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1. INTRODUCTION 

Computer vision models for synthetic aperture radar (SAR) imagery have the potential to enable 

round-the-clock, all-weather situational awareness for deployed Navy assets. To reach this potential 

they require sufficient labeled training data. However, labeling of maritime objects in SAR imagery 

is expensive due to the cost of specialized expertise to interpret imagery and label objects of interest. 

 

Active learning (AL) aims to address this challenge by selecting a subset of the most informative 

data to label. Recent works for traditional computer vision problems such as image classification and 

object detection [1, 5, 7, 9] have reported success in meeting model performance targets with less 

labeled data. However, most of these methods rely on large initial sets of thousands of labeled 

images to work properly. Without the initial set, model performance tends to remain similar to 

random sampling of labeled images, which is unacceptable for practical applications. 

 

Recently, self-supervised learning (SSL) has made significant advances, particularly in the area of 

contrastive learning [20-27]. SSL employs well-designed pretext tasks not directly related to the 

intended downstream task which induce the model to learn useful features without labeled data. 

Pretraining with self-supervision can be an effective means to prepare a model when the curated 

training set is small. However, SSL is not a substitute for supervised learning—some labeled data is 

still needed to train the model for the downstream task. 

Self-supervised 
representation 
learning using 

MoCo [26] 

 

Active learning 
using ProbCover 

[1] 

 

Downstream 
Faster R-CNN [28] 

object detection 
task 

 

  

Figure 1. Representations learned through self-supervised learning can be transferred to active 
learning algorithms such as ProbCover [1] in addition to downstream tasks.  
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A subset of AL has recently emerged to directly address “low-budget” scenarios in which the 

number of labeled examples is very low. For our computer vision problems, we consider low-budget 

to be on the order of hundreds of labeled images. Several works [1-4] frame the low-budget AL task 

as a cluster sampling problem. In this context, the set of unlabeled images are represented as points in 

feature space. For models that have learned effective representations, visually similar images tend to 

cluster together in feature space, and dissimilar images are spread apart. The AL algorithm samples 

points from each cluster using strategies such as core-set [5], typicality [2], and max-cover [1]. The 

rationale for these approaches is that sampling from diverse clusters in feature space yields visually 

diverse images in input space. Low-budget AL algorithms rely upon robust features learned before 

data labeling, so they generally rely upon representations learned through SSL.  

 

In this paper, we qualitatively assess the quality of feature representations for low-budget active 

learning applied to SAR images in the maritime domain. We consider features learned on images 

from three different source datasets with varying levels of domain mismatch to the target SAR 

maritime dataset. We visually compare the features and the images chosen by ProbCover [1], a state-

of-the-art low-budget AL algorithm. This work provides preliminary qualitative results to motivate 

further quantitative analysis of low-budget AL for SAR computer vision. 

 

    

VV channel VH channel VV-VH channel RGB color composite 

    

Figure 2. Color composite created from Sentinel-1 VV and VH polarimetric channels. 

 

2. RELATED WORK 

Existing works on low-budget active learning focus more on the cluster sampling algorithms and 

less on the quality of feature representations. In [3], the authors propose single- and multi-batch k-

means algorithms to sample the images and provide an extensive ablation study, but they do not 

examine the effects of domain mismatch. The ProbCover algorithm [1] is compared to the Core-Set 

algorithm [5] across several datasets, but domain adaptation is not discussed. In [2], theoretical and 

empirical results agree on the effectiveness of typicality sampling in the low-budget regime, but there 

is no discussion on feature representation strength. The authors of [4] report effective domain 

adaptation between photos from three different domains of the Office-31 dataset [31], but they did 

not look at other image modalities. 

