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Deep neural networks have had profound significance in addressing vi-
sual object detection and classification tasks. However, though with the
caveat of needing large amounts of annotated training data. Further-
more, the possibility of neural networks overfitting to the biases and
faults included in their respective datasets. In this work, methods for
achieving robust neural networks, able to tolerate untrusted and possibly
erroneous training data, are explored. The proposed method is shown to
improve performance and help neural networks learn from untrusted
data, provided a thoroughly annotated subset.

Introduction: Deep neural networks provide strong tools for solving
problems such as visual object detection [1, 2]. However, such capabili-
ties often come with the requirement of considerable amount of carefully
annotated training examples. Robotic systems working in real-world en-
vironments, training examples are difficult to acquire and in particular
for rare events. On top of this, precise manual annotation is a tedious and
error-prone process. Thus, automating the annotation process or making
the training of deep neural networks robust against mistakes in the pro-
vided annotations would significantly improve the practical applicability
of deep neural networks in robotic applications.

This letter explores a possible method for an automatic annotation
framework. The approach presented enables the creation of more robust
neural networks by following a carefully designed training pipeline, a
process that can tolerate training on data with partially missing or incor-
rect annotations. Given a dataset S of which Su may comprise question-
able annotations, we wish to convert part of S to a trusted set by thorough
manual re-annotation. This subset referred to as the reweight-set SR. The
method used for reweighting data was introduced in [3]. Given a re-
weight set, they computed weights to be applied on each element in the
training data. Ideally, this method makes it possible to obtain networks
with higher performance, while only having to manually annotate a por-
tion of the data. Furthermore, the method ensures that incorrect labels
have less of an impact on training and generalization. Simultaneously,
this enables better generalization on the correct annotations through the
reweighting of each sample.

Furthermore, this letter employs a sampling method of input images
which ensures an uniform size of annotation bounding boxes. The sam-
pler crops the input images and resizes each crop.

The contribution of this work is twofold: (i) It applies the re-
weighting scheme introduced in [3] and verifies that it works in a
challenging real-world maritime setting; this is done by introducing a
pipeline that allows us to generalize on a wider range of samples without
having access to a large trusted dataset; and (ii) it establishes a method
that contributes to an automatic annotation framework that allows gen-
eralization when existing data Sexist is extended by new automatically
annotated data Snew

u , and a subset of that is manually annotated Snew
R .

Related work: This work focuses on the use of deep neural networks to
achieve robust object detection at sea. Previous approaches have been
along the lines of [4] where detection of small surface vessels was
achieved by using scale invariant feature transform (SIFT) along with
a bag-of-features approach. The work of [5] explored the use of neural
networks, comparing using RGB, long wave infrared (LWIR), and near
infrared (NIR) data within the Resnet-50 RetinaNet. The importance of
weighting training data in a maritime settings is yet to be explored, in the
wider field it is a well-studied topic. More precisely, importance sam-
pling [6] assigns weights to samples so that distributions match. Focal

loss [7] introduces a soft weighting scheme that focuses on harder ex-
amples. Hard example mining [8] down-samples the majority class and
the hardest examples are exploited. Similarly, AdaBoost [9] finds out
harder examples while training. However, it is not always beneficial to
prefer hard examples as these might be outliers, noisy, or even wrong
annotations. Another common issue is class imbalance, several studies
have also been made here such as dataset re-sampling [10]. The work
of [3] introduces a scheme to weight each training sample according to
a smaller highly trusted reweight-set. The need for robustness of neu-
ral networks is addressed in [11], where the authors constrain the Lip-
schitz constant of a network to be lower than 1 by constraining each
layer’s weight matrices to be orthonormal. Furthermore, [12] explores
how training neural networks under a strict Lipschitz constraint is useful
for provable adversarial robustness. In our previous work in [1], we ex-
plore the use of Lipschitz constrained networks in a maritime setting to
ensure robustness of predictions.

