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Abstract. In this paper, we employ anomaly detection methods to
enhance the ability of object detectors by using the context of their
detections. This has numerous potential applications from boosting the
performance of standard object detectors, to the preliminary validation
of annotation quality, and even for robotic exploration and object search.
We build our method on autoencoder networks for detecting anomalies,
where we do not try to filter incoming data based on anomality score
as is usual, but instead, we focus on the individual features of the data
representing an actual scene. We show that one can teach autoencoders
about the contextual relationship of objects in images, i.e. the likeli-
hood of co-detecting classes in the same scene. This can then be used
to identify detections that do and do not fit with the rest of the cur-
rent observations in the scene. We show that the use of this information
yields better results than using traditional thresholding when deciding
if weaker detections are actually classed as observed or not. The experi-
ments performed not only show that our method significantly improves
the performance of CNN object detectors, but that it can be used as an
efficient tool to discover incorrectly-annotated images.

Keywords: Anomaly detection · Object detection · Context-aware
neural networks · Explainable neural networks · Autoencoders

1 Introduction

The development of deep-learning (DL)—as a subset of the machine learning
field (ML)—in the last few years has brought great advances in the field of
artificial intelligence (AI), and with it the spread of such deep neural networks
into life-critical domains. That places a great deal of pressure onto the reliability,
efficiency, and also on the careful preparation of datasets for a large number of
individual applications. Moreover, these requirements are even stronger when the
implementation is deployed in systems which interact with the physical world,
since they can cause injuries to people around them as well as cause damage to
property and the robot itself.
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We believe that addressing the problem of contextual understanding can be
useful when considering the above-stated concerns when dealing with percep-
tion. A system capable of taking into account context can often be much more
effective in its tasks. This has some biological foundations, with strong evidence
implying that humans similarly depend on this kind of contextual reasoning
when performing tasks such as object recognition[3]. Greater reliability comes
with greater accuracy, but it is also connected to context modelling by research
[9,11], and also with the explainability of decisions that the system makes.

The complexity of deep neural networks has meant that the question of
explainability is still open to research, but explainable context modelling would
necessarily help the system to present its decisions in a human understandable
way. In this paper, we present the idea that an important part of context mod-
elling is the ability to spot anomalies, which is a well studied problem, and deep
learning has been applied to it in the past [32].

Apart from not being able to reason about the decisions of the employed
system, the training of large deep architectures is tedious and time-consuming.
This is mainly because of the preparation required for the diversity, relevance
and size of the training datasets, and most importantly, the quality of their
annotation. We show that the use of anomaly detection addresses both of the
aforementioned problems: it can spot potential detection errors of the networks,
as well as identify incorrectly annotated images. If the system is able of spotting
anomalies in the incoming data, it can flag wrongly annotated data in auto-
matic dataset annotations, which then puts less pressure on human annotators
or people that manually check the results. Even datasets completely annotated
by humans are prone to errors, so double-checking of suspicious results can be
useful as well. Better datasets inevitably lead to better models, and possibly to
positive impacts on the length of the learning process, which can lead to money-
saving due to the high energy consumption of datacenters used for the training
of such huge models.

The ability to detect potential mistakes in one’s output is a necessary pre-
cursor to automatically correcting one’s mistakes, which, in turn, leads to higher
accuracy and efficiency in the task performed. In another scenario, we might
assume that our detection systems output is reliable, and the knowledge of
anomalous outputs can be used for different tasks like robotic spatial or spatio-
temporal exploration as indicated in [24,25]. Here, a high anomaly score indicates
the possibility of object presence at a given location even if it is not currently vis-
ible, or can indicate that the detected object is at an unusual location. The work
presented at [25] shows that the ability to detect these situations can be used to
trigger robot’s exploratory behaviours, which results in efficient spatio-temporal
exploration [25].

This is in contrast to other currently existing DL-based models, which incor-
porate context modelling into their object detecting architectures, like [15]. Our
approach is based on two standalone methods, one of which detects objects and
the other is handling the context modelling through anomaly detection. This
brings not only advantages in terms of being able to reason about the decisions



Boosting Accuracy of Object Detection with Anomaly Detection 161

of such a combined model, but also minimal overhead to the training and deploy-
ment of the context-aware detection system.

