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This supplementary document complements the main
paper with additional statistics regarding our benchmark
dataset and more detailed quantitative and qualitative exper-
imental results to facilitate a more thorough understanding
of applied methods and insights.

A. Benchmark dataset

Our CropAndWeedAndLeaf benchmark comprises a rep-
resentative set of images sampled from 23 classes of the
CropAndWeed dataset [5]. Tab. 1 gives a complete list of
the exact species and the ReLeaf model’s performance on
each of them. It shows strong variations between classes re-
lated to their appearance and leaf structure, highlighting the
overall need for more variable leaf-segmentation data.

B. Extended results

The following sections show detailed results of both our ab-
lation and cross-dataset experiments.

B.1. Architecture ablation

As stated in the main paper, RF-DETR was omitted from
the final ablation after initial experiments showed drasti-
cally inferior performance compared to other architectures
under the applied hardware constraints. Tab. 2 provides an
overview of these initial results. While inference times of
RF-DETR are comparable to those of YOLO26 and even
slightly lower than for Detectron2, mAP values are signif-
icantly inferior to both. At the same time, training times
are higher by a factor of 3.5 compared to Detectron2 at
the same image resolution and 6.3 compared to YOLO26
models trained at even higher resolutions, which are not
available for RF-DETR due to its substantial VRAM re-
quirements. Mitigating these discrepancies and making
transformer-based architectures usable for our hardware and
data setup could still be achieved by using specialized archi-
tecture variants (e.g., RIT-DETR [3], Deformable DETR [9])

Table 1.

Overview of 23 plant species

included

in

CropAndWeedAndLeaf with leaf-segmentation annotations for 15
samples each, along with corresponding instance-segmentation

performance (% mAP%),

Scores are results of the selected

model architecture (YOLO26 Medium, input size of 7682 pixels),
trained on the combined ReLeaf dataset.

Species name Botanical name Score
Black-bindweed Fallopia convolvulus 41.6
Broad bean Vicia faba 49.7
Common bean Phaseolus vulgaris 66.5
Common corncockle  Agrostemma githago 20.2
Common sunflower Helianthus annuus 73.0
Copse bindweed Fallopia dumetorum 439
Cornflower Centaurea cyanus 30.0
Creeping thistle Cirisium arvense 39.9
Field sowthistle Sonchus arvensis 34.7
Maize Zea mays 41.2
Maple-leaf goosefoot  Chenopodium hybridum 31.7
Pea Pisum sativum 11.2
Poppy Papaver 54.5
Potato Solanum tuberosum 325
Red-root amaranth Amaranthus retroflexus 579
Redshank Persicaria maculosa 26.7
Ribwort plantain Plantago lanceolata 34.8
Soybean Glycine max 27.2
Squash Cucurbita 60.9
Sugar beet Beta vulgaris s. vulgaris 66.0
Thornapple Datura stramonium 57.6
White goosefoot Chenopodium album 394
Zucchini Cucurbita pepo var. gir. 68.2

or dedicated training strategies, such as memory-efficient

attention mechanisms or staged training starting from plant-
level instance-segmentation datasets. These options may be
worth exploring in future extensions of this work, but were



Table 2. Initial ablation results for RF-DETR SegPreview with
multiple input resolutions, including mask accuracy as well as
training and inference times (training at an input resolution of 768>
pixels was not feasible due to high VRAM requirements). Re-
sults of selected YOLO26 and Detectron2 variants (Medium and
ResNet-101, respectively) are provided for reference. All models
are trained for 20 epochs using the PhenoBench training/validation
splits and evaluated on the corresponding test set.

Size | Accuracy Training Inference
[px] | [% mAP] [h/epoch] [ms/image]
1922 55.9 0.85 18.0
RF-DETR 3842 59.2 0.94 19.7
5762 59.9 1.13 23.4
Detectron2  576° 80.0 0.32 33.1
YOLO26 7682 78.0 0.18 21.0
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Figure 1. Comparison of bounding-box accuracy (% mAP**%)

and inference time (ms) of leaf-segmentation for multiple model-
architecture variants and input resolutions on the PhenoBench test
set. Selected variants providing a reasonable trade-off for real-
time deployment are marked by circles.

not within the scope of our analysis.

