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Abstract

Object detection in remote sensing demands extensive,
high-quality annotations—a process that is both labor-
intensive and time-consuming. In this work, we introduce
a real-time active learning and semi-automated labeling
framework that leverages foundation models to streamline
dataset annotation for object detection in remote sensing
imagery. For example, by integrating a Segment Anything
Model (SAM), our approach generates mask-based bound-
ing boxes that serve as the basis for dual sampling: (a) un-
certainty estimation to pinpoint challenging samples, and
(b) diversity assessment to ensure broad data coverage.
Furthermore, our Dynamic Box Switching Module (DBS)
addresses the well-known cold start problem for object de-
tection models by replacing its suboptimal initial predic-
tions with SAM-derived masks, thereby enhancing early-
stage localization accuracy. Extensive evaluations on mul-
tiple remote sensing datasets, along with a real-world user
study, demonstrate that our framework not only reduces an-
notation effort but also significantly boosts detection per-
formance compared to traditional active learning sampling
methods. The code for training and the user interface is
available under https://github.com/mburges—
cvl/ICCV_AL4FM.

1. Introduction

Object Detection (OD) is a fundamental computer vi-
sion task that relies on vast amounts of annotated train-
ing data [22, 42, 45]. However, the manual annotation
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process, which must accurately capture both object classes
and their corresponding coordinates, is labor-intensive and
time-consuming. Active Learning (AL) has emerged as a
promising strategy to alleviate this burden by selectively
choosing the most informative samples for labeling. This
approach is predicated on the idea that by intelligently se-
lecting data points—rather than annotating a randomly sam-
pled dataset—it is possible to train models that achieve
higher accuracy and yet this process requires substantially
fewer labeled instances.

Various AL strategies have been proposed. Uncertainty-
based methods [13, 16, 48, 49] prioritize samples for which
the model exhibits low confidence, thereby targeting cases
that are most likely to improve model performance upon an-
notation. In contrast, diversity-based methods [1, 5, 33, 37]
aim to cover a broad spectrum of the data distribution by
selecting samples that are distinct from the already labeled
set. More recently, combined approaches that integrate both
uncertainty and diversity metrics have been developed, aim-
ing to combine their complementary strengths [45].

Despite these advances, applying AL to OD presents
unique challenges. Unlike classification tasks, OD involves
the dual objectives of accurate localization and classifica-
tion. This duality necessitates the development of AL meth-
ods that can effectively assess and balance uncertainties re-
lated to both the positioning of objects and their categories.
Moreover, an additional challenge for AL is the cold start
problem, where the initial lack of annotated data can lead to
suboptimal model performance, thus complicating the early
stages of sample selection [40].

In this paper, we present a novel interactive AL frame-
work for OD that leverages recent advances in foundation
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models (FMs). Our approach utilizes the bounding boxes
derived from the predicted masks of the Segment Anything
Model (SAM) [17, 19] for uncertainty estimation, while the
features extracted from individual masks are employed to
assess sample diversity. Notably, our method addresses the
cold start problem by initially using the bounding boxes
provided by SAM instead of those predicted by the object
detector. This is particularly beneficial because, although
the classification performance of a detector—especially one
built on a FM backbone—improves rapidly, its localization
performance is initially suboptimal. The main contributions
of this work are: (i) the integration of FMs into an interac-
tive AL framework for OD, (ii) a dual sampling strategy that
combines uncertainty estimation from SAM-derived boxes
with diversity estimation from mask features, (iii) an effec-
tive solution to the cold start challenge that enhances early-
stage localization performance, (iv) a real-world user study,
that highlights the advantages of our methodology, and (v)
an interactive user interface that can be adapted for annota-
tion of novel and rare objects in imagery.

2. Related Work

AL for OD follows a three-step iterative process: (1) de-
ploying a detector trained on labeled images to make infer-
ences on unlabeled data, (2) strategically selecting and an-
notating images within a predefined budget, and (3) retrain-
ing the model and evaluating performance. This approach
optimizes annotation resources by prioritizing informative
images. In the paragraphs below, we review the different
strategies introduced in the related literature for sample se-
lection, as well as recent works exploring SAM for annota-
tion assistance.