Active learning algorithms for object detection tend to have large initial budgets. The authors of 

[8] compare six AL algorithms for object detection in which the initial budget ranges from 500 to 

5,000 images. In [7] the initial set is 1,180 images. 
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Very few published works exist on low-budget AL for SAR computer vision. Most published 

works on AL for SAR investigate image classification [10] using the MSTAR dataset [19]. The 

authors in [13] and [11] report success for AL with budget sizes in the hundreds with a CNN-based 

variational autoencoder and SimCLR [27] respectively, but the MSTAR dataset is already small and 

not costly to label. The authors of [15] use a cosine distance-based diversity selection method and 

apply it to semantic segmentation of TerraSAR-X images using budget sizes from 200 to 1,000 

images. In [12], the authors compare AL methods for object detection in xView3-SAR [17] images. 

Of these works, [12] and [15] are most closely related to this technical document, but no single work 

studies the role of representation quality for low-budget AL in SAR.  

  

3. METHOD 

3.1 PROBLEM FORMULATION 

We consider the pool-based approach to active learning in which the AL algorithm chooses without 

replacement from an unlabeled target dataset 𝑋𝑈 of fixed size. In this work we focus on the simplest 

case in which a single query expends the entire labeling budget 𝐵. This yields a labeled dataset 

{𝑋𝐿 , 𝑌𝐿}, and the unlabeled dataset is reduced to 𝑋𝑈 = {𝑋𝑈 − 𝑋𝐿} where |𝑋𝐿| = 𝐵 and |⋅| denotes 

cardinality. 

We follow the general low-budget AL framework described in [1-4]. A model 𝑓(⋅) is trained on a 

source dataset through supervised, self-supervised, or other approaches. For each image 𝑥𝑈 ∈ 𝑋𝑈 of 

width 𝑊, height 𝐻, and channels 𝐶 we obtain the feature vector ℎ𝑈 = 𝑓(𝑥𝑈) of dimension 𝐷 where 

𝐷 ≪ 𝑊𝐻𝐶. This yields a set of 𝐷-dimensional feature vectors, one for each image in 𝑋𝑈. Each 

feature vector is a point in feature space. Under this problem setting, the task of the active learner is 

to select 𝐵 points that form a representative subset of the unlabeled set in feature space. 

3.2 DATASET PREPARATION 

 In this work we are interested in the xView3-SAR [17] maritime object detection dataset. xView3-

SAR is the largest publicly available dataset for SAR ship detection research to date. The dataset 

consists of Sentinel-1 [35] image scenes with bounding box annotations for maritime objects.     

We adapt the xView3-SAR dataset for active learning by filtering out unwanted areas of dataset 

image scenes and choosing appropriate input representations for extracting features from each image. 

3.2.1 Sample Filtering 

In most published works on AL, every sample in the unlabeled set is a potentially valid choice for 

labeling. For image classification datasets such as MSTAR [19] or ImageNet [18], this is true since 

each image is assigned at least one classification label. For each image in curated object detection 

datasets such as COCO [32] or Pascal VOC [33], each image is valid and contains one or more 

objects of interest. However, for large-scale satellite image datasets, objects of interest may be 

unevenly distributed or even absent in some areas. 

For xView3-SAR, the vast majority of the image scene area contains no maritime objects of 

interest and/or invalid data. Another consideration for satellite image datasets like xView3-SAR is 

that each image scene is too large to be processed whole by currently available graphics processing 

units (GPUs). To handle these issues, we split the large image scenes into small chips and filtered out 

irrelevant chips. 
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We found that many chips contained no-data (invalid) pixel values, large areas of land, and empty 

expanses of water, so we designed filters to reject each of these categories of undesirable image 

content. By removing these unwanted chips from the unlabeled set prior to active learning, we 

improved computational efficiency by reducing the search space for the AL algorithm. We selected 

155 image scenes from the xView3-SAR training set for training and all 50 validation scenes for 

validation. Table 1 summarizes the results of filtering image chips prior to active learning. Using a 

non-overlapping grid sampling pattern and a chip size of 256×256 pixels yielded 6,922,000 chips for 

training and 549,040 for validation. After applying the three-step filtering process, the size of the 

training set was reduced by 153×. 

