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Field boundary segmentation (FBS) and crop type classification (CC) are closely linked tasks in precision agriculteseangedften addressed separately. This separation overlooks a
valuable synergy: accurate field boundaries improve crop classificatspecially at field edgeswhile crop type information ehances boundary delineation in heterogeneous or
fragmented landscapes.

This synergy Is particularly critical faater productivity , which measures crop yield per unit of water used. Knovexact field boundariesensures irrigation is mapped and managed at
the correct spatial scale, whibccurate crop type identificationenables crogspecific water demand estimation.

Without both, water use assessments can be imprecise, leading to inefficient allocation or misinformed

policy decisions especially in regions facing water scarcity.

1 This work proposes anified multi-task learning frameworkthat performsFBSand CCjointly.
TThe model uses sharespatio-temporal features from Sentinel-2 imagery
and is based ofRractalResUNet
1By Leveragindask synergy, the approach:
o Improves accuracy for both FBS and CC.
0 Reduces computational and resource overhead.
0 Enables scalable, integrated monitoring to support sustainable agriculture and improved

water productivity. Figure 1: Water Productivity in Fergana distrietJzbekistan
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Figure 2: Comparison between Ground Truth and FradkasUNetpredictions for two multitask setups(1)
ExtentFB model predicting field boundaries, extent masks and distance mapsZ2azFB model
predicting field boundaries, crop type masks and distance maps.

T CGFBFractalResUNetachieveshigher thematic
accuracythan the ExtentFB model across most
metrics, particularihloU andMCQC indicating
better segmentation quality and class balance.

Table 1. Thematic pixel level) accuracy

Extent-FBshowshigher recall, suggesting it's
better at identifying field areas but less precise.
Classwise, Rapeseed and Wheat are well
detected, while Barley remains challenging likely
due to underrepresentation in the training dataset.

T Fieldlevel evaluation across4,795instances
demonstrates that the model performs strongly in
terms of spatial accuracy, with a higiedian loU Table 2: Geometric polygon level) accuracy for CEB model
of 0.81andlocalization similarity of 0.96,
Indicating that predicted fields are wefllaced and
closely aligned with ground truth areas.

Theaverage loUof 0.69reflects a small number of
underperforming cases, but the majority of fields
are accurately segmented.

Over-segmentation is more prominent than
under-segmentation (meanvalues 0f0.23vs.
0.12), suggesting the model tends to slightly over
predict field extents.

CONCLUSION

Our results demonstrate that the Fractal ResUNet architecture is effective for both crop type classification and fielddyounda
delineation. The C&B model, which uses crop type masks alongside field boundaries and distance maps, outperforms the extent
based model (ExterEB) in terms of overalbU(0.63vs.0.57) F1, precision, and MCC. This suggests that using crop type informatio
as an additional constraint improves segmentation quality beyond what extent masks alone can offer.

At the field level, the model exhibits strong spatial accuracy with a median I@.Ba&&and localization similarity 0d.96,confirming its
ability to correctly place and size field predictions. However, results also reveal a slight bias towasggrentation (mearD.23),
iIndicating that predicted field extents tend to slightly exceed ground truth boundaries.

Together, these findings confirm that the proposed mtlisk Fractal ResUNet is a reliable framework for learning both paxel
object-level agricultural structure, with room for future improvement in boundary precision and-sfassfic performance throgh
boundaryaware losses, class balancing strategies, or gastessing.
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