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Abstract— Real-time vision in robotics plays an important role
in localising and recognising objects. Recently, deep learning
approaches have been widely used in robotic vision. However,
most of these approaches have assumed that training and
test sets come from similar data distributions, which is not
valid in many real world applications. This study proposes
an approach to address domain generalisation (i.e. out-of-
distribution generalisation, OODG) where the goal is to train
a model via one or more source domains, that will generalise
well to unknown target domains using single stage detectors.
All existing approaches which deal with OODG either use
slow two stage detectors or operate under the covariate shift
assumption which may not be useful for real-time robotics.
This is the first paper to address domain generalisation in
the context of single stage anchor free object detector FCOS
without the covariate shift assumption. We focus on improving
the generalisation ability of object detection by proposing new
regularisation terms to address the domain shift that arises due
to both classification and bounding box regression. Also, we
include an additional consistency regularisation term to align
the local and global level predictions. The proposed approach
is implemented as a Domain Generalised Fully Convolutional
One Stage (DGFCOS) detection and evaluated using four object
detection datasets which provide domain metadata (GWHD,
Cityscapes, BDD100K, Sim10K) where it exhibits a consistent
performance improvement over the baselines and is able to run
in real-time for robotics.

I. INTRODUCTION

Real-time object detection is a critical task for mobile
robots, and benchmark performances have increased recently
using deep learning approaches [1]-[7]. While offline systems
based on separated training and test sets can learn to make
good detections for machine vision benchmarks, an ongoing
problem in robotics is that data encountered in the real
world rarely shares the same statistics with data previously
recorded for use in model training. Factors such as viewpoint,
background, weather, and image quality all create variations
in object appearance. While it is sometimes possible to collect
many different training sets to cover some settings of some
factors, it remains difficult to learn a single model which can
generalise over all possible factors and settings including to
the previously unseen ones which are actually encountered
after training, in the real world, by the real-time robot. For
example, the autonomous farming and autonomous driving
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Fig. 1: Samples from various training and testing domains
in the Global Wheat Head Detection (GWHD) (a)-(e) and
Cityscapes (f)-(h) datasets used in our experiments.

examples in Fig. 1 include factors due to robots moving
to previously unseen countries, crop types, and weather
conditions.

This problem has become known as domain shift and has
begun to be measured via degradation of model performance
at deployment [8], [9]. The task of compensating for domain
shift is known as domain generalisation. Domain generalisa-
tion aims to consider whatever factors and their values are
present in multiple, different sets of training data — such as
collected previously by the robot under different geographic
or time conditions — and unlearn the effects of these factors
while learning to make object detections independently of
them. This creates more favourable conditions for later real-
time detections in new environments, which have different
factor levels, in which detection is invariant to their changes.

Domain Generalisation is distinct from other approaches
to domain shift, including periodic retraining of models to
update them to gradual, continuous shifts of factors over time,
and from Domain Adaptation methods [10]-[19] which learn
a range of model parameters suited to a known range of
domains, then search this space for the best fit on arrival in
a new domain.

In our recent work [20], we proposed a Domain Generali-
sation (DG) modification for improving the offline detection
performance of Faster R-CNN on unseen target data, by
extending the training of the existing detector with additional
entropy based regularisation terms. We used standard Faster-
RCNN [4] as the base detector, and new loss functions were
created by combining elements from a previous domain-
adaptation method used previously for detection [10] and a
generalisation method used previously for classification [21].
In the present paper, we adopt our previously proposed DG
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framework [20] to FCOS [22], which is a faster, real-time,
single-stage, anchor free detector, and propose a Domain
Generalised FCOS (DGFCOS) which has the ability to
suppress domain specific features while enhancing the domain
invariant features.

