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Radial Loss for Few-Shot Instance Segmentation of Densely
Cultivated Crops

Hyeseung Lee + Sungsu Kim - Seoung Bum Kim
School of Industrial and Management Engineering, Korea University

Instance segmentation is a key technology for precision agriculture tasks such as per-plant growth monitoring
and harvest-timing prediction. However, in real smart-farm environments where crops are densely cultivated,
instance segmentation poses two practical challenges. First, because pixel-level annotation is highly costly, only
a small number of labeled images are typically available. Second, severe leaf overlap between adjacent plants
causes boundary ambiguity that degrades segmentation accuracy. To improve segmentation performance, prior
studies have explored incorporating structural priors of the target object into the learning process. However,
existing methods require redesigned activation functions or separate optimization modules, making them hard to
integrate with foundation models and largely limited to single-object semantic segmentation. To address these
limitations, we propose ‘radial loss,” an auxiliary loss function that explicitly captures the radial convex structure
of rosette-shaped crops by supervising predicted foreground probabilities along rays cast from each instance's
center of mass toward its boundary. We further introduce ‘dynamic search,” a threshold-triggered sampling
mechanism that focuses supervision on boundary regions once the validation mAP exceeds a predefined
threshold. Experiments on three lettuce datasets show that, under an extreme 10-shot setting, the proposed
method improves mean mAP by 7.7% points over the baseline, demonstrating its effectiveness in label-scarce,
densely cultivated environments.
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Figure 1. Definition of a star-shaped object. An object (green region)
is star-shaped with respect to center c if, for any point p
within the object, all points ¢ on the line segment connecting
¢ to p also lie within the object. Lettuce naturally satisfies
this assumption when viewed from above because leaves

radiate outward from a central stem in a rosette structure.
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Figure 2. Overview of the FastSAM architecture. A feature extractor feeds shared representations into a detection head and a prototype

head in parallel. The detection head outputs class labels, mask coefficients, and bounding boxes, while the prototype head

generates prototype masks. Final instance masks are obtained by computing a weighted sum of prototypes using the predicted

coefficients, followed by cropping and thresholding.
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Instance Segmentation

Predicted Mask

Step 1

Ground Truth(Red)
Sample N points along each ray
from center to boundary

Compute object center of mass (c) i 3
from ground-truth mask(Red) Mark their intersection with mask boundary

Step 5

Compute Radial Loss for supervised points

il 5 j)
Lyadial = EZW"")EP 1-y (P(({c,n)).

Cast K uniform rays from ¢

Prediction(Green)
Extract model prediction () and
Ground-truth label (y) at each point

P={Ghn:y(pdy) =1}

Figure 3. Overview of the radial loss computation pipeline. For each instance, the pipeline follows five steps: (1) computing the center
of mass ¢ from the ground-truth mask, (2) casting K uniformly spaced rays and searching for boundary points, (3) sampling N
points along each ray, (4) extracting the predicted foreground probabilities at sampled locations, and (5) computing the loss at

foreground-labeled points.
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3.3 Dynamic Search

g 27)oE mdo] g9 A9 Fe & shrafof st
2, radial loss7} 334 A Zolo] X 745 A5 AF3h=
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(a) 20 epoch (b) 40 epoch

Figure 4. Visualization of prediction error concentration over
training epochs. (a) At epoch 20, errors are distributed
across both interior and boundary regions. (b) At epoch
40, interior predictions converge while residual errors
concentrate along the boundary, motivating

boundary-focused supervision in later training stages.
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Figure 5. Overview of the dynamic search mechanism. (a) Validation
mAP curve during training. Dynamic search is activated
when the validation mAP first exceeds the threshold 7. (b)
Transition of the ray sampling range from full-ray
supervision (left) to outer 60% supervision (right) upon
activation, concentrating the supervisory signal on

boundary regions in the later stage of training.
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<Algor1thm 1>o]] 3%301 ATk