Uncertainty-Based Active Learning: Uncertainty-
based methods leverage model prediction confidence to se-
lect informative samples. Yoo and Kweon [47] augment
networks with loss prediction modules to identify poten-
tial misclassifications. MI-AOD [49] models the gap be-
tween instance- and image-level uncertainty through ad-
versarial estimation. ORCR [15] measures classification
and localization inconsistencies without additional network
overhead, while HUALE [26] employs a two-stage frame-
work with novel uncertainty metrics.

Diversity-Based Active Learning: Diversity-based ap-
proaches aim to select a representative subset of the data
that covers the full feature space. Sener and Savarese [32]
reformulate AL as a core-set selection problem, showing
that minimizing the “core-set loss” is equivalent to solving
a k-Center problem and achieving performance close to full
dataset training. In parallel, Wang et al. [38] extend tra-
ditional multiple-instance AL by integrating diversity cri-
teria —- via kernel k-means clustering and fuzzy rough set
theory -— with informativeness measures, thereby ensuring
that selected samples capture a broader range of features.
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Dual Objective Active Learning: Dual objective ap-
proaches integrate both uncertainty and diversity to maxi-
mize the value of queried samples. PPAL [44] calibrates in-
stance uncertainty with difficulty coefficients and enforces
diversity through category-conditioned similarity matching.
USDM [46] combines uncertainty sampling with graph-
based random walks, while Agarwal et al. [2] incorporate
contextual diversity using KL-divergence. DivProto[42]
employs Entropy-based Non-Maximum Suppression to fil-
ter redundant predictions and refines diversity by decom-
posing it into intra-class and inter-class components.

Segment Anything-based Annotations Tools: Vari-
ous projects have integrated SAM into OD workflows with
mixed success. Label Studio [14] employs SAM but re-
quires user-supplied inputs like points or prompts [29].
Napari-SAM [27], demands manual guidance and can-
not independently generate precise annotations. Autodis-
till [31] combines SAM with Grounding DINO [23] for
text-prompted annotations but struggles with RS data ac-
curacy. Similarly, YOLO+SAM [3] has users draw initial
boxes that SAM refines into masks before fine-tuning, cre-
ating an iterative but still manually-dependent process.

Cold Start Active Learning: In cold start scenarios,
where initial labeled examples are scarce, the model strug-
gles to accurately represent the full data distribution, com-
plicating the selection of informative samples. To address
the challenges of initial bias and limited annotations, cold
start AL methods focus on robust sample selection at the on-
set of learning. ALWOD [39] integrates weakly and semi-
supervised OD by employing an auxiliary image generator
to warm-start the detector and an acquisition function that
fuses student—teacher disagreement with image uncertainty,
thereby reducing annotation requirements. Complement-
ing this approach is Chen et al. [8], whose study tackles
early-stage inefficiencies by leveraging self-supervised con-
trastive learning and K-means clustering to force label di-
versity and selection of representative samples, outperform-
ing both traditional AL strategies and random sampling.

Limitations of Existing Approaches: Existing SAM-
based methods fail to fully leverage RS imagery character-
istics such as low occlusion in orthorectified, cloud-free im-
ages. While using points and bounding boxes speeds up
mask prediction, annotators must still assign labels for each
object. Additionally, no methods address the common sce-
nario in RS where many images may be empty of target
classes—an issue exacerbated in cold start situations where
empty images contribute little to training. Our approach
harnesses a pretrained FM (e.g. SAM) for dense mask
extraction to automatically align masks with classes (pre-
dicted by the OD model), allowing users to simply confirm
or adjust results, and employs dual-source uncertainty esti-
mation where only images with objects confirmed by both
the detector and the F'M are proposed for annotation.
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Figure 1. Our framework iteratively selects images by combining F'M-based uncertainty and diversity sampling. We extract masks from
all images using a "M (SAM [18] in our case), train an object detector on a small labeled set, and predict on unlabeled images. Uncertainty
is estimated by matching detector boxes with F'M masks. High-uncertainty images undergo diversity sampling to ensure both intra- and
inter-image diversity. Finally, high-confidence predictions are selected with F'M-derived boxes to accelerate annotation.