Our method for anomaly detection builds upon existing research of using
autoencoders for this task. We present a proof-of-concept for how these could be
used as an extension of existing capabilities of state-of-the-art neural network
models for object detection. In our experiments, we look at how the autoen-
coder can be attached to the output of the YOLOv3 object detection neural
network [21]. Unlike the anomaly detection methods [1,22,33], who focus solely
on the ability to detect anomalous images, our method is designed to indicate
which actual feature causes the anomaly. We also provide a link to a reposi-
tory containing all the code used for reproduction of the described methods and
experiments [13].

To test the abilities of our method, we perform two experiments for find-
ing positive anomalies, that is objects that are present but anomalous in the
context, and negative anomalies, i.e. objects that are expected to be present
but are not. These experiments are performed over annotations present in the
Microsoft COCO dataset [18], and they resulted in flagging up several poten-
tially wrong annotations, such as those shown in Fig. 1. Finally, we combine
our method for anomaly detection with the YOLOv3 network and test its accu-
racy against the standalone YOLOv3, with our system determining whether low
probability detections should be boosted up in confidence given the context of
the surrounding detections. This experiment is based on comparing the men-
tioned methods by their accuracy on images in Microsoft COCO dataset, and
we take the included annotations as ground truth.

2 Related Work

During the last few years, there has been much research conducted in the field of
deep learning, particularly for the task of computer vision, making it impossible
to cover the entire field in a short paper. In this section, we focus on two main
topics relevant to this work—object detection networks and autoencoders with
their use for anomaly detection.

2.1 Object Detection

Computer vision has advanced rapidly in the last decades due to the intro-
duction of deep-learning into the field. Starting with AlexNet in 2012 [17], the
progress quickly lead to the introduction of the exponentially bigger VGG archi-
tecture [27], GoogLeNet [28], and ResNet [14] networks. Once whole image clas-
sification was achieved, research efforts focused at the task of multiple object
detection and localisation, such as You Only Look Once (YOLO) [21].

Of course, the task of training these ever-growing networks with more and
more training parameters placed a huge requirement for an ever greater number
of training examples. With this, a number of public image datasets were made
available, providing annotations for many millions of images [8].
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Fig. 1. Our system can be used for the cleaning or correcting of DL/ML image
datasets, by flagging unlikely objects. This Figure presents a selection of images from
the Microsoft COCO dataset [18] with objects that our system identified as being
anomalous given the context of the other objects detected. In the top-left the presence
of a surfboard on the wall given that it is surrounded by kitchen objects was flagged
to be anomalous. On the right, we have an image from the output of the YOLO neural
network, where a horse was detected (without the understanding of it being a painting)
when all the rest of the objects are typically found indoors, and according to the con-
text, this was strange. Finally, in the bottom left, we have the annotations provided by
the COCO dataset. Our system suggested both that a bicycle annotated outside the
window was strange given the indoors nature of the rest of the image, and that there
should probably be some chairs in this scene, where instead it was annotated using a
sofa.

These datasets have powered the training of these huge networks, but it is
not without its problems. Annotating datasets using object detection networks,
trained from other datasets, leads to the amplification of errors. Therefore, the
image datasets must be hand-annotated, and with the current architectures
datasets must be tailored for a specific domain, as for example the prior on
the distribution of objects in different environments can not be easily changed
for the already-trained network. A tragic example of how a wrong choice of prior
dataset distribution can cause a system failure is the Uber autonomous car fatal-
ity, where the dataset used to train the pedestrian detector was biased towards
humans at crosswalks [5].
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Even with software aimed at streamlining the task of annotating datasets [10],
the task is still intensely tedious, repetitive, and time-consuming. This inevitably
leads to errors creeping into the dataset, even when the annotations are also
checked by other humans. This can be in the form of inconsistent annotating
across different people, such as edge cases where different people label the object
as different classes, to whether they choose to annotate very small objects in the
background of an image or not. These errors are then manifested in the trained
networks that learn from bad data. They may then be then be biased to make
the same kind of mistake the annotators made, whether by rejecting a good
detection, or misclassifying.

