
Transparent Assessment of Automated Human Detection in
Aerial Images via Explainable AI

Sara Narteni ∗, Maurizio Mongelli ∗

Italian National Research Council - Institute of Electronics, Information Engineering and Telecommunications
(CNR-IEIIT), Genoa, 16152, Italy

Joachim Rüter†, Christoph Torens†, Umut Durak †

German Aerospace Center (DLR) - Institute of Flight Systems, Brunswick, 38108, Germany

The widespread adoption of Artificial Intelligence (AI)-based software technologies support-
ing Unmanned Aircraft Systems (UASs) demands new validation methods to ensure that these
systems operate safely and reliably. This paper investigates the role of eXplainable AI (XAI)
and, in particular, of rule-based models in monitoring the performance of a deep learning-based
human detector from aerial images. Starting from several image attributes extracted from
the images and information about the performance of the detection model, decision rules are
extracted to map the image attributes onto the performance quality. Besides shedding light on
the logic of the humans detection successes and failures, these rules can serve as a performance
monitor at runtime, by triggering alerts in case input images do not satisfy them. The obtained
rules have been adopted to filter out inputs associated with bad performance, showing improved
precision and recall with respect to the original model, thus opening the road to promising
future developments.

I. Introduction
Thanks to the fast-paced rising of sensor technologies and Artificial Intelligence (AI), Unmanned Aircraft Systems

(UAS) are finding application in several fields, including urban traffic management[1], environmental monitoring [2],
video surveillance [3], smart agriculture [4] and many others [5]. One of the most investigated tasks is object detection,
which leverages the boosting of advanced AI algorithms and infrastructures, and in particular of Deep Neural Networks
(DNN), to come up with models characterized by very high-performance capabilities and relatively low computational
costs [6].

While being a key enabler for UAS, AI also brings up new fundamental challenges, residing in its verification
and validation, ensuring that the autonomous decisions made by the AI models do not cause harm to humans or
damage to the surrounding environment. The AI safety assurance problem is indeed part of a wider, multi-faceted, and
multi-disciplinary paradigm, being referred to as Trustworthy AI (TAI), and recently governed by institutions such as the
European Commission Ethics Guidelines [7] or most recent regulations (see, e.g., the EU AI Act [8]). Focusing on
avionics, field regulations also arise in the community such as the European Union Aviation Safety Agency (EASA)
[9–11] and others [12].

Such certification processes pose many challenges, especially when humans are involved, e.g., in emergency medicine
scenarios [13], search and rescue [14] or dropping goods, since failures of AI-guided detection systems might result in
severe harms to people. Despite reaching promising results, DNN-based human detection models have a black-box
nature, preventing the possibility of understanding why the model generated its outcomes and, subsequently, analyzing
the reasons for correct results and failures. In this context, and in compliance with TAI principle of transparency, the
branch of eXplainable AI (XAI) comes to help, offering a set of techniques to either design intrinsically interpretable
models or to provide explanations to black-boxes [15].

A. Contribution
In an attempt to address these issues, this paper investigates the innovative use of rule-based classifiers as a

transparent validation tool of a deep learning (DL) model for human detection in aerial images. More specifically, the
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objective is to obtain a set of interpretable if-then rules characterizing the space of image features associated with a
good or bad performance of that model.

Besides shedding light on the logic of the human detection successes and failures, these rules can then serve as a
performance monitor at runtime, by triggering alerts in case input images do not satisfy them. This can help identify
corner cases of human detection, where the performance of the model is no longer guaranteed. For example, see Figure
1, where unusual light conditions like darkening hinder a correct model performance.