3. Methodology

Figure 1 illustrates our AL framework. Let Il(o) denote a
small initial set of labeled images, used to train the OD

model OD©) at step 0. Let LSO) denote the set of unlabeled
images to sample from at each step. To select the images
I¢; to annotate in the next step s, we perform the following
procedures. o For each image in Z,, we: i) use a pretrained
segment anything-type of model S A (e.g., SAM) to densely
extract a set of masks Mg 4, and collect the bounding boxes
Bga associated with these masks — it suffices to run this
process just once and store Bg4 and Mg 4 in memory for
each image; ii) perform OD inference using the latest model
ODG=1), collecting a set of boxes Bop.

@ We employ a novel Dual-Source Uncertainty Estima-
tion mechanism, detailed in Sec 3.1, this strategy matches
bounding-boxes across Bs4 and Bop, exploiting their
matching cost (i.e., similarity) as a quality measure o, q¢ch-
This quality measure is then combined with the detectors’s
prediction confidence opp by means of a harmonic mean,
yielding a combined uncertainty score j for each detected
object. This uncertainty is averaged across all detected ob-
jects in an image. For a 6 budget expansion rate, we select
the n x 6 most uncertain images to compose a set of candi-
date images I.opq-

9 We then run I.,,q through a novel Mask-Guided
Diversity Estimation scheme to guide diversity sampling,
which is detailed in Sec 3.2. Inspired by DivProto [42], our
strategy constructs class prototypes based on features ex-
tracted by a pretrained model and select samples such that
both intra-class and inter-class diversity are promoted. In
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contrast to DivProto, we rely on stronger features extracted
by a modern FM, and exploit the masks Mg 4 pre-extracted
in procedure 1 to mask the feature map and hence ob-
tain higher-quality, object-specific feature representations
for each object. The n images from 1,4 with highest over-
all diversity score are selected to compose the I,.; set for
annotation.

@ Once the oracle annotates I,.;, OD is fine-tuned on
Il(sﬂ) = Il(s) U I, and the AL process repeats from pro-
cedures 1-4 until the total budget or I, is exhausted.

Semi-automated labeling: For an OD model leveraging
an FM-like backbone, at early stages the classification per-
formance tends to be already good, but the localization of
objects is less reliable. To address such cold start behavior,
we introduce the Dynamic Box Switching Module (DBS),
which replaces the bounding boxes predicted by OD with
SAM mask bounding boxes for annotation. Details about
the DBS module are provided in Sec 3.3, and its benefits
are validated in a user study (see Sec 5).

3.1. Dual-Source Uncertainty Estimation

For the DSUE, we first perform Hungarian matching be-
tween boxes in B4 and BOP, ignoring class labels. From
the Hungarian matching process, a cost matrix ¢ corre-
sponding to the minimal matching cost between paired
boxes in BS54 and BOP is obtained for each image. In
this one-to-one process, unpaired entries in B4 and BOP
are removed, and a set of BMateh paired boxes is obtained.
We transform each cost into a matching quality measure,
Omatch, Using an exponential decay function (o,,qtcn =
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Figure 2. A flowchart highlighting the mask-guided diversity estimation. In phase 1, the class prototypes are constructed by first extracting
the features (F;) and masks (M; < SA(I;, B:)), then extracting the mask based features and finally clustering these masked-based features
per class. Phase 2 then utilizes these prototypes to cluster the features extracted from .44, based on the precomputed masks (Mcanda)-
Based on the clustered features we then compute the intra-class diversities from which we finally obtain the diversity score for the image.

exp(H)). This quality measure is then combined with the
detectors prediction confidence cpp by means of a har-
monic mean, yielding a combined uncertainty score u for
each pair as per:

2 00D Omatch
b
00D + Omatch + €

n=1 (1)
with € = 107 to ensure numerical stability. Finally, the
per-image uncertainty is obtained by averaging across all
predicted uncertainties. We then sample the k£ highest un-
certainty images.