Therefore tools that are better able to understand the images, for example,
that can look for bad annotations in a dataset are of immense importance. The
authors of [31] have shown that understanding beyond the individual parts
of an image, i.e. awareness of the global context, is highly beneficial. However,
the most popular state-of-the-art detectors, such as YOLO, do not make use of
this. Instead, they work by looking for regions of interest, and then classifying
them separately. Thus, there is no interplay between these classification results
within the same image. For human vision, context is a strong cue – people
can detect objects that are expected to be seen in a particular context even if
they are largely occluded, poorly illuminated or anomalously-shaped, see Fig. 1.
However, a context-unaware method might reject a detection simply because
poor illumination or occlusion causes the detection probability to fall below a
fixed threshold. As shown in [31] this has a potentially negative effect on the
overall accuracy.

In last few years there has been quite some research into how to incorpo-
rate context inherently into the architecture of these object detectors [2,6,15,
20,26,34]. All these new architectures present a unique approach to context
modelling ranging from applying spatial Recurrent Neural Networks (RNNs)
over the whole image [2] to modelling objects and relationships between them as
graphs [20]. The context is then learned from the training dataset together with
the object detection and further augments the learning process. We present a
simpler approach, which is easier to train. It presents minimal overhead to the
standard object detection pipelines, and its separation from the detection engine
results in the ability to indicate the cause of the anomaly, i.e. the result is explain-
able. In this paper, we will address how contextual information can be added to
traditional detectors through anomaly detection, and assess to what extent it is
or is not beneficial.

2.2 Autoencoders and Their Use for Anomaly Detection

One of the first efforts to use a network with a layer smaller than its input
(bottleneck) to learn compact representations of input data goes to 1991 [16].
This approach is based on creating a network capable of learning a mapping
for nonlinear component analysis, which reduces the dimensionality of presented
data while preserving their most significant features. The result is a general,
versatile method that learns a generalised representation of the inputs.
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It has been shown that two-layer bottleneck architectures are equivalent to
standard Principal Component Analysis (PCA) when trained with a squared
error loss criteria [4]. Nowadays applications of this architecture range from
denoising by extraction of important features from images [29] or recorded
speech [12] to anomaly detection through dimensionality reduction of general
data [23].

Autoencoders (AE), as they became known, are nowadays an interesting but
niche form of neural networks that can learn by themselves how to perform lossy
compression on the inputs, no matter the type of data they are given. During the
training phase, they would learn this compression-by-generalisation by training
through comparison of the network inputs against its outputs generated by the
hidden ‘bottleneck’ layer. When the network had been sufficiently trained, it
could be split in half at the bottleneck, with the first half becoming the encoder,
responsible for data compression, and the second half becoming the decoder, used
for recreating the original data from the encoded form. While being interesting
for learning how to encode any kind of data, ‘vanilla’ autoencoders did not reach
widespread use for a number of reasons; the compression ratio is poor, they
require time to learn for every data kind used, and the relationship between
datasets and the optimal configuration of the network is not obvious.

However, one of their popular applications is anomaly detection. For exam-
ple, [22] showed how the network architecture can be used for anomaly detection
in telemetry data. Furthermore, others [33,35] have extended the technique to
deep-autoencoders. Their research has shown how deep autoencoders can further
boost the performance of autoencoder anomaly detection by capturing the char-
acteristics of the underlying processes that generate the data. Another related
architecture is the variational autoencoder (VAE) [1], which looks at the use of
reconstruction probabilities rather than simply minimising loss.

The way these networks work is that essentially they learn a generalised
distribution of the data. Once trained, the inputs to the network can be compared
to its outputs to locate the parts of the input data that the network failed to
recreate. The inability to reproduce a particular input implies that its presence
in the training data is rare, i.e. that the input is anomalous.

In this paper, we will look at combining the problems of the context in deep
object detectors with the use of autoencoders to spot anomalies. We hypothesise
that through anomaly detection, the autoencoders can quantify the consistency
of scene context, which can then be used to detect wrong classifications as well
as to refine the output of the object detectors.

3 Method

This section concerns the use of autoencoders for anomaly detection itself. After
the problem definition, we describe the training process and the design choices
influencing the parameters used in the autoencoders.