(a) Image from HERIDAL dataset with correct human detection (b) Darkened and noisy version of the same image: the person on the
left is not detected

Fig. 1 Examples of an image from HERIDAL dataset [16], where the AI performs well (left) or fails (right).
Green boxes symbolize ground truth, magenta boxes symbolize predictions

The overall idea of our approach is shown in Figure 2. The green arrow highlights the main concept of this paper,
that is, combining well-established methodologies from object detection and XAI, and making them collaborative, in the
sense that the latter can serve as a monitoring and improvement tool for the first. When dealing with high-dimensional
data like images, however, it is not trivial to individuate a representative set of features with good discriminant ability
between classes. Therefore, we started working on the feature extraction and selection phase and individuated a set of
variables useful to train a rule-based classifier that has satisfying performance. This is our starting point, and the next
investigations will be devoted to verifying the viability of the proposed approach. In the following, we describe the
use case of reference, the main methodological aspects of rule-based classification, some preliminary results, and the
challenges we will be trying to address through further experimentation.

II. Related Work
Over the last years, using DL-based methods to improve the perception capabilities of UASs received more and

more attention [3, 17, 18]. A problem arises as the current aviation certification processes cannot be directly applied to
the data-driven learning processes of DL. Regulatory bodies like the EASA and the Federal Aviation Authority (FAA)
have recognized this problem and are actively investigating new certification avenues [10, 11, 19, 20].

As a result, some of the new objectives in the EASA guidelines require some form of monitoring for the inputs
of the machine learning component. Originally coming from the automotive domain [21–23], in this context EASA
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Fig. 2 Flowchart of the proposed idea. A deep learning-based human detection model is applied to images
recorded from a UAS. Image properties extracted from the images, combined with information on good or bad
detection performance, are fed to a XAI classifier, generating a set of rules for monitoring

introduced the concept of operational design the main (ODD). The idea of the ODD is to define "Operating conditions
under which a given AI/ML constituent is specifically designed to function as intended" [11]. Such operating conditions
can be: time of day of the operation, weather, illumination, or brightness of an image [24]. The idea of the ODD is
to ensure that all input images are inside of the allowed range of the operating conditions in that the AI constituent
is specified to work correctly. However, the characterization of the ODD can be quite complex [25]. The upcoming
process standards EUROCAE ED 324 / SAE ARP 6983 will give more guidance on the development and certification of
AI. A partially compliant concept is shown in [26], e.g. detailing ODD definition and and data design.

Furthermore, there is the concept of Out-of-Distribution (OOD) for input images of machine learning models. The
idea is again to ensure inputs, but looking at the distributions of specific parameters for the training data [27, 28]. For
example, such a parameter could be the brightness of the image or the altitude of the UAS [29]. Then, the distribution of
the brightness of training images is analyzed and new input is compared to this distribution. Still, there are arguments
that, even looking at the distributions of parameters, is not sufficient for input monitoring [30].

Another approach to improve the trustworthiness of DL systems is using XAI techniques [31, 32]. XAI literature
is commonly categorized into two broad ways of performing explainability: on the one hand, post-hoc techniques
[33] provide some form of interpretation (e.g., via rules, feature importance plots, saliency maps, etc.) to black-box
predictions; on the other hand, interpretable-by-design techniques aim at training fully transparent models [15, 34].

III. Use case definition

A. Dataset
In this work, we consider a dataset D = {(x8 � 18) |8 = 1� � � � � #} composed of # = 1924 annotated images x8 each

containing "8 bounding boxes 18 = {(G8 9 � H8 9 � F8 9 � �8 9 ) | 9 = 1� � � � � "8} of humans. As a basis, the publicly available
PeopleOnGrass dataset [35] is used. It contains images of humans on mostly grassy areas taken from various angles and
altitudes. We subsample the dataset to contain images of humans taken at altitudes between 4 and 70 m similar to [29].
Furthermore, we center-crop the images to be of size 2160x2160 pixels and resize them to 1080x1080 pixels to reduce
the computational load of the object detection model. Samples of images from the dataset are shown in Figure 3.

3




	Introduction
	Contribution

	Related Work
	Use case definition
	Dataset
	Human detection model
	Classification problem definition

	Rule-based classification
	Notation
	Logic Learning Machine
	Rule evaluation
	Class label assignment

	Results
	Feature Selection
	Obtained Rules
	Human detection after rules application

	Conclusions and Future Work