In addition to the accuracy of leaf-segmentation masks
provided in Fig. 4 of the main paper, we present the cor-
responding bounding-box accuracy in Fig. | to allow a dif-
ferentiation between the models’ capabilities of correctly
localizing individual leaves and accurately delineating their
contours. As visible in the results, the discrepancy is signif-
icantly larger for Detectron2 [8] compared to YOLO26 [1],
indicating that it is a superior choice for applications requir-
ing pure detection in the form of bounding boxes without
fine-grained object masks. For the purposes investigated
in this work, however, YOLO26 remains a more suitable
choice due to its lower processing time. Tab. 3 shows the
exact values forming the basis of both charts.

Tab. 4 shows the performance of our selected configu-

Table 3. Comparison of bounding-box (Box) and segmentation-
mask (Mask) accuracies (% mAP*®) and inference times (t)
(ms) of leaf-segmentation for multiple model-architecture variants
and input resolutions on the PhenoBench test set. Selected vari-
ants providing a reasonable trade-off for real-time deployment are
highlighted by bold text.

Size ‘ Box Mask t
1922 | 728 650 7.7
Small 3842 | 798 750 7.8
5762 | 825 79.1 89
7682 | 834 804 103
§ 1922 | 759 668 82
2 Medium 3342|817 766 94
S 5762 | 84.4 804 132
7682 | 842 814 21.0
1922 | 770 675 112
Laree 3347|826 769 131
g 5762 | 83.4 797 155
7682 | 842 813 243
1922 | 80.7 759 169
3842 | 845 792 199
ResNet-50 -2 | 976 815 286
7682 | 882 815 353

(o]
§ 1922 | 80.6 759 21.1
5 3842 | 86.3 804 237
2 ResNet-I01 .05 | g9 824 331
_ 7682 | 88.8 82.1 449
1922 | 82.6 774 249
3842 | 87.1 809 37.0
ResNext o2 | 901 837 543
7682 | 909 839  75.7

Table 4. Comparison of bounding-box (Box) and segmentation-
mask (Mask) accuracies (mAP*3) for varying objects sizes
(Small < 322 pixels < Medium < 967 pixels < Large) using the
selected configurations of YOLO26 (Medium with an input reso-
lution of 7682 pixels) and Detectron2 (ResNet-101 with an input
resolution of 5762 pixels).

Box Mask
S M L S M L

YOLO26 69.9 822 913|695 793 89.1
Detectron2 | 87.4 88.0 91.7 | 809 809 86.3

rations of YOLO26 and Detectron2 on different leaf sizes.
It confirms our prior assumption that two-stage detectors
like Detectron2 excel at retrieving and accurately delineat-
ing small objects at the cost of higher parameter counts and
therefore longer inference times than single-stage variants.



Figure 2. Representative leaf-segmentation results of selected
YOLO26 configuration (Medium with an input resolution of 7682
pixels) trained on a combination of LSC [4], Komatsuna (KO)
[6], GrowliFlower (GF) [2] and PhenoBench (PB) [7] datasets and
evaluated on the respective test sets.

B.2. Cross-dataset experiments

Fig. 2 visualizes our multi-domain ReLeaf model’s results
on a selection of representative test images from LSC [4],
Komatsuna (6], GrowliFlower [2] and PhenoBench [7],
confirming its stable performance across both species and
environmental conditions.

Figs. 3 and 4 show the results of models trained on each
dataset and evaluated on one representative image for each
of the 23 plant species in the CropAndWeedAndLeaf bench-
mark. Models trained on laboratory data (LSC, Komatsuna)
struggle most to generalize to novel plant species in real-
world settings. While the combined ReLeaf model occa-
sionally misses small inner leaves, it significantly improves
adaptation to the strongly varying visual appearances and
leaf configurations of different crop and weed species.
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Figure 3. Representative leaf-segmentation results of YOLO26 models (Medium, 768> pixels input resolution) trained on LSC [4],
KOmatsuna (6], GrowliFlower [2] and PhenoBench [7] datasets and their combination (ReLeaf), evaluated on all 23 species of the
CropAndWeedAndLeaf benchmark, along with corresponding ground truth (GT) (Part 1).
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Figure 4. Representative leaf-segmentation results of YOLO26 models (Medium, 7682 pixels input resolution) trained on LSC [4],
KOmatsuna [6], GrowliFlower [2] and PhenoBench [7] datasets and their combination (ReLeaf), evaluated on all 23 species of the
CropAndWeedAndLeaf benchmark, along with corresponding ground truth (GT) (Part 2).
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