The core idea we are elaborating upon is that the autoencoders are trained
to reproduce their inputs with a constrained intermediate representation, which
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forces them to model the underlying processes that generate the input data. We
argue that in the case of object detection, the underlying process that gener-
ates the visible classes relates to the scene context. We hypothesise that train-
ing dataset classes exhibit strong correlation in their occurence within similar
scenes represented by the individual images. Therefore, one would expect that
the images would often contain similar combinations of objects typical for com-
mon scenes, and that the autoencoders would be able to learn these frequent
combinations. Subsequently, the autoencoders should be able to learn if an object
is missing or redundant in an observed combination. To evaluate this hypothesis,
we utilise the Microsoft COCO dataset, which covers images of common objects
in their natural context [18].

3.1 Conventions

The following convention will be used for the rest of the method description:

1. Input vector—Given the architecture of simple linear autoencoders, their
input is a list of numbers which we call the input vector. We use each posi-
tion of this fixed-length vector to encode the presence of an object class. The
class-position map can be arbitrary, we use the ordering induced by COCO
dataset class ids.

2. Output vector—The output of the autoencoder is of the same dimension and
ordering as the input.

3. Annotation—The COCO dataset we used for both training and evaluation of
our method comes in the form of images and segmentation masks of annotated
objects visible in those images. For our purposes, we only use the class labels
attached to individual boxes, which we refer to as the annotation. We use the
term annotations to indicate the set of annotations present in one image, as
well as the set of all annotations present in a dataset grouped by the image
they belong to.

3.2 Design of Autoencoder

We created a model with one hidden layer fully connected to both the input and
output layers. The size of the hidden layer was a tested parameter with regards
to anomaly detection performance, and the size of the input-output layers was
equal to the number of dataset classes. To investigate the method properly we
tried several different sizes of the encoding layer, which effectively determines
the relationship between how simplified and therefore how generalised the inputs
become in the inner, encoded representation.

The autoencoders were trained to reproduce a set of input vectors, where
for every set of annotations A from the set of all sets of annotations the input
vector was created as

i[class] =

{
1 class ∈ A

0 otherwise.
(1)
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As the autoencoder size is linked to the number of classes in the output
vector of the object detector, it is extremely small in comparison to the object
detector. For example, when paired with YOLO using the COCO image dataset,
the autoencoder is comprised of an input layer of 80 neurons, then a hidden layer
of in the region of 10 neurons, then an output layer of 80 again. Therefore with
less than 200 neurons, the run-time performance is extremely fast on low-end
modern hardware, in the sub-millisecond range to perform inference on a GPU.

3.3 Anomaly Detection

For the task of detecting anomalies using such a trained network, multiple
approaches can be employed. The universal autoencoder-based anomaly detect-
ing methods usually use a certain measure of anomality of a data sample. This
measure is then computed for the data at hand, and based on its value the sam-
ple is either flagged as an anomaly or not. Such a measure can be the mean
squared sum of errors between the input and output vector—the reconstruction
error—or for example the reconstruction probability, employed by Variational
AutoEncoders (VAEs) [1]. The reason why we can’t adopt the same approach
is due to a different formalisation of the task. These methods usually consider
anomalies to be generated by a completely different process than the normal
data, so their use case is then to filter anomalous inputs out of the incoming
data stream.

In contrast, we know that all of our data was created by the same process
and it is only the context that makes part of the input vector anomalous or
not. We therefore emphasise the ability to detect anomalous components of the
input vector, which not only provide us with the information in the form of
an anomality score, but also allows for an explanation of the results. In certain
scenarios, it can enable us to correct mistakes in the data, if that is the expected
cause of anomalies.

The way we trained our autoencoders to reproduce vectors representing
object class presence in some plausible scene with limited resources, leads to
a behaviour where presence or absence of a given feature in the input vector
affects with varying strength all of the features of the output vector. In other
words when the context—the present features—strongly suggests the presence
of another, currently absent object, the output of the network will be higher for
that missing object. Furthermore, this also applies the other way round, when
the context disagrees with the presence of some object, its value will be lowered
in the output vector.

