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Abstract

Automated object detectors on Unmanned Aerial Vehi-

cles (UAVs) are increasingly employed for a wide range

of tasks. However, to be accurate in their specific task

they need expensive ground truth in the form of bounding

boxes or positional information. Weakly-Supervised Ob-

ject Detection (WSOD) overcomes this hindrance by local-

izing objects with only image-level labels that are faster and

cheaper to obtain, but is not on par with fully-supervised

models in terms of performance. In this study we propose

to combine both approaches in a model that is principally

apt for WSOD, but receives full position ground truth for

a small number of images. Experiments show that with

just 1% of densely annotated images, but simple image-

level counts as remaining ground truth, we effectively match

the performance of fully-supervised models on a challeng-

ing dataset with scarcely occurring wildlife on UAV images

from the African savanna. As a result, with a very limited

amount of precise annotations our model can be trained

with ground truth that is orders of magnitude cheaper and

faster to obtain while still providing the same detection per-

formance.

1. Introduction

Object detection in images from Unmanned Aerial Vehi-

cles (UAVs) recently experienced an uprising interest in the

computer vision community [6, 7, 3, 18, 2]. Applications

are manifold and range from security and safety [12] to an-

imal conservation [1, 6]. Thanks to research advancements

like Convolutional Neural Networks (CNNs) [16], auto-

mated detectors have shown significant increase in posi-

tional and classification accuracy of objects [24, 10, 22, 23].

Traditionally, object detectors are fully-supervised,

which implies that the class, location in the image and di-

mensions of every object of interest is known during train-

ing. This high level of supervision leads to superior model

performances, but comes at a substantial annotation cost: it

13 "yes"
2024.820685   1419.105765

2473.783816   1414.264317

3019.898535   1016.943270

3292.633121   1206.727815

3375.583174   1196.722166

> >

Figure 1: Large-scale UAV datasets pose substantial label-

ing efforts if bounding boxes or object coordinates (bottom

left) are required. Our model reduces this tedium by re-

sorting to inexpensive, image-level object counts (bottom

middle) or simple object presence/absence (bottom right)

for the most part, and requiring positions only for a handful

of images.

requires precise bounding boxes to be drawn, and class la-

bels to be given, to many objects in hundreds or thousands

of images (as in Figure 1). This becomes especially tedious

for datasets that contain large numbers of objects per im-

age, such as crowd surveillance imagery [33], as well as

cases where objects of interest are a rare sight. UAV images

bear particularly high implications for ground truth cost and

quality in this respect [18].

A promising direction to ease label complexity is

Weakly-Supervised Object Detection (WSOD), where a

model is only given image-level labels, but aims at local-

izing objects in the image nonetheless [5]. This concept is

also related to density estimation [33] in that in both cases

no bounding boxes or object positions are provided as a

ground truth. Such models require much simpler and there-



Figure 2: Overview of our proposed model. The detector predicts object locations via a heatmap and receives weak supervi-
sion, either through object counts or presence/absence of objects as a ground truth. In a small fraction of cases (e.g. 1%), we
train on the full, positional ground truth to improve performances.

fore cheaper annotations, such as image-level labels in the
WSOD case, and counts (number of class instance occur-
rences) in density estimation. Consider Figure1: drawing
bounding boxes for all objects in the UAV images would
be tedious and hence expensive, especially when thousands
of such images need to be labeled. In turn, providing ob-
ject count estimates or even just the presence or absence
of objects for the entire images can be done with just one
interaction per image. The downside to WSOD models is
typically a loss in accuracy: such models tend to miss small
objects [19] or combine multiple close-by instances of the
same class into one [8]. Count-based models need to be
trained with a suf�cient number and variation of objects per
image, sometimes including images that contain no object
at all, and they risk to focus on the wrong kind of object if
two classes appear in similar numbers in the imagery, a sce-
nario not unlikely in UAV images. For example, one may be
interested in the number of cars in a top-down view image,
but the detector could get confused due to similar numbers
of motorcycles.

In this paper we propose to overcome these issues by
combining the merits of both fully- and weakly-supervised
detectors in a hybrid approach, as shown in Figure2. In de-
tail, we train a WSOD model with weak supervision (object
count or binary presence/absence of objects) and then com-
plement it with a small fraction of images where a full, po-
sitional ground truth is available. The intuition behind this
is that few precise ground truth maps are comparably inex-
pensive to obtain, but suf�cient for the model to focus on
the object class of interest, so that predictions become more
precise and ambiguities are reduced. We evaluate our mod-
els on a challenging UAV-derived dataset and show that,
even with completely weak supervision, object localization
is possible to a high accuracy, but that adding just 1% of

full positional ground truth can match the performance of a
model that has pro�ted from 100% full supervision.

The rest of this paper is organized as follows: Section2
addresses related work on the main topics; Section3 ex-
plains the method in detail. Experiments are outlined in
Section4, results of which are discussed in Section5. Fi-
nally, Section6 concludes the work and outlines potential
future research on the topic.

2. Related Work

2.1. Object counting

Object counting models recently gained a lot of attrac-
tion in the computer vision community [17, 13, 31, 34].
They generally fall into one of three categories:detection-
basedmodels [24, 22, 23, 9] �rst localize objects of a kind
in an image and then simply return the number of detec-
tion. These models provide explicit localizations, but thus
require large numbers of expensive bounding boxes. Also,
they can be strongly affected by cases of occlusions and
pose variations, since each object instance is handled as
a binary contribution to the total count.Regression-based
models [28, 27] directly predict an estimated number of ob-
jects from the image. They forgo expensive ground truth,
but may struggle whenever they have to do extrapolation
(i.e., predicting more or less objects than seen in the train-
ing set) and cannot easily provide object positions. Finally,
density-basedmodels [13, 35] predict a spatial heatmap of
localizations whose sum corresponds to the expected num-
ber of objects. These models basically combine the advan-
tages of both detection- and regression-based approaches in
that they only need count estimations but still yield a spa-
tial prediction. If successful, these models can therefore be
seen as a variant of WSOD, which is discussed below.
















