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Abstract Objective Pear rust is a common foliar
disease that can reduce photosynthetic capacity, accel-
erate premature leaf fall, and ultimately affect fruit
quality and yield. Unmanned aerial vehicle (UAV)
imagery provides an efficient means of surveying
orchard canopies over large areas, but reliable auto-
matic detection remains difficult under natural acquisi-
tion conditions. Rust lesions are often small and
locally similar to background patterns, while infected
leaves frequently co-occur with shadows, highlights,
white veins, occlusion boundaries, and branch tex-
tures. These factors may become spuriously correlated
with disease labels during detector training and can
produce high-confidence false positives. Existing agri-
cultural detectors mainly improve feature extraction,
multi-scale fusion, attention, or detection heads, but
seldom model the confounding risk of individual predic-
tion queries. This study therefore proposes a causal-
inspired deconfounding method for pear rust detection
in UAV imagery, aiming to reduce the influence of
background-associated spurious cues on detection con-
fidence while preserving the original localization capa-
bility of the detector. Method Real-Time Detection
Transformer (RT-DETR) is adopted as the baseline
detector because its Transformer decoder represents
each candidate prediction with an explicit object query
that is naturally aligned with the final classification and
box-regression outputs. The proposed framework intro-
duces a lightweight causal confounder discriminative
filtering module, referred to as CCDF, after the base-
line detector. First, query-level target and confound-
ing proxies are constructed using a frozen RT-DETR.
For each image, the 256-dimensional hidden query
representation output by the last Transformer decoder
layer and fed into the final eclassification prediction
head is extracted before classification logits are pro-
duced. This level is selected because it has undergone
the complete decoder updates and corresponds. directly

to the final candidate predictions. Earlier decoder-

layer representations could be used, whereas encoder
or backbone features would require additional
candidate-region alignment and pooling. Changing the
extraction layer would require reconstructing the proxy
sets and retraining the discriminator; cross-layer per-
formance differences are not quantified here. Candi-
date queries are divided according to their original con-
fidence and maximum intersection-over-union (ToU)
with ground-truth boxes. Queries with confidence not
lower than 0. 25 and IoU not lower than 0. 50 are used
as target-evidence proxies, whereas predictions with
confidence not lower than 0.50 and maximum IloU
lower than 0. 10 are used as confounding proxies. The
interval between the two loU criteria is excluded to
reduce label ambiguity caused by localization errors
around small lesions. The thresholds are fixed to bal-
ance proxy purity and sample availability; adaptive
thresholds remain feasible but require validation. A
lightweight 256-128-2 multilayer perceptron (MLP) is
then trained on the two proxy sets to learn a nonlinear
boundary between target-evidence and confounding pat-
terns and to output a query-level confounding probabil-
ity. Finally, the estimated probability is converted into
a continuous risk weight and used in a monotonic multi-
plicative re-scoring function. The mechanism sup-
presses candidates with higher estimated confounding
risk more strongly while relatively preserving lower-
risk candidates. It changes only confidence values and
their ranking, without modifying the predicted ecat-
egory, bounding-box coordinates, or RT-DETR param-
eters. Three suppression configurations are evaluated
to characterize the precision-recall trade-off, with strat-
egy A used as the main configuration for stronger false-
positive control. To avoid information leakage, proxy
mining and discriminator training use only the training
split; the validation split is used for discriminator
evaluation and re-scoring configuration selection,
while the test set is reserved for final performance

evaluation and visualization. Ground-truth annotations

from the test set are used only after inference to com-
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pute evaluation metrics and are never provided to
CCDF during prediction. Results Experiments are
conducted on the public GYMNSA pear rust detection
dataset using a unified test set containing 140 UAV
images and 2, 135 annotated rust instances. The base-
line RT-DETR is trained for 100 epochs under the
same evaluation protocol. On the held-out validation
data, the MLP confounding discriminator achieves an
area under the receiver operating characteristic curve
(AUROC) of 0.813, an area under the precision-
recall curve (AUPRC) of 0. 971, and an average score-
separation value of 0.363, indicating that target-
evidence and confounding queries are distinguishable
in the selected query representation space and that the
discriminator output can serve as a meaningful risk
variable for subsequent re-scoring. On the GYMNSA
test set, the RT-DETR baseline obtains a Precision of
0. 755, a Recall of 0. 664, a mean average precision at
IoU=0.50 (mAP@50) of 0.722, and 460 false-
positive detections. With the proposed CCDF and the

main suppression strategy, Precision increases to

0. 781 and mAP@50 reaches 0. 723, while the number
of false positives decreases to 348. This corresponds to
112 fewer false positives, or a reduction of 24.35%,
whereas Recall decreases to 0. 641. This is consistent
with the intended role of CCDF': it does not generate
boxes or alter regression, but preferentially down-
weights predictions resembling the confounding proxy
distribution. Ablation experiments with three suppres-
sion  intensities show a systematic precision-recall
trade-off. Stronger suppression produces higher Preci-
sion and fewer false positives, whereas weaker suppres-
sion retains more difficult low-confidence lesions.
Candidate-level score analysis further shows that score
reduction increases with estimated confounding prob-
ability. For high-confidence confounding candidates,
the median score reduction is 0. 172; 66. 73% of such
candidates are moved below the decision threshold of
0. 55, compared with 23. 54% of the corresponding tar-
get candidates. Qualitative analysis also shows that
many baseline errors occur around reflections, leaf

veins, shadows, and occlusion boundaries, and that

CCDF effectively removes a substantial portion of these
high-confidence predictions from the final detection
set. Conclusions The proposed method introduces
lightweight causal-inspired deconfounding into an end-
to-end Transformer detector without pixel-level con-
founder masks, domain labels, detector retraining, or
changes to bounding-box regression. By treating confi-
dent background false positives as observable query-
level proxies for confounding effects and well-matched
lesion queries as proxies for target evidence, CCDF
module converts otherwise difficult-to-observe environ-
mental interference into a supervised risk estimation
problem. The learned confounding probability then
supports continuous confidence calibration that prefer-
entially attenuates predictions dominated by spurious
background patterns. Results demonstrate that this
strategy substantially reduces false alarms while main-
taining nearly unchanged mAP@50, thereby improving
the reliability of UAV-based pear rust screening in sce-
narios where false positives are costly. The decrease in
Recall also indicates that aggressive deconfounding
may suppress a subset of difficult true lesions, so
CCDF should be understood as an explicit precision-
recall control mechanism rather than a universal perfor-
mance enhancer. Future work will investigate adaptive
proxy-selection thresholds, cross-layer feature repre-
sentations, and end-to-end integration of deconfound-
ing constraints to improve difficult-lesion recall and
robustness across orchards, illumination conditions,

flight configurations, and disease stages.
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Fig. 1 Structural Causal Model (SCM) in pear rust disease

detection
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Fig. 2 Overall pipeline of CCDF-RT-DETR for pear rust detection in UAV image
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Fig. 3 Distribution of false-positive patterns produced by the
baseline model on the GYMNSA test set ((a) Shadow; (b)

Occlusion; (¢) Reflection; (d) Similar leaf veins)
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