Although this gives us the general idea about how to read the output of the
AE, it is yet to be determined how large must be the difference between the value
for a given feature in the input and the output vector, so that it is reasonable to
flag the feature value as anomalous. We do not investigate this problem much as
we think it is a large problem worthy of its own investigation. Instead we limit
ourselves to consider only a static thresholding value, which we set accordingly
to the task at hand, as can be seen in the section about experiments.
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We consider something as an anomaly, if the output of the autoencoder for
this class differed from the input by more than 0.5.

4 Experiments

We designed a set of experiments to test the performance of our method in
several scenarios, corresponding to two of the presented potential applications—
the verification of potentialy false annotations and boosting of standard object
detection networks.

First of all, we test the ability of the network to detect anomalies—both
positive and negative. Then we present an experiment to prove the applicability
of our method to the problem of adding contextual awareness to deep-learning
object detectors to boost their performance.

One of the problems with quantifying anomalous objects in a scene is that
standard clusters of objects often seen together may only semi-regularly include
certain classes. For example, in a kitchen scene, the presence of cutlery is not
always expected as it may be tidied away and out of view. Therefore, the system
should not identify the positive or negative identifications of these as anomalous.
When coming up with a method for evaluation, we had to take this into account.

4.1 Training of the Autoencoders

Before the actual experiments we must discus how the anomaly detecting autoen-
coders were trained.

As a training set for the autoencoder, we processed the annotations from
the COCO dataset in a way where we created an input vector for every image
annotation, set A, according to Eq. 1. We excluded the object class person from
all annotations, because as we found out during preliminary experiments, it is
vastly over-represented in the dataset and thus is not reasonably represented
for anomaly analysis. For the breakdown of the dataset, we used the COCO
validation set to determine how good our methods were performing, and we
broke the training set for autoencoder into two sets for training and validation,
in a ratio of 10:1. We trained all models for 120 epochs with the binary cross
entropy loss function [7] and using the Adadelta optimizer [30].

With a careful study of the training graphs, we determined what shape of
autoencoder would work best for us. Counterintuitively, the goal of training
isn’t to minimise loss; that would defeat the point of generalisation and would
always favour a larger intermediate layer. Instead, some loss is what is helping
us generalise. In validation some loss will always be present as there will be less
common groups of objects in the evaluation dataset than in the training dataset.
In fact if one considers the total number of possible subsets, it is a certainty. The
important point here though is that the less likely a cluster is, the more likely
it is less common because it contains some anomaly.
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After taking this into consideration, as can be seen in Fig. 2, we decided that
the best point that simplifies the model enough to generalise, but also still has
relatively low loss, lies somewhere around the range of 15–25 neurons. Below
this number, the loss increases massively. Above this number, each additional
neuron has little affect on the end model. Therefore we ended up using a model
for our experiments with 20 neurons, in the centre of the sweet-spot.

Fig. 2. Here we can see how much loss each model gained relative when it’s final neuron
was removed. On the X-axis is the number of neurons in the model, and on the Y-axis
how much additional loss the model gained compared to a model one neuron larger.
We can see that removing neurons from very large intermediate layers has little effect
on the loss. This is relatively steady down to about the range of 15–25 neurons, where
the removal of each neuron begins to introduce more and more loss. Below 15 neurons,
removing each extra neuron adds significant extra loss to the model, before dropping
for one neuron as the loss is already very high.

4.2 Anomaly Detection

Our first two experiments focus on assessing the capabilities of the autoencoder
networks to detect positive and negative anomalies. The motivation for this
experiment is the application to verification of automatically or otherwise anno-
tated datasets. If one has an idea about the spatial distribution of objects that
are being annotated in some images, then our method would be able to detect
these annotations that violate such a distribution. The actual performance is
presented as a result of the two following experiments, which consist of artifi-
cially adding and removing object classes to a set of manually annotated images
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and seeing how well our system can detect these. We trained several autoen-
coders that differed in the number of neurons in the encoding layer, effectively
setting the compression ratio.

For these experiments, we used the images and annotations from the
Microsoft COCO dataset [19], which are already split into training and vali-
dation sets. As mentioned before, this data was preprocessed to remove anno-
tations of ‘people’, and we also imposed some limits regarding the minimum
number of annotations required in an image, which we discuss later, as looking
for anomalies in images with single classes makes little sense.