Table 1. Effects of filtering xView3-SAR dataset samples.  

 Number of samples remaining after applying: 

Dataset split Grid sampling No-data filter Land filter Morph. filter 

Training 6,922,000 1,288,321 968,977 45,063 

Validation 549,040 351,414 224,522 18,800 

 

3.2.1.1 No-Data and Land Filters 

    Areas of no-data pixel values pose a problem in the process of making full use of the dataset. 

When the source Sentinel-1 images were preprocessed for the xView3-SAR dataset, a reprojection 

step introduced no-data regions around the borders of the image. When creating a variation of the 

dataset by dividing up each image into smaller resolution images, areas of no-data can take up a 

significant portion of the new, smaller image. These areas are not informative to a detection 

algorithm and even reduce performance as areas of no-data will be expected when applied to new 

data. The no-data filter rejects a chip if the number of no-data pixels (indicated by an intensity value 

of -32768) exceeds 10% of the chip area. 

Image chips of littorial regions contain valuable background context and negative examples such 

as rocks and islets, as well as human infrastructure such as docks, cranes, and other objects 

resembling ships. However, large expanses of land offer diminishing value to models for maritime 

use. We created landmasks using shoreline polygons from the OpenStreetMap project [34], an open-

source project that maintains an up-to-date map of the world including land masses and bodies of 

water. We configured the land filter to reject a chip if the number of land pixels exceeds 50% of the 

chip area. 

3.2.1.2 Morphological Filter 

After reducing the number of images for consideration by the no-data and landmask filters, images 

with large areas of water remained. However, not every image is useful as most contain no objects of 

interest. To filter out these empty images, we employ a morphological-based filter. 

Figure 3 illustrates the implementation of the morphological filter. First, we created a binary image 

by thresholding the VH polarimetric channel by a fixed value that will make sure all objects of 

interest are kept in the binary image. This intensity value was found by sampling multiple objects of 

interest as they all had similar reflectivity. After creating this binary image, we applied 

morphological opening to remove any objects too small to be of interest while retaining the size of 

the original thresholded objects. Next, we applied convolution with a 3×3 kernel of ones to identify 

objects that were large enough to be maritime objects or land features. If the resulting binary mask 

image did not contain any true-valued pixels, the chip is rejected. 
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Figure 3. Flow chart of morphological filter. 

3.2.2 Input Representation 

Images from xView3-SAR are Sentinel-1 ground range detected (GRD) data products consisting 

of dual-polarization VV (co-polarized vertical transmit, vertical receive) and VH (cross-polarized 

vertical transmit, horizontal receive) polarimetric rasters. The preprocessing steps described in [17] 

yield backscatter pixel values in logarithmic scale (decibels). 

In this work, we extract features from the xView3-SAR target dataset using models trained from 

three different source datasets. Two models were trained on RGB color images, and the third model 

was trained on dual-polarization Sentinel-1 images. Since xView3-SAR images are two-channel 

(dual-polarization), to extract features using models configured for three-channel color images we 

created RGB color composite images from the VV and VH channels as described in Table 2 (see 

Figure 2 for a visual example). 

Table 2. xView3-SAR color composite details.  

Color channel Source raster Mean 
Standard 
deviation 

Red VV -15 dB 10 dB 

Green VH -23 dB 11 dB 

Blue VV-VH -2 dB 15 dB 

We used log-scale normalization parameters from [36]. 

 

3.3 REPRESENTATION LEARNING 

We used ResNet-50 [29] models with three different sets of weights to extract feature vectors for 

each image chip. Features are taken from the output of the penultimate layer of the network 

immediately preceding the classification head. The three sets of weights for the ResNet-50 networks 

were learned from three different image datasets: ImageNet-1K [18], SSL4EO-S12 [16] Sentinel-2, 

and SSL4EO-S12 Sentinel-1. These source datasets represent varying levels of domain mismatch in 
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terms of sensor type, sensor perspective, and scene background environment. Table 3 summarizes the 

key differences between the source datasets and the xView3-SAR target dataset. 