3.2. Mask-guided Diversity Estimation

For diversity sampling, we take inspiration in DivProto [42]
but under a novel approach where we exploit pre-computed
masks to refine the feature-based characterization of each
detection. The strategy is summarized in Fig. 2 and detailed
below.

Phase 1: Prototypes construction: At each step s, for
each labeled image in Il(s) we extract features F; using a
pretrained F'Mo p. In our case, we exploit the same F'Mop
used as backbone for our OD model. Using the labeled
bounding boxes within an image as prompts, we deploy
FMg, on Il(s) to extract a set M; of one mask per ob-
ject. We then mask the feature map JF; with M; to obtain a
collection of features Fj for each labeled object.

We then build a set of P,, prototypes for each object cat-
egory ~ by clustering these features using the k-means++
algorithm with cosine similarity as the distance metric. Fol-
lowing DivProto [42], we opt for p = 5 prototypes per cat-
egory to capture intra-class diversity. We also construct a
set of background prototypes Ppry by randomly sampling
from the subset of the precomputed masks Mg 4 across all
images that do not overlap with any ground truth bounding
box.

Phase 2: Intra-class and inter-class diversity estima-
tion: Similarly and in parallel to the process of prototype
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Predicted

Predicted SAM

Figure 3. DBS module: Switching the predicted mask to the SAM
masks to boost IoU, while keeping the box classification. Blue:
Model predictions, Dotted Red: SAM mask bounding box, Yel-
low: Ground truth.

construction, we extract features F,, (again using F'Mop)
from the unlabeled images by using the masks associated
with the bounding boxes B identified through the Hungar-
ian matching. Each candidate mask is matched to a class
based on cosine similarity between its features and the class
prototypes. To identify the most diverse candidate sam-
ples to be annotated, we compare margins between the clos-
est and second closest prototypes. We group detections by
their predicted class, and quantify intra-class diversity as
the maximum pairwise distance within each group. Then,
we define the image’s overall diversity score as the mean
of intra-class diversities within it. Finally, images with the
highest diversity scores are selected, ensuring that our sam-
pler prioritizes unlabeled samples that are both uncertain
but also exhibit a broad range of distinct features relative to
the existing labeled set.

3.3. Dynamic Box Switching Module

To mitigate the cold-start problem and accelerate the AL
process, the implementation of semi-supervised labeling
for objects classified with high certainty by the uncertainty
sampler presents a potential solution. While this approach
demonstrates efficacy in classification frameworks [21],
where a single object per image is assumed, it exhibits lim-
itations in OD contexts, where certainty of individual ob-
jects does not necessarily correlate with overall image cer-
tainty. Nevertheless, pre-labeling these high-confidence ob-



jects can expedite the annotation workflow. This approach
introduces a significant challenge: in cold-start scenarios,
initial localization exhibits considerable noise, despite rapid
classification accuracy gains attributable to pretrained back-
bone architectures. To address this limitation, we lever-
age precomputed bounding boxes from SAM, substituting
predicted bounding boxes with the SAM-generated alterna-
tives with the highest overlap, thereby reducing localization
noise while preserving the OD model’s classification capa-
bilities. Examples are highlighted in Fig. 3.

4. Experimental Setup & Results

Backbones & OD Model: For the evaluation of the AL
model, we employ the RTDETRvV2 model [25] in combina-
tion with remote sensing FMs as backbones. RTDETRv2
was selected for quicker retraining on new data within the
AL cycles (= 114s to finetune on 10 samples for 30 epochs
in our user study, A100-PCIE-40GBs) and based on exper-
iments indicating that a frozen FM with a hybrid encoder
neck performs equivalently to a non-frozen backbone on the
DIOR [50], FAIRIM [34], and HRSC2016 [35] datasets.
The backbone models used in this study are listed in Ta-
ble 1, with an ablation of their performances described in
Sec 4.2. Following [25] we extract three feature maps from
each encoder.