Experimental validation has been conducted on four
datasets: Sim10K [23], Cityscapes [24], BDD100K [25], and
GWHD [26]. GWHD is the only object detection dataset
among a number of established and newly proposed DG
benchmarks [27]-[31], concerning single-object detection
across multiple target domains. Both multi-object and single-
object detection scenarios are evaluated using the autonomous
driving datasets. In addition to evaluating the DGFCOS
under a variety of domain shifts (Fig. 1), we also evaluate
the reduced version of the proposed architecture under the
DA setting (where the class conditional alignment is not
performed as this information is unavailable during the DA
re-training step).

II. RELATED WORKS

The proposed system builds upon the following work in
object detection, domain shift and real time applications:

Object detection. Classical approaches to object detection
relied on handcrafted features and formulated object detection
as a sliding window classification problem [32]-[34]. The
empirical success of convolutional neural networks (CNNs)
which automatically extract high performing features [35],
[36] has resulted in their widespread adoption. Most CNN-
based approaches to object detection can be categorised
as either single-stage or two-stage. Single-stage approaches
perform localisation and classification simultaneously [37]
and have only recently reached the performance of two-stage
approaches [1]. Two-stage approaches developed from the
Region-based CNN (R-CNN) family [4] initially generate
possible region proposals and features corresponding to the
objects of interest which are further used for classification
and localisation in second stage, thus resulting in an end-to-
end trainable system. However, all of these architectures and
a number of follow-up works [3], [5], [6] operate under
the assumption that the testing data originates from the
same domain and distribution as the training data and their
performance consequently degrades on out-of-domain (OOD)
data. Also, the operation of most popular detectors like Faster
R-CNN [4] rely on the framework of anchor based object
detection which suffers from some drawbacks [22], [38],
[39]: 1) Due to fixed anchor sizes and aspect ratios, these
detectors tend to exhibit a poor generalisation ability on the
unseen test set with objects that have large shape variations.
2) Usage of excessive negative samples aggravates the class
imbalance problem during training. 3) Hyper-parameters need
to be carefully tuned in anchor based approaches to achieve
optimal detection performance. 4) Anchor based detectors
have more number of hyper-parameters when compared to
anchor free approaches and thus increasing the inference
time. Hence the high computational complexity and poor
generalisation ability of anchor based detectors makes them
less preferred for robotics based real time applications.

Domain shift. Unsupervised Domain Adaptation (UDA) and
Domain Generalisation (DG) are two popular approaches to
address domain shift problem in object detection. The prior
assumes the availability of unlabelled target data while the
later is more suited for real time object detection where
the access to target data is restricted. According to the
recent surveys of domain shift [28], [29], DA is still the
more common approach for addressing domain shift in
object detection, with very little work on DG for object
detection [40]-[43]. Most of these techniques assume the
disputed covariate shift case [21], [44]-[46]. In our recent
approach [20], we demonstrate an improved modification
of Faster R-CNN detector which addresses domain shift by
compensating for both concept and covariate shifts together
by using additional entropy based regularisation terms. Most
of these techniques which attempt to address domain shift
for object detection validate the performance using Faster
R-CNN as the base detector. However, as mentioned earlier,
anchor based approaches might not be a good fit for real
time applications.

Recently, among the anchor free single stage detectors,
FCOS [22] has been the basis for many deep network architec-
tures used in real time robotic applications in agriculture [39],
sports [47], medical [48], remote sensing [49], [50], and grasp-
ing [51]. Most of these approaches either focus to address
occlusion or to enhance the detection of high speed and tiny
objects. There are very few techniques [16] which attempt to
improve the generalisation ability of FCOS, and these operate
only in DA setting which is not relevant to robotic applications
where the target data is not available during training. In this
paper, for the first time, we propose Domain Generalised
Fully Convolutional One Stage (DGFCOS) detector where
we adopt our previously proposed DG framework [20] to
improve generalisation ability of FCOS.

III. MATHEMATICAL PRELIMINARIES

In this section, we initially describe the mathematical
preliminaries corresponding to FCOS detector [22] followed
by a brief description of our previous DG framework [20].
The following section will then show how to combine them.