Table 3. Source and target image dataset differences.  

Dataset Sensor type 
Sensor 

perspective 
Scene  

environment 

ImageNet-1K [18] digital cameras varies varies 

SSL4EO-S12 [16] Sentinel-2 multispectral EO overhead terrestrial 

SSL4EO-S12 [16] Sentinel-1  SAR overhead terrestrial 

xView3-SAR [17] SAR overhead maritime 

 

The ImageNet-1K model was trained using fully supervised learning on the ILSVRC 2012 

(ImageNet-1K) dataset. ImageNet-1K is an image classification dataset containing 1,281,167 digital 

camera images of 1,000 classes of objects in everyday contexts. The model training procedure 

follows the protocol detailed in [37]. 

The remaining two models were trained using self-supervised learning on the SSL4EO-S12 

dataset, a multimodal multitemporal satellite image dataset for unsupervised and self-supervised 

learning from remote sensing imagery. This dataset contains 2640×2640 meter patches from 251,079 

global locations at four seasonally varying times from Sentinel-1 [35] SAR and Sentinel-2 [38] 

multispectral electro-optical (EO) satellite-based sensors. For this work, we were interested in self-

supervised models pretrained using the MoCo [26] contrastive learning framework on RGB data 

from B4 (red), B3 (green), and B2 (blue) bands of Sentinel-2 patches and VV and VH polarimetric 

bands of Sentinel-1 patches. 

Figure 4 shows example images from the ImageNet-1K and SSL4EO-S12 source datasets and the 

xView3-SAR target dataset. 
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ImageNet-1K [18] 

    

SSL4EO-S12 [16] 
Sentinel-2 (EO) 

    

SSL4EO-S12 [16] 
Sentinel-1 (SAR) 

    

xView3-SAR [17] 

    

Figure 4. Example images from the ImageNet-1K and SSL4EO-S12 datasets used to train ResNet-
50 models to extract features from xView3-SAR images.  

 

3.4 ACTIVE LEARNING AS CLUSTER SAMPLING 

ProbCover [1] is a sampling method that uses the geometry of the data representation for selecting 

the most meaningful samples. Given a set of feature vectors representing the unlabeled set 𝑋𝑈 and a 

budget size 𝐵, ProbCover seeks to maximize coverage of the points in feature space, constrained by a 

fixed ball radius 𝛿 for each of 𝐵 balls. Images corresponding to the central point of each ball are 

selected for labeling and training the task model. 

  



 

8 

4. EXPERIMENTS 

4.1 EXPERIMENT CONFIGURATION 

4.1.1 Feature Extraction 

The ResNet-50 models for the ImageNet-1K and SSL4EO-S12 datasets were pretrained using the 

protocols described in [18] and [16] respectively. 

We prepared the input representations of the xView3-SAR images according to the procedure 

described in section 3.2.2. We extracted features from the final bottleneck layer of the ResNet-50 

models immediately before the classification head. For ResNet-50, this feature vector is 2,048-

dimensional. On a single NVIDIA A100 GPU, it takes approximately 7 minutes to extract features 

from all 45,063 chips in the unlabeled set. 

4.1.2 Active Learning 

Due to scale differences in the extracted feature vectors, we varied the covering ball radius 𝛿 for 

the ProbCover algorithm across the three source datasets. We used 𝛿 = 5, 10, and 300 for ImageNet-

V1, SSL4EO-S12 Sentinel-2, and SSL4EO-S12 Sentinel-1 datasets respectively. Selecting the top-16 

image chips from the 45,063 chips in the unlabeled set took approximately 30 seconds. 

 

 

    

    

    

    

Figure 5. (left) t-SNE projected features extracted from xView3 training samples using the ImageNet-
1K V2 model and (right) top-16 images selected.  