Datasets: ~ We evaluate our framework across five
datasets: DIOR, which encompasses a diverse range of
object categories; DOTAv2, which provides annotations
for extremely small objects (< 10pz); FAIRIM, a fine-
grained dataset; HRSC2016, dedicated to ship detection;
and our proprietary WaffleHomes dataset. While DIOR and
HRSC2016 come with predefined train/val/test splits, the
DOTAV2 test split lacks labels, so we adopted the splits
proposed by Lee et al. [20]. We split the FAIR1M dataset
from [7] into randomly sampled 40/20/20% splits.

Our WaffleHome dataset consists of 363 images (1024 x
1024px) capturing “waffle homes”, which are defined as
roofless buildings under construction, with visible interiors
from overhead that yield grid-like patterns reminiscent of
waffles. The localization of waffle homes can provide in-
sights into typical floor plans and verification of building
construction codes [41]. We select the annotated images

Table 1. Backbone models and pretraining datasets.

Model Pretrained on Dataset
SWIN Transformer SATLAS [6]
ResNet50 [4], ScaleMAE [30] FMOW [9]
) SATLAS, FiveBillionPixels [36]
DOFA 143] HySpecNetl1k [12]
OREOLE [11] MillionAID [24]

DinoV2 (ViT) [28] ImageNet1K [10]

within a region of interest (see Figure 9) and then randomly
divide the data into 40/20/40% splits.

Model settings: we largely adhere to the default hy-
perparameters and training settings from RTDETRV?2 [25].
However, we observed that training for 36 epochs rather
than the standard 72 is sufficient for our limited data ex-
periments, with longer training being prone to overfitting.
By default, we employ a ResNet50 backbone pretrained on
FMOW, which provides an optimal balance between accu-
racy and speed. All experiments were conducted on a single
Tesla V100-SXM3-32GB. For the uncertainty-based sam-
pling we utilize a budget expansion ratio (¢ = 6). For our
diversity sampler, we use 5 prototypes per class and average
the features for each mask.

4.1. Experimental Results

Figure 4 presents a quantitative comparison between our ap-
proach, which we refer to as AL4FM-OD for shortness, and
established state-of-the-art AL methodologies. The DBS
module was excluded from this analysis as it is primarily
designed for annotation acceleration. Instead, detailed re-
sults for the DBS module are presented in the subsequent
paragraphs.

Each method underwent five iterations with results aver-
aged. The entropy-based sampling baseline quantifies im-
age uncertainty by summing classification entropy of all
detected objects, following [44]. This approach underper-
forms when trained with minimal data, scoring below ran-
dom sampling across all datasets. DivProto exhibits in-
consistent performance: it is effective on Wafflehome and
DOTAV2, ineffective on HRSC2016, and demonstrates me-
dian performance on DIOR and FAIR1M, indicating cold
start limitations. CoreSet shows median performance on
most datasets except FAIR1M where it excels. While PPAL
outperforms our method on DOTAv2, possibly due to the
presence of small objects as discussed below, it achieves
only median results on HRSC2016 and FAIR1M, and un-
derperforms on the Wafflehome dataset due to selecting nu-
merous empty images.

Our AL4FM-OD method demonstrates consistent per-
formance improvement across most datasets, achieving
significant gains: on DIOR from 4.89mAP (PPAL) to
10.68m AP, on HRSC2016 from 47.79m AP (RANDOM)
to 50.52m AP, and on Waffle Homes from 36.04m AP (Di-
vProto) to 42.05mAP. For datasets with objects more
challenging to segment, ALAFM-OD performs compara-
bly to the best methods during initial (cold-start) AL iter-
ations (<100 samples), with minimal performance differ-
ences in later stages: 9.24mAP (PPAL) versus 7.93mAP
on DOTAv2 and 12.12mAP (CoreSet) versus 12.07mAP
on FAIRIM. In summary, while previous methods exhibit
dataset-specific inconsistency, our approach maintains ro-
bust performance stability across diverse datasets.
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Dynamic Box Switching Results: Figure 5 illustrates
the performance of our DBS module. For evaluation, we
employed the Recall @ 100 metric with a more stringent IoU
threshold of 75%, reflecting the practical scenario where
users would only accept bounding boxes that tightly encom-
pass objects. The results demonstrate that during the initial
AL phases (< 50 annotated images), our model generates
substantially more accurate bounding boxes when replac-
ing predicted boxes with SAM-derived alternatives. Specif-
ically, we observed a 4x improvement for the WaffleHome
dataset during the first annotation round and a 2 X improve-
ment for the HRSC2016 dataset. However, we note DBS
benefits diminish after approximately 50 annotated images.
For the WaffleHome dataset, performance differences be-
come negligible, while for the HRSC2016 the DBS module
plateaus at ~ 58% R @100, whereas the standard OD model
continues improving to ~ 85%. Overall, it is clear that with
the DBS module and a pretrained backbone, our model is
able to predict very accurate bounding boxes with very lit-
tle data.
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Figure 5. Comparing model predictions with/without DBS bound-
ing box replacement. RTDETRv2, ResNet50 (FMOW pretrained).