A. FCOS detector

Let (0,,3) be the parameters for a backbone feature
extractor I’ (9), a classifier T(¢), and a bounding box predictor
R®), respectively. According to [22], ResNet50 is used as
the backbone of FCOS detector which has five levels of
feature extraction layers. We assume I € RNoX3XHXW 4
be the batch of NV, input images (each in 3 channel RGB,
W x H pixels) fed to F() and F; € RN+ *H5:xWs; be the
corresponding output at i*" level of ResNet50. The top three
levels of features (F3, Fy, F5) from F(?) are fed as input to a
feature pyramid network (FPN) to extract features at multiple
different scales. Let P; denote the output of FPN at 5" level
where the index j € [3,7]. The relation between the features
at different levels of F(¥) and FPN can be mathematically
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modelled by using the following equations,

Ps = f5(F5), Pi= fi(F4) © pa(P5)
P; = f3(F3) @ ps(PY), Ps=P¢ P,=P}

where @ denotes the element wise addition, P}L and P?
denote the corresponding stride two upsampled and down-
sampled versions of P, respectively. According to [5], f;
and p; are modelled as 1 x 1 and 3 x 3 convolution layers
respectively. In FCOS, features extracted at each of the five
layers in FPN are fed as input to heads which essentially
computes a classification label and regress the bounding box
offsets including an estimate for centeredness measure at
every location (z,y) of the FPN feature map. The following
is the expression for the loss function which is used to train
T(%) and R® [22],

ey

Z Lcls Pz,y,Cy y)
* (zy)

Z Hc* >0L7’eg

(z,y)

LU{P@y}: {t@y}) = N

z,Y» :v y)

(@)

where p(, ) denotes the predicted classiﬁcation probabilities
at the location (x,y) of the FPN feature map, ¢ ,) indicates
the ground classification label associated with the regressed
bounding box at location (z,y), while t, , and t; , denotes
the predicted and ground truth offsets of the bounding box.
L, is the focal loss [52] and L,.4 is the IoU loss [53].
However, training the FCOS detector using Eq. 2 alone
can overfit to the training data. In order to minimise the
effect of overfitting, we are going to adopt our previously
proposed DG framework [20] to the FCOS detector and
improve its generalisation ability to unseen target dataset. In
the next subsection, we briefly describe the details of our
DG framework followed by the details of proposed DGFCOS
detector.

pos

B. Domain Generalisation

We assume I € RNoX3XHXW pbe the batch of input
images fed to F©). Let Q" F” (FO)(I),C!, BT) be the
model joint distribution obtained when using all of these
parameters together. We aim to optimise 6 to transform
the input images into feature vectors F(?)(I) such that all
the domain specific joint distributions Pp(F @) (I),CT, BT)
converge to the single best (maximising the fit over ¢ and
B) joint distribution QT'”-E” (F®)(T),C, BT). This will
enable F(®) T(®) and R to be optimised for domain
invariant object detection. By Bayes’ theorem, to map the
domain specific joint distributions Pp (F®)(I),CT, BT) to
a common QT'”E” (FO) (1), B), we need to map
the domain specific conditionals PD(C’I ,BI|FO(I)) to
a common QT Rw)(C’,BﬂF(e( I)) and the domain
specific marginals Pp(F(®)) need to be mapped onto a
common Q(F(?)). The standard technique followed by many
approaches in UDA [10], [54] to transform all the domain
specific marginals onto a common Q(F((’)) is by introducing

a domain discriminator S(*) which is trained by minimising
the negative domain discriminator loss [55],

However, as pointed out by recent studies [21], [44], [56],
[57], the stability of conditionals across domains cannot be
guaranteed with S(¥). Any method with the goal of achieving
domain invariance needs to compensate for the variation in
conditionals Pp(C?, BY|F?(I)). By using Bayes’ theorem,

Po(C", B'|F*(1)) = Pp(C'|B', F(I))Pp(B'|F*(1))
3
where Pp(C!|B!, F?(I)) indicates the instance level domain
specific classifier and Pp(B'|F?(I)) corresponds to domain
specific bounding box regressor.