 

4.2 RESULTS ON XVIEW3-SAR 

Figures 5 through 7 (left side) illustrate the grouping of images in projected feature space. We used 

t-distributed stochastic neighbor embedding (t-SNE) [30] to project the 2,048-dimensional points to 
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two-dimensional space for visualization. Figures 5 through 7 (right side) show the top-16 image 

chips selected by the ProbCover algorithm given the features extracted by the corresponding model. 

For ImageNet-1K extracted features (Figure 5), the data points are grouped into one large cluster 

and a few smaller clusters. The relative lack of visual diversity between the selected chips suggests 

that features learned from common digital camera photos may not effectively discriminate between 

xView3-SAR image chips to select representative examples. 

 

 

    

    

    

    

Figure 6. (left) t-SNE projected features extracted from xView3 training samples using the SSL4EO-
S12 Sentinel-2 model and (right) top-16 images selected.  

We observed significantly more distinct clusters for SSL4EO-S12 Sentinel-2 extracted features 

(Figure 6), suggesting that useful features transfer from electro-optical to SAR modalities. The two 

sensors have similar spatial resolution and look angles which encourage scale consistency of 

features. Selected chips capture a wide range of background appearance variations which we predict 

will encourage the task object detection model to learn foreground-background discrimination more 

quickly. 
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Figure 7. (left) t-SNE projected features extracted from xView3 training samples using the SSL4EO-
S12 Sentinel-1 model and (right) top-16 images selected.  

Features extracted from the SSL4EO-S12 Sentinel-1 model (Figure 7) are split into many small but 

distinct clusters, much more than the previous two models. This enables the AL algorithm to choose 

chips that represent a wide range of inter- and intra-class maritime object and background variations. 

However, the top-16 examples do not appear as visually distinct as those from the SSL4EO-S12 

Sentinel-2 model. For future quantitative studies, we intend to look at a larger sample of selected 

chips and compare our visual qualitative assessments to performance metrics on the task model. 
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6. DISCUSSION AND CONCLUSION 

In this paper, we compared the quality of feature representations for low-budget active learning for 

SAR maritime domain applications. We visualized features learned by models trained on images 

with varying levels of domain mismatch to the target SAR maritime dataset. We also visually 

compared images chosen from feature space using the ProbCover AL algorithm. 

Our limited qualitative results support the hypothesis that using features learned from datasets from 

similar domains as the target dataset enable the AL algorithm to select more visually diverse images. 

We intend to supplement these preliminary qualitative results with further quantitative analysis to 

develop and impove low-budget AL algorithms for SAR computer vision. 

6.1 LIMITATIONS 

This work was a limited qualitative study of the effects of feature representations for low-budget 

SAR AL. The three models shared the same ResNet-50 architecture, but the training protocols 

differed substantially. The ImageNet-1K model was trained using fully supervised learning with 

labels and a standard cross-entropy loss, whereas the SSL4EO-S12 models were trained using the 

MoCo self-supervised learning framework. The small AL budget of only 16 images should be 

increased for more thorough visual comparison in the future. Nonetheless, the initial results presented 

in this technical document suggest future quantitative assessment and development of algorithms 

tailored to SAR datasets and models. 

6.2 FUTURE WORK 

We intend to develop pretext tasks designed with SAR and satellite imagery characteristics in 

mind so that we can apply SSL directly to SAR maritime imagery datasets and learn features relevant 

to this domain. We plan to test ProbCover and other cluster sampling based AL algorithms on these 

features so we can fully evaluate the utility of low-budget AL for SAR maritime computer vision 

applications. 
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models. However, until recently, the most successful active learning algorithms have required a large initial labeled set to work 

properly. This makes them impractical for labor-intensive labeling tasks such as object detection and modalities such as synthetic 

aperture radar (SAR). Improvements in extracting useful intrinsic features from unlabeled data through self-supervised learning 

have reduced the need for large amounts of labeled data. As a result, AL can focus on selecting a smaller subset of the best data 
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can lead to the selection of diverse samples. 
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