4.2. Ablations Studies

To show the effectiveness of our proposed Dual-Source Un-
certainty Estimation (DSUE) scheme we first compare it
to random and entropy-based sampling in Table 2. We
find that DSUE achieves better performance compared to
an entropy-based uncertainty-sampling counterpart, show-
casing its effectiveness. We also compare the proposed
Mask-guided Diversity Estimation (MDE) with three al-
ternative diversity samplers: CoreSet, DivProto, and the
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Table 2. Ablation studies of the Dual-Source Uncertainty Esti-
mation (DSUE) using RTDETRV2, with the ResNet50 backbone,
trained on the DIOR dataset. Category Conditioned Matching
Similarity (CCMS) refers to the diversity sampler of PPAL.

mAP on # of labeled images
10 50 100 200 300
0.3£0.21.2+0.6 1.6+0.6 2.3+£0.5 4.0£0.7
0.5£0.30.24+0.1 0.4+0.4 0.7£0.4 1.3£1.1
0.94£0.42.4+0.9 3.840.54.3+£0.9 5.4£0.8
0.8+£0.42.6+0.74.3£1.1 4.6£0.3 4.8+0.6
0.9£0.4 1.1£0.5 0.7£0.5 0.9£0.5 0.9£0.4
0.8+£0.4 1.7+£1.23.7£0.4 4.6:£0.8 5.2+0.8
0.9+0.34.1+0.86.4+1.4 8.4+1.8 10.7£0.7

Stage 1| Stage 2

Random
Entropy| None
DSUE | None
DSUE | CoreSet
DSUE |DivProto
DSUE | CCMS
DSUE | MDE

Category Conditioned Matching Similarity (CCMS) pro-
posed by PPAL. We confirm the findings of the authors of
PPAL [44] that global similarity-based diversity sampling
methods (e.g., DivProto) perform worse than random sam-
pling in multi-instance images; however, we find that mask-
based similarity measurements are even more suitable to
measure the similarity in multi-instance images.
Generalization to different backbones. In Table 3, we
do an ablation study of different (frozen) backbones and
present the results. We find that our approach can gener-
alize well to different backbones. Only ScaleMAE under-
performs, likely due to the smaller dataset fMOW) and lack
of stronger features due to its MAE-only pretraining. Sur-
prisingly, the (frozen) DinoV2, pretrained on ImageNet1K,
performs significantly better on the remote sensing DIOR
dataset than its counterparts pretrained on remotely sensed
data. This highlights the effectiveness of DINOv2’s self-
supervised pretraining regime.

Expansion Ratio. Table 4 presents the ablation for the ex-
pansion ratio 6, using RTDETRvV2 with the ResNet50 back-
bone pretrained on FMOW. One can see that increasing 6
leads to better results up until § = 6, after which the time
requirement becomes a limitation (§ = 2: 27s, 0 = 4: 30s ,
0 = 6: 45s, 8 = 7: 87s) for the real-time applicability.
SAM segmentation abilities. Effective performance of
our AL framework fundamentally relies on the Segment



Table 3. Comparison of different backbones in combination with
RTDETRv2 on DIOR. DOFA, ScaleMAE and DinoV?2 results av-
eraged over 3 runs.