Positive Anomalies. In this experiment, we wanted to investigate how well
autoencoders can detect anomalous classes artificially added to images. We took
all the images with at least three different annotations present, and then added
an extra class that was not already present. We then looked at how well our
system was able to flag this added class as being anomalous.

Out of all 80 possible classes, we would select randomly 10, which we would
then add one by one to all the images, where this class was not already present
in the annotations. Adding an object consists of setting to 1 the respective value
in the autoencoders input vector. Then, if the output of the autoencoder for this
class differed from the input by more than 0.5, we would classify it as a correct
anomaly detection. Because of the random nature of the experiment, we re-ran
it for 20 times to get more statistically significant results.

Negative Anomalies. Regarding the negative anomalies, we designed a similar
experiment, where instead of adding random object classes we instead removed
classes randomly from those that appeared in a given image.

We wanted to show the autoencoders detecting the objects we removed from
the scene, so as a part of the preprocessing, we filtered out the images the
autoencoders considered anomalous in the dataset itself. The images with less
than five annotations were filtered as well, so that after removal of an object
class, there would be at least four classes left for the autoencoder to understand
the context.

For every remaining image, randomly five of its annotations were selected and
one at a time was removed from the set, so their respective position set to 0 in
the input vector. If the output of the autoencoder differed at the corresponding
position of this class from the input by more than 0.25, we would classify it as a
correct negative anomaly detection. The reason for a threshold lower for negative
anomalies is that a presence of single object is highly fluctuating in real-world
environments, so we settle with a lower confidence—the group of objects, after
we removed one class, might actually be perfectly normal.
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Fig. 3. Results of the first two experiments to test the ability of the autoencoder to spot
anomalies, artificially introduced to a scene. On the left we removed object classes from
the scene, on the right we added them. Every box represents a model with a different
number of neurons in the encoding layer.

Results. All the results are depicted in Fig. 3.
Detecting negative anomalies is clearly a much harder problem than detecting

the positive ones, as discussed already in the section about the experiment. These
results are predictably worse, because removing objects from the scene might not
result in an anomalous scene, but only another valid setting, by the nature of
the negative anomalies.

The best accuracy in the proposed experiment was achieved by the autoen-
coder with the smallest number of neurons and was around 35%. That the more
complex models are able to better capture the fluctuating nature of single objects
and removing one from a valid set might have only created another valid set,
probably led to decrease in accuracy with the number of encoding neurons.
However, we expect the negative anomaly detection to perform better in real
applications with more complex models, because they should exhibit a lower
false-positive rate.

For positive anomalies, we show that our method is very good at detecting
these, with an accuracy rate mostly between 75 and 85% for the best model.
Also, as we can see from the graphs, the lower the number of neurons in the
encoding layer, the better the results.

This last result is due to the fact that more complex models with more
neurons are then likely to pick up anomalies during their training from the
training dataset. That in turn is caused by anomality not being an absolute
property, but rather a context-related measure. And last, since we added random
classes, some of them had to be generally less common objects as well, which
small encoders might not have reflected.
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4.3 Boosting Object Classification by Context-Awareness

In this experiment, we wanted to show how well our method is able to dynami-
cally asses the output of a neural network regarding it’s confidence in individual
detections. We used the pretrained YOLOv3 network for object detections, which
we then run on the images in the COCO dataset, against which it was trained.

Using this network one normally has to set a thresholding parameter, which
determines at what level of confidence one will accept the output of the net-
work as a valid object detection. Our intention was to use the negative anomaly
detection to strengthen the confidence in objects that were detected below this
threshold, but given the context of the scene, they are likely to be observed.

Fig. 4. Diagram describing the application of anomaly detection to boosting of the
object detection. First, the input image is analysed by an object detector. The nega-
tive anomalies, that are detected are then combined with the standard output of the
detector, for boosting the accuracy of detections.

The whole experiment was set up to examine the difference in accuracy
between a standard object detecting network and one enhanced with an autoen-
coder. We needed to tailor the experiment to account for two basic properties
of the situation. We know that with a high threshold the network performs rea-
sonably well [21], but the threshold also determines how many objects will be
detected, so it can be effectively used for setting the accuracy versus extracted
information ratio. Second, we are limited by the ground truth available, basically
the annotated image dataset.