Method: In this work, we are adapting the theory on learning to reweight
examples introduced in [3] and enhance it with a custom data augmen-
tation technique.

Reweighting: The introduction of the reweight-set enables training of
networks with questionable data. We define a loss function f (θ;S ) given
the model f with parameters θ and trained on the data S . In the follow-
ing, we will apply an online weighting ε on f (θ;S ) and obtain an opti-
mal weighting of each sample in the training loss f (θ;Su). The online
weighting ε is also referred to as perturbation in [3]. We compute the op-
timal weighting of the training loss by finding the gradients of f (θ;Su)
with respect to parameter vector θ (SR ) of the model that is found with
forward pass of the reweight set. This is obtained as follows, where i is
the iteration,

fi,ε (θ ) = εi fi(θ ), (1)

where each training example of the original model is perturbed with ε

at time-step t, described as following when considering SGD (stochastic
gradient descent),

θ̂t+1(ε) = θt −
(

α∇θ

n∑
i=1

fi,ε (θ )

∣∣∣∣∣
θ=θt

. (2)

To find the optimal ε that minimizes the meta-loss we apply,

ε∗
t = arg min

ε

1

M

M∑
i=1

f m
i (θt+1(ε)). (3)

This is quite time consuming, therefore, a gradient step with regard to
the meta-loss ε f m is taken instead.

ui,t = −
⎛⎝η

∂

∂εi,t

1

m

m∑
j=1

f m
j (θt+1(ε))

∣∣∣∣∣∣
εi,t =0

, (4)

where η is the descent step size for ε.
This is an approximation of the optimal ε at time-step t, and thereafter

the weights of the meta-model are updated. This is then followed by a
forward pass and backwards pass on the Reweight-set.

By finding the gradients of the updated meta-model with respect to ε,
and by rectifying the output, we get the weights we can apply to the loss
of each sample in the original batch. The weights are then normalized to
sum to one for a more consistent parameter update.

Data Augmentation: For more efficient training and better use of the
reweighting scheme, a data cropping augmentation is introduced. In the
considered marine environment, the horizon line can be easily detected
(cf. Figure 1). Thereafter, images of 360 × 360 pixels are cropped out
along the horizon line. In addition, two full-height square patches are
extracted from the original image and all the newly cropped images
are scaled to 384 × 384 pixels. The cropped images are randomly sam-
pled making sure that any existing labels are selected at least once; thus
an issue previously faced such as an overwhelming amount of images
without boats and buoys is alleviated. Given hundreds of training it-
erations, it can be assumed that the network has seen all annotations
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FIGURE 1 Example crops of an image resized to 384 × 384 pixels

multiple times. Introducing data-cropping is a necessary part of our
pipeline to reduce the dimensions of input images and to normalize the
size of all annotations. As we reduce the pixel size of the image from
1920 × 1080 to 384 × 384, we reduce the size of the input by a factor of
(1920 · 1080)/3842 = 14.0625 which has a tremendous impact on the
speed of a single forward pass of the network. This allows us to batch
multiple different crops from different images which allows the networks
to converge faster.

Experimental evaluation: In this section, we present the experimental
set-up and the results of our approach.

Datasets: The work of [5] introduced the dataset which is used as
the baseline for the experimental evaluation of our work. Additionally,
a newly collected set of samples have been classified using the model
introduced in [5], with a very low confidence requirement, resulting in
several miss-classified labels. The available sets of data have been used
to create four different blends comprising: (i) 100% and 0%, (ii) 95% and
5%, (iii) 85% and 15%, of trusted and untrusted data, respectively, where
trusted data stem from the original dataset and untrusted data come from
the low-confidence classified dataset.

Experiments: For each dataset introduced, two networks were trained.
The network architecture in use is a downscaled version of the RetinaNet
with a ResNet 18 backbone [13]. The size of the network is reduced
by a factor of 100 to increase the speed and the memory requirements
of training. While shallower networks – like the one we present here –
result in inferior performance compared to fully parameterized ones, the
performance trends are consistent between the two.