Backbone mAP on # of labeled images

10 50 100 200 300
0.9+0.3 4.1£0.8 6.4+1.4 8.4+1.8 10.7+0.7
0.1£0.1 1.2+0.1 2.2+0.7 3.6+1.1 4.3+0.9
0.5£0.5 1.9424 2.843.2 53+4.4 10.9+£3.1
0.3+0.1 1.8+£0.3 2.6+0.4 6.54+0.3 8.9+0.9
1.1+£0.4 2.1+0.1 5.7+0.3 10.8+1.2 12.0£0.7

0.8+0.6 2.5+£0.5 5.4+0.3 10.2£0.7 15.4+0.8

ResNet50
ScaleMAE
SwinBase
DOFA
OREOLE
DinoV2

Table 4. Ablation study using DIOR + RTDETRv2 (ResNet50) on
how the budget expansion ratio #, which determines the size of the
candidate pool for the first stage.

Expansion mAP on # of labeled images
ratio (0) 10 50 100 200 300

1 0.9+0.4 2.4+0.9 3.8+£0.5 4.3+£0.9 5.4+0.8
0.840.3 2.840.6 3.9+0.7 5.1£0.3 6.5+0.8
0.7£0.4 3.2+0.7 3.5£0.9 5.7£1.5 6.0+1.2
0.7+0.4 2.44+0.7 4.2+1.3 3.9+£1.7 7.7+14
0.740.3 3.240.7 4.3+0.7 6.3£0.7 8.9+14
0.9+0.3 4.1£0.8 6.4+1.4 8.4+1.8 10.7£0.7

(o) NNV, NSNS I ]

Figure 6. Example of SAM limitations on DIOR dataset. The
terminals lack coherent structure, thus SAM is not able to segment.
Dotted red: SAM bounding boxes; Yellow: ground truth.

Anything-type of model (e.g., SAM) accurately segmenting
target objects. To quantify SAM’s segmentation abilities
for different objects as captured in remote sensing imagery,
we compute recall rates at different IoU thresholds for the
5 datasets considered across this work, with different ini-
tialization grid sizes. As summarized in Figure 8, recall
rates for grid-size 64 are > 50% at ToU = 0.5 for most
datasets, which represents a solid performance for SAM’s
exploitation within our AL framework.

Limitations. In more details, we observed that SAM excels
for objects that exhibit clear, well-defined boundaries. This
is typically the case when objects of interest are sufficiently
large relative to the ground sampling distance. Examples in-
clude aircraft, storage tanks composing the DIOR, DOTAv2
and FAIR1M datasets, our waffle homes dataset, and ships
composing the HRSC2016 dataset. In high-resolution im-
agery (GSD ~ 50cm), these structures tend to yield precise
masks due to their high contrast and distinctive structural
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features. In turn, SAM underperforms for segmentation
of smaller objects like windmills, small chimneys, or small
vehicles present in the DOTAv2 and FAIRIM datasets, as
they may fall between the dense extraction grid points set.
Additional SAM failure cases include structures defined by
more contextual features, such as bridges, golf courses, or
train stations present in DIOR, DOTAv2 and FAIR1M, as
they present ambiguous boundaries. In those few scenarios,
such segmentation limitations result in suboptimal mask ex-
traction that can cascade through the pipeline, undermining
both uncertainty computation and final annotation quality.
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Figure 7. AP of bridge and tenniscourt classes from DIOR.

5. User Study

Setup: This study employed eight human geography ex-
perts on population density estimation. Each 1-hour ses-
sion paired two experts annotating the same dataset inde-
pendently, using a PyQT front-end with REST API server
communication that allows bounding box creation. The
backend system performed all AL procedures described
in Sec 3. The study used 145 training images from the
waffle home dataset. We compared our proposed method
against a baseline random annotation approach. Five ran-
domly selected pre-annotated images were used to pretrain
the model, with identical initial weights and images across
experiments. A between-subjects design assigned partici-
pants to either manual annotation or AL conditions. Both
groups had options to draw boxes (two clicks per box), as
well as accepting/rejecting model predictions. All partici-
pants had comparable image annotation experience and fa-
miliarity with the dataset. Four sessions were conducted,
each with two participants (one per condition). Sessions in-
cluded a 10-minute introduction followed by 50 minutes of
annotation. Participants annotated 10 images before the AL
system predicted the next 10 images.

