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Abstract—In the field of aerial and satellite remote sensing, the
widespread adoption of deep learning brings new possibilities.
Current approaches, however, often overlook the unique charac-
teristics of aerial data. This study introduces a methodology that
capitalizes on distinctive features, leveraging additional annota-
tions for enhanced neural network training. Despite modest gains
in classification accuracy, the synergy of enhanced explainability,
automated segmentation, and targeted classification demonstrates
nuanced improvements. Preliminary results showcase potential
applications in land cover mapping. This work can be extented
towards reducing dependency on labor-intensive human annota-
tions through an iterative annotation and training loop.

Index Terms—Deep Learning, Aerial Imagery, Remote Sens-
ing, Classification

I. INTRODUCTION

In the recent years, the proliferation of deep learning
methods into the field of aerial imagery and satellite-based
remote sensing has provided practitioners new tools in land
cover and land use mapping, crop and hazards monitoring,
land-cover change detection, as well as opened possibilities
for novel applications like super-resolution [1]–[5]. While
the application of deep learning in this domain is becoming
more common [6], the current approaches to deep learning,
particularly in classification and segmentation of aerial and
satellite images still use conventional image classification
approaches designed for natural images.

The conventional approaches do not take in account some
of the distinctive characteristics inherent to aerial imagery
data, namely the predominantly overhead and (almost) ortho-
rectified views, and the availability of additional annotations
such as the cover-type polygons provided by geo-spatial au-
thorities. In this research, we propose methodology that har-
nesses the power of these additional annotations for improved
neural network training, and demonstrate the potential of
leveraging on the stronger supervision to improve explanation
quality and classification accuracy.
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Fig. 1. Example of the types of image masking used.

Additionally, work by [7] shows that there is a symbiotic
relationship between explanation quality and the overall clas-
sification accuracy. In this work, we extend this concept by
providing preliminary results on how the improved explana-
tions can be used as seed points for automated segmentation
techniques such as Segment Anything Model (SAM) [8] and
samgeo [9] to improve on manual segmentation.

II. DATASETS

For developing and testing the proposed framework, we em-
ploy two different datasets. The first dataset contains images
for Kahikatea (an indigenous tree in New Zealand) classifica-
tion [10]. The task is constructed as a binary classification task,
with positive class denoted as kahikatea trees present in the
image, and negative as kahikatea trees not present in the image.
The positive examples are annotated with the segmentation
explanations provided by expert annotators.

The second dataset we use is the Land Cover Database
(LCDB) and Waikato Regional Aerial Photography paired
imagery for the Waikato region taken in 2019 [11], [12]. In
this dataset, the polygons for a particular land cover type were



extracted from LCDB and the accompanying aerial images
from the Waikato Regional Aerial Photography database to
create the explanations. LCDB has 33 different land cover
types, which were grouped into 7 super classes [13].

III. METHODS

In this work, we use ResNet18 architecture which was
pretrained on the imagenet dataset [14] to develop the classi-
fication models. The two datasets discussed in section II were
used to train models and evaluate models separately. These
classification models are trained and validated in two sets. In
the first set, the models were trained on the raw images from
the dataset. This was used as the baseline. In the second set, an
ensemble of two models was created, where one model was the
one obtained in the first set and the second model was obtained
by fine-tuning the first model by masking the non-relevant land
cover type from images in the dataset. To create the masked
images, the image explanation was taken and the background
was replaced by either a white mask, black mask, a median
mask of the imagenet dataset (as the ResNet used was pre-
trained on imagenet), or with a gaussian blur mask added on
the original background in that image. Examples of this type
of image masking are shown in Fig. 1. The cross-entropy loss
was used to train both the classification models. The model
trained on raw images focuses on achieving high classification
accuracy by minimizing the cross-entropy loss between the
predicted and actual labels. In contrast, the second model is
trained to teach the model focus on the area of interest through
the use of masked images. To compute ensemble predictions,
the logits outputted by the two models are combined using the
formula L = αLraw + (1 − α)Lmasked, where α ∈ [0, 1], Lraw
and Lmasked are the vectors of logits from the models trained on
raw images and masked images respectively. We evaluate the
performance of the models based on the classification accuracy
on the raw images in the test set.

IV. RESULTS

Table I shows the classification accuracies obtained on both
datasets tested in this work. For each dataset, the classification
accuracy for all the image sets (raw images and four types of
masked images) is presented. It can be noticed that the ensem-
ble models perform better than the baseline (α = 1.0) in case
of the Kahikatea dataset, showing a ∼ 5% increase, but in case
of the aerial photography dataset, the ensemble of the models
performs similarly to the baseline (see Table I). Furthermore,
for a mixing ratio of α = 0.9, the ensemble models have
similar or better classification accuracy performance than the
baseline. Further research is needed to identify the main reason
for this observation.

V. DISCUSSION AND CONCLUSION

We observed that using ensemble methods that utilize mod-
els trained using raw images and masked images, improves
the accuracy of the classification. Moreover, we also observed
improvements in the model explainability as measured by the
Jaccard similarity between the Grad-CAM explainations [15]

TABLE I
CLASSIFICATION ACCURACY FOR THE TWO DATASETS AND FIVE

DIFFERENT TYPES OF IMAGE INPUTS USED FOR TRAINING THE MODELS.
ALL THE ACCURACIES ARE IN %S.

Dataset ααα Blur White Median Black

Kahikatea
0.8 76.53 73.34 73.43 74.23
0.9 78.31 78.69 82.14 78.95

Baseline 76.91

Aerial
0.8 72.63 72.42 72.62 72.83
0.9 73.07 73.12 73.19 73.22

Baseline 73.12

Fig. 2. Examples of improved segmentation masks through automatic
segmentations using Grad-CAM explanations as seed points for SAM.

to the ground truth segmentation masks (not included here due
to space constraints).

It is instructive to consider whether we can potentially
leverage segmentations provided by SAM by using the coordi-
nates of the top Grad-CAM explanations from the explanation-
focused model as seed points for segmenting land cover types
using SAM. Fig. 2 shows some representative examples of
automated segmentation with the seed points denoted by the
green stars. Our preliminary results indicate that segmentations
generated by SAM through this method are visually more
consistent than the human-annotated polygons, especially on
the forests land cover types.

As we also found that by masking the irrelevant land cover
via a median mask (creating a targeted classification) can result
in a significant boost in classification accuracy, increasing
it from 76.91% to 82.14% on the Kahikatea dataset, this
indicates that further benefits may potentially be obtained by
employing an segmentation-aware approach for classification
of forest cover types that employs improved automated seg-
mentation instead of imprecise human annotations.

Currently, we are exploring an iterative annotation and
training loop. We propose that the results of the automated
segmentation presented in this work can be used to improve the
annotations of the land cover, and the improved annotation can
then be used to train the model. Ultimately, we propose that
this approach would improve the quality of the classification
models and annotations, and potentially reduce the need for
laborious human annotations.
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