Mockea, Poccus. ORCID ID: 0009-0008-507 1-426X
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