The general idea of the experiment is to count how many times the network
was wrong on the validation dataset against which it was trained. Denoting
the decision threshold T , we compare how well the YOLOv3 model performs
with respect to T , to a case where we set the threshold to 0.5 as a reasonable
default and let the autoencoder detect other objects in the image, that should be
included as well, but their confidence lies in the interval <T, 0.5>. The process
is depicted in Fig. 4.
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Fig. 5. Results of the second experiment. Detections above the right threshold are
classed as absolute, and therefore not changed. Similarly, below the left threshold are
classed as so weak not to warrant investigation. However, between these ranges, we use
the autoencoder to identify if the detection, despite just missing out on the detection
threshold, makes a lot of contextual sense. If so, we count it as a detection. One can
see that this results in a significant boost to the accuracy of YOLO object detection
when this method is employed

Results. Specifically, the procedure is as follows:

1. We analyse the image in the dataset with YOLOv3 network, which results in
a set of detections Det and we create a set

D = {d | conf(d) > T, d ∈ Det}, (2)

where conf(d) is the level of confidence the network has in particular detec-
tion.

2. We calculate the accuracy, comparing the set D with the set of annotations
we have from COCO dataset. This is the accuracy of standard YOLO itself.
We only compare whether the class was present in annotations or not - we
don’t compare the number of detections or bounding box precision.

3. Next, we create an input vector i for the autoencoder:

i[c] = max{conf(d) | class(d) = c, d ∈ D}, (3)

where c is the particular object class, class(d) is the class of given detection d
and in the case that no object of a given class was detected, we set the input
to 0.

4. The output vector o of the autoencoder is then transformed into a set

O = {c | o[c] > 0.1, c ∈ C} ∪ {class(d) | conf(d) > 0.5, d ∈ Det}, (4)

where C is the set of all classes and 0.1 was selected as a reasonable threshold
for autoencoder output from our experience with experiments for anomaly
detections. We then compare the set O with the set of annotations of given
image the same way we did with the simple YOLO output.
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Results of this experiment are depicted in Fig. 5. We show that on the interval
<0.2, 0.5> our method clearly outperforms the standard YOLOv3 network. At
the level of 0.2 by almost 5%. The reason both curves converge to the same
accuracy value beyond a threshold of 0.5 is that we always include everything
with detection confidence above this value as a given, a certain detection used
for gathering the context.

5 Conclusion

We investigated the use of autoencoder-based anomaly detections for the task
of image-based object detection. The core idea of our approach is to use autoen-
coders to capture the contextual information present in images, which affects the
joint occurrence of the detected object classes. Simply put, we use the autoen-
coders to answer two questions: ‘What does not belong here?’ and ‘What is miss-
ing here?’. We demonstrate that autoencoders can quantify the aforementioned
questions and use this quantification to detect potentially incorrect detections
and annotations in the training data. We also show that knowledge of the context
can boost the precision of state-of-the-art object detection frameworks.

Our work shows that decoupling the context-aware autoencoder from the
context-unaware object detector results in a system that can be re-trained
for a particular object distribution in short time while being computationally
inexpensive. In the experiments performed, we demonstrate that using a ∼200-
neuron-sized autoencoder can not only significantly improve performance of the
YOLOv3 detector, but also detect errors artificially injected into the training
set. Thus, the method presented addresses two prominent issues troubling prac-
tical deployments of machine learning methods – deployment in scenarios with
different distributions of the detected classes and dataset annotation quality.

In the future we would like to extend our work in several directions. We would
like to investigate different, more complicated linear or deep autoencoders capa-
ble of capturing not only co-occurrence, but also the spatial and temporal rela-
tions between the detected classes. We will compare the decoupled approach to
the newest context-aware deep neural networks, that incorporate different levels
of contextual information to achieve better performance. Finally, we believe that
the ability to spot potential errors in the detector’s output is an important step
towards introspective, explainable learning methods and we will pursue their
deployment in systems capable of long-term autonomous operation.
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