Algorithm 1: Few-Shot Instance Segmentation Training with
Radial Loss and Dynamic Search

validation dataset D

val>

Require: train dataset D),

train pre_
trained FastSAM model f,,, total epochs 7', ray count X, sam-

ples per ray 2V, loss weight X, activation threshold 7,

radial®

search ratio 3

Output: Fine-tuned model parameters ¢*
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// sampling start ratio

2: activated <— False
3:for t=1to 7°do

4:  for each mini-batch (X, Y) in D,,;, do
5: Forward pass through f, (X)— predictions Y
6: Compute L g, 442, Via Eq. (1)
7. <0, |[Pl<0
8  for each instance mask /) in Ydo
9: Compute center of mass 9 via Eq. (3)
10: for k=0to A—1do
11: 0, 2mk/ K
12: Compute boundary distance Lk(.j ) via Eq. (5)
13: forn=1to Ndo
14: Pl
D (s+(1—s)x n/N) < L9 (cosb), sinf,),
15: if y(p{,)) =1 then
16: Lyviiar < Lragiar+ (1= z}(p?}’;?n,) )
17: |PlIP+1
18: end if
19: end for
20: end for
21: end for
22: Lriia < Lradial 1P
23: Lot < Lpustsans™ Avadia < Lradia
24: Update ¢ via backpropagation on Z,,,
25:  end for
26:  Compute m AP,y on D,
27:  if not activated and mAPml > 7 then
28: s—1—0 // activate Dynamic Search
29: activated <— True
30:  endif
31: end for
Return: ¢*<—¢
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Table 1. Number of training, validation, and test samples for

each lettuce dataset.

Butterhead | Romaine | Red lettuce
# of Training Pool 44 49 48
L, 10-shot subset 10 10 10
L, 20-shot subset 20 20 20
# of Validation Data 14 16 15
# of Test Data 11 13 12
Total size 69 78 75
7|9k R 2= SA-1B HOJEAlC. 2 A3l E FastSAM
&AMt B E 4132 NVIDIA RTX 4090 GPU 373l
A 3R o, 27] <y E(initial learning rate) 1< 1072,

# % 815E Y] (final learning rate factor) 1< 102, HlJ %] 217]
8, T o= 30022 A A3A T A 3 AZ B2 warmup= A
83t & Y S5E 7A(linear learning rate decay) 2AlE =

AH8-3F9 o1, FERFO] A & Ultralytics 7] 432 (momentum
0.937, weight decay 5> 10™*)< Wk} Radial loss2] 3}o] 3]
el el = B Tl k=36, 3T AMED A F V=3,
EA TSR N, i =052 A3 1, dynamic search?]
28 QAFE =05, B B W& g=0.6°2 HH3}
At B7FAFZE A £ £kl # A E <] mean aver-
age precision (mAP)$} intersection over union(IoU) QAIgL 0.5
2075901 4] S8 APS0, AP75E A-E-3FA T