Objective Performance: Our AL approach improved
annotation efficiency compared to random selection. First,
users annotated more images (11.75 vs. 10.67) and pro-
duced more total annotations (235 vs. 209), while reducing
manually drawn bounding boxes (185 vs. 196). This im-
provement stems from our DBS method’s superior bound-
ing box prediction accuracy, whereas the random approach
using model predictions directly had poor localization due
to cold start. Mann—Whitney U test has been conducted and
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Figure 8. Recall vs. different IoU thresholds of SAM on 5 different remote sensing datasets.

6. Conclusion

We introduced a real-time AL framework that leverages
modern FMs to accelerate dataset annotation for remote
sensing OD. Our framework exploits a Segment Anything
model for the extraction of candidate masks and boxes, and
a pretrained FM for powering our object detector as well as
extracting features that guide the sampling selection pro-
cess. Our contributions include three novel components.
Figure 9. (Left) Region of interest. (Right) AL Interface. Dotted Our dual-source uncertainty sampling strategy and mask-
bounding box: model prediction with confidence score (yellow). guided diversity estimation scheme effectively enable un-
Accept/reje(.:t butths above. Users can zoom, pan, and annotate certainty and diversity-based sample selection, while our
2,1 dz};nil;ggg:d views: RGB, NIR, Costal Blue, Yellow, and Red Dynamic Mask Switching Module effectively addresses the

' cold start problem to enable effective semi-automated an-
notation. Extensive experiments and a user study confirm
that our approach reduces annotation effort while improving
detection performance. Future work will target enhancing

Table 5. User Study Interaction Results: Our AL method with
DMS vs. random annotation without DMS.

Random  Ours SAM’s segmentation for small or ambiguous objects and
Avg. # of image annotated 10.67 1175 performing more extensive user studies.
Avg. # of accepted boxes 13.33 51.75
Avg. # of drawn boxes 196 185 Acknowledgments
Avg. total annotations 209 235

This manuscript has been authored by UT-Battelle, LLC, under contract
DE-AC05-000R22725 with the US Department of Energy (DOE). The

Table 6. User Study Results: Average Precision with an IoU of US government retains and the publisher, by accepting the article for pub-

0.5 and 0.75 and the Average Recall 100. The same model and lication, acknowledges that the US government retains a nonexclusive,
hyperparamters where used for all datasets. paid-up, irrevocable, worldwide license to publish or reproduce the pub-
lished form of this manuscript, or allow others to do so, for US govern-

‘ AP50 AP75 AR100 ment purposes. DOE will provide public access to these results of feder-

Random | 0.2840.03 0114005 035+0.04 ally sponsored research in accordance with the DOE Public Access Plan

(http://energy.gov/downloads/doe-public-access-plan). This research used
resources of the Oak Ridge Leadership Computing Facility, which is a
DOE Office of Science User Facility supported under Contract DE-ACO5-
000R22725. This research was supported in part by an appointment to
we find that the difference in the on average accepted boxes the Oak Ridge National Laboratory GRO Program, sponsored by the U.S.

is statistically significant (U = 0, p = 0.0294). More- De'partment of Ene‘rgy and administered by the Oak Ridge Institute for
Science and Education.

Ours 0.34+£0.04 0.17+0.05 0.43+0.03

over, we also analyze the final recall and precision of RT-
DETR using the ResNet50 backbone trained on each of the
annotations. Results in Table 6 show that within the same
timeframe the users with our method were able to achieve
a roughly 14% higher AP50, a 3% increase in AP75 and a
8% increase in AR100.

Limitations of the user study: Each annotator was al-
lotted only one hour, which precluded the possibility of a
within-subject design, as sessions shorter than 30 minutes
would not yield sufficiently meaningful annotations. In ad-
dition, a larger sample size is required to further study the
generalizability of the proposed approach.
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