Training: All models were trained with the AdamW-optimizer [14]
for 24 h on a Tesla V100 GPU with 32 GB of memory. We used a batch
size of 32 with a step scheduler that after each 50 epochs reduces the
learning rate by a factor of 10.

Results and discussion: The results in Table 1 provide a positive argu-
ment for the case of reweighting. When untrusted data is introduced to
the datasets, the reweighted networks on average reach a higher mean av-
erage precision (mAP). In our considered data blend (i), no new data is
introduced. Looking at the first plot in Figure 2 the standard network per-
forms slightly better when predicting boats than the reweighted network.
This can be a hint of the Reweight-set not being expressive enough.
Though this can also be a testament to the base dataset being properly
annotated. The second plot in Figure 2 uses our data blend (ii), that is,
when 5% of all labels are untrusted. Here, it is clearly visible on both
boats and buoys, that the reweighting mechanism allows for wider gen-

FIGURE 2 Comparison of the average precision (AP) of boats and buoys
for the different datasets. First plot is the original data blend (i) where
beige is the normal network and pink the reweight. In the second plot, data
blend (ii): green is normal, red is reweight with 21k annotations 5% untrusted
labels. In the third plot, data blend (iii): blue is reweight, purple is normal
with 9k labels and where 15% are untrusted. Finally a mean average preci-
sion (mAP) comparison of all networks where the colours are persistent from
the previous plots
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Table 1. AP for boats (i) and buoys (ii), and mAP for network (iii)

AP Buoy (i) (ii) (iii)

Normal 0.120 ± 0.006 0.124 ± 0.004 0.108 ± 0.009

Reweight 0.119 ± 0.005 0.135 ± 0.005 0.126 ± 0.008

AP Ship (i) (ii) (iii)

Normal 0.281 ± 0.014 0.302 ± 0.011 0.180 ± 0.012

Reweight 0.285 ± 0.012 0.333 ± 0.008 0.198 ± 0.015

mAP Ship & Buoy (i) (ii) (iii)

Normal 0.200 ± 0.010 0.205 ± 0.008 0.146 ± 0.010

Reweight 0.206 ± 0.09 0.228 ± 0.006 0.163 ± 0.011

eralization using the untrusted data. Comparing the normal network for
data blends (i) and (ii), it can be noted that they have practically the same
mAP showing that they do not benefit from the addition of untrusted
data. The third plot in Figure 2 uses our data blend (iii); the amount of
labels used is reduced from 20k to approximately 9k. Here, 15% of all
labels are untrusted and the reweighting again does a better job, though
not to the extent expected. The reweight network has a higher mAP on
both fronts, yet we would expect the difference to be larger when the
proportion of untrusted data is higher. This could possibly be caused by
the network not having enough information to generalize on and there-
fore the reweighting mechanism cannot weight the information enough
to make a bigger difference. This can further be seen when plotting the
mAP of all the networks, see the fourth plot of Figure 2, where (iii) per-
forms 40% worse.

Conclusion and future work: The results present a clear benefit when
a reweight-set with reweighting mechanism is implemented. The sug-
gested approach achieves a higher mAP on all datasets with question-
able annotations. The importance of which samples to include in the
reweight-set is a subject of further research. Our initial tests have all
been on scaled down versions of the RetinaNet [7] with promising
results. We leave the experimental evaluation of the fully parameter-
ized neural networks to future work. The introduced data augmenta-
tion technique was shown to retain the performance of a network us-
ing larger images whilst training much faster. Furthermore, as increase
of the batch size of our network was possible, there was faster and
smoother convergence. The approach demonstrated its ability to tolerate
questionable annotations in a dataset when a small trusted Reweight-
set was introduced. Given these results, the reweighting mechanism
proves itself as a potential method to use for an automatic annotation
framework.
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