Radial Loss for Few-Shot Instance Segmentation of Densely Cultivated Crops

HII baseline> T 7 7HAIE ARESHATE AA, 71E
FastSAM &4 &7 Ly, 00/8He ARS8t BIA 24 8 lower
bound-> 722 AP 4 H glo] A4 vk EATHO R Stk
7499 A5S JePTh B4, star loss= B A9} Y31 g
HE 724 AP ARE &4 T T4 BHE S baseline
O Z sl star shape prior lossE H71 <A &2 F7}8}9
T3 © thMirikharaji and Hamarneh, 2018). A¢+ W £ radial
08T Lpisun® Lypgia = 7 EAE T4 FHE, A Y
& BF FastSAM 7€ £4A S 35 7o 2 5191 om F71
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o] FEHTE AR, star shape prior losst= ©] WA U] =& ZAl
poll t3ll po} FAE Sl A& 919 ZA g1 A3 EY
215 B gshe 2L A (pairwise) A3t 2 WM, ra-
dial loss= FAl oA #E3 =2 TALE k7))
£ A 7H53hs 3] 23 (sparse) A (point-wise) A = 14
T}, A, star shape prior loss= A4 AE-& 25 13
o] F& A4t HIE wj o] AA FAAA = ZH mIl HAG
o|Abste 7 PO TARShE MY, radial lossE A4
B k9 189 FA 3 FAT v AEY A RS o
O & A Eo] ZA glo] Bes] Ao Mol AlLke] o]
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<Table 2>+ F 7FA] 8h<5 Blo]E F2(107%, 207) ol A vl
WHE 3} A|QE radial loss®] £ 5 HojEo)h A9 W
22 1 E 85 R0 A lower bound(FastSAM loss)$} base-
line(Star loss)thH] Y 5 s 2SI 53] sk
tolg7t 104082 SHd 02 Ak A4 Hit mAP
0.609E 7| =3}], FastSAM loss (0.513) H star loss (0.532)
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Table 2. Performance comparison of FastSAM across three lettuce datasets using different loss functions. The best performance

among compared methods is highlighted in bold, and values in parentheses indicate standard deviations. An asterisk (*)

indicates a statistically significant improvement of the proposed method over the baseline (paired ¢-test, p < 0.05).

Fine-tuning Butterhead Romaine

Red lettuce Average

method | AP0 | AP75 | mAP | APS0 | AP75 | mAP | AP50 | AP75 | mAP | AP50 | AP75 | maP
Zero-shot

- | 0044] 0010] 0016 ] o101 | 0031 | 0039 | 0467 | 0420 0403 ] 0204 | 0157 ] 0153
Fine-tuned with 10 labeled images

FastSAM | 0798 | 0480 | 0493 | 0.630 ] 0320 0337] 0879 [ 0810 0710 | 0769 [ 0537 [ 0513

loss | (0.075) | (0.306) | (0.196) | (0.063) | (0.130) | (0.085) | (0.009) | (0.019) | (0.013) | (0.127) | (0.250) | (0.187)

Stor logs | 0828 | 0515 | 0506 | 0720 [ 0329 | 0381 | 0888 | 0798 | 0708 | 0812 | 0547 | 053

(0.061) | (0.242) | (0.134) | (0.027) | (0.009) | (0.003) | (0.018) | (0.015) | (0.013) | (0.085) | (0.236) | (0.165)

Radial loss | 0.860 | 0.812¢ 0.711* 0733 | 0.550% 0.493 | 0875 | 0.830% 0721+ 0821 | 0.670 | 0.609

(Proposed) | (0.024) | (0.159) | (0.112) | (0.043) | (0.095) | (0.108) | (0.034) | (0.016) | (0.012) | (0.078) | (0.157) | (0.129)
Fine-tuned with 20 labeled images

FastSAM | 0917 | 0845 | 0751 | 0.845] 0733 | 0.695 [ 0900 | 0851 | 0756 | 0887 | 0810 0734

loss | (0.047) | (0.149) | (0.163) | (0.026) | (0.038) | (0.033) | (0.017) | (0.020) | (0.025) | (0.038) | (0.066) | (0.034)

Star logs | 0930 | 0004 [ 0830 | 0842 0756 | 0705 | 0915 | 0872 ] 0799 | 089 | 0.844 | 0778

(0.008) | (0.004) | (0.006) | (0.017) | (0.002) | (0.021) | (0.008) | (0.008) | (0.005) | (0.047) | (0.078) | (0.065)

Radial loss | 0.961% 0.961* 0.865* 0.866 | 0.772% 0.735 | 0919 | 0.874 | 0.801 | 0.916 | 0869 | 0.800

(Proposed) | (0.006) | (0.007) | (0.006) | (0.002) | (0.001) | (0.013) | (0.013) | (0.015) | (0.009) | (0.048) | (0.095) | (0.065)
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+ Radial loss

Figure 6. Qualitative comparison of segmentation results under the 10-shot setting. From left to right: input image, zero-shot prediction,
FastSAM loss baseline, FastSAM loss + Star loss, FastSAM loss + Radial loss (proposed), and ground truth. The proposed
method produces cleaner instance boundaries in densely overlapping regions, whereas baselines show frequent

over-segmentation and merging errors near contact zones.
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Table 3. Performance comparison of fixed ray search ratios under the 10-shot setting. 5 denotes the ratio of each ray to which the

supervisory signal is applied, measured from the boundary inward (e.g., 5 = 0.6 supervises the outer 60% of each ray; 3 =

1.0 corresponds to full-ray supervision). The best performance among compared methods is highlighted in bold, and values

in parentheses indicate standard deviations.

Method Butterhead Romaine Red lettuce Average
AP50 AP75 mAP AP50 AP75 mAP AP50 AP75 mAP AP50 AP75 mAP
B=05 0.760 0.616 0.531 0.890 0.822 0.723 0.703 0.354 0.376 0.784 0.597 0.543
(0.041) | (0.073) | (0.064) | (0.019) | (0.025) | (0.031) | (0.052) | (0.081) | (0.066) | (0.038) | (0.060) | (0.054)
5=06 0.887 0.835 0.725 0.899 0.820 0.720 0.672 0.333 0.362 0.819 0.663 0.602
(0.026) | (0.038) | (0.035) | (0.017) | (0.022) | (0.027) | (0.047) | (0.069) | (0.058) | (0.030) | (0.043) | (0.040)
s=07 0.859 0.722 0.644 0.875 0.822 0.730 0.646 0.409 0.383 0.793 0.651 0.586
(0.034) | (0.061) | (0.052) | (0.021) | (0.024) | (0.026) | (0.055) | (0.077) | (0.064) | (0.037) | (0.054) | (0.047)
B=10 0.843 0.687 0.620 0.877 0.825 0.730 0.717 0.452 0.419 0.812 0.655 0.590
(0.037) | (0.066) | (0.056) | (0.020) | (0.023) | (0.025) | (0.049) | (0.073) | (0.060) | (0.035) | (0.052) | (0.045)
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<Table 4> dynamic search 7] 2] £3-5 £+ A3fo]t},
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Table 4. Effect of dynamic search. We compare the average
performance of the proposed method with and without
the dynamic search mechanism across the three lettuce
datasets under both 10-shot and 20-shot fine-tuning
settings. The best performance in each column is
highlighted in bold, and values in parentheses indicate
standard deviations. An asterisk (*) indicates a
statistically significant improvement of the proposed
method over the without-Dynamic-Search variant
(paired ¢-test, p < 0.05).

Dynamic Search ‘ AP50 ‘ AP75 ‘ mAP
Fine-tuned with 10 labeled images
y 0.821° 0.670" 0.609°
(0.078) (0.157) (0.129)
X 0.812 0.645 0.590
(0.134) (0.147) (0.141)
Fine-tuned with 20 labeled images
y 0.916 0.869° 0.800"
(0.048) (0.095) (0.065)
X 0.896 0.848 0.765
(0.127) (0.135) (0.138)
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Table 5. Effect of the number of rays K on segmentation
performance and per-epoch training time under the
10-shot fine-tuning setting. Performance metrics
(AP50, AP75, mAP) are averaged across the three
lettuce varieties, and values in parentheses indicate
standard deviations. Training time per epoch is
measured in seconds on a single NVIDIA RTX 4090
GPU. The best performance among compared

settings is highlighted in bold.

Accuracy Wall-clock time
# of Rays
AP50 AP75 mAP per epoch (s)
K24 0.796 0.592 0.564 25.63
(0.112) (0.232) (0.174) '
K=30 0.814 0.625 0.593 37.40
(0.135) (0.221) (0.171)
K=36 0.821 0.670 0.609 49,49
0.078) | (0.157) | (0.129)
0.802 0.618 0.589
K=42 49.51
(0.153) (0.312) (0.222)
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