In order to achieve the stability of conditional distributions
Pp(CT, BT|F?(I)), across the source domains, we adopt the
strategy used in our previously proposed DG framework. In
[20], we have proved that the stability of domain specific class
conditionals can be achieved by training the main detector
in conjunction with N domain specific classifiers {¢/5}N_,
while the domain agnostic bounding box regression can be
realised through a consistency regularisation term between
the instance and image level domain discriminators.

The final loss function used to train the system is thus:

min max
(0,6,8,{81,)} (Wimg:{dp}hins)

L(8, B, 6, Vimg, Yins: {0p}: {6 b })

= Les(0,0) + Lreg(0, B) + a1 Laady (0, Vimg)+

@2 Lins (0, Vins) + a3Lest (0, 8) + aaLere(0,{¢p})
+as Lea (0, {6]}),

where Lg,4, and Lg;ns is the loss used to train an image-
level (S(*ims)) and instance-level (S(¥in+)) domain discrim-
inators, respectively, while L., is the loss which enforces
consistent domain label predictions by both image and
instance level domain discriminators. L.,. is the sum of
negative cross entropy losses corresponding to each of the
N additional domain-specific classifiers {Tb} while L., is
the sum of cross entropy losses used for training each of
the N domain specific classifiers {T,Tj}. The losses (Lgadu,
Lgins, Lest) are used to achieve the bounding box alignment
while (L¢yc, Leer) assist in achieving the class-conditional
alignment. In order to use our DG framework [20] for FCOS,
it remains crucial to appropriately tap the features at both
image and instance levels. The next section describes details
of how the preliminaries described in this section can be
adapted to a FCOS detector.

IV. PROPOSED APPROACH

The overview of the new proposed DGFCOS architecture is
given in Fig. 2, where the FCOS is trained in conjunction with
two additional modules related to class-conditional invariance
and bounding box invariance. Similar to [20], these additional
modules aim to optimise the feature extractor so that the
input images map onto a feature space where the detection is
consistent across multiple domains. The main detection loss in
Eq. 2 in conjunction with the additional regularisation terms
defined in Eq. 4 is used to train the proposed detector. Similar
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Fig. 2: Proposed New Architecture for DGFCOS. Ouptut of ResNet50 backbone will be used as image level features. Unlike
the previous DGFRCNN [20], we now tap instance level features from the output of FPN.

to our previous approach [20] we tap the image level features
as the output of the final layer of backbone network (F5)
and feed as an input to the image-level domain discriminator
S(Wims) One of the biggest challenge associated with the
multi-source domain datasets is the heavy imbalance in the
number of images in each of the source domains can induce
the domain specific bias from the dominant domains which
inturn can lead to poor generalisation ability of FCOS. The
negative cross entropy loss used in our previous work to
train S(¥#ms) does not address this domain imbalance issue.
However, motivated from the focal loss in [52], which was
originally proposed to address class imbalance issue, we train
SWims) by minimising the following negative focal loss,

1 X
Liagw = —— Y FL(d!,d?
dad Nb; (di,d,,)
1

- i:l((l — d)7)BCE(d;, d;)

&)

where df and d}, are the one-hot ground-truth labels and
predicted domain probability scores, respectively. FL and
BCE denote the focal loss and binary cross entropy. The value
for d can be computed by using the following expression:

(6)

The output of every layer of feature pyramid network
is utilised to model the instance level features. Let P; €
RNox256xW;xH; he the dimension of the features maps
extracted from jth layer of FPN, W; and H; indicate the
width and height of the feature maps. In FCOS [22], an
estimate of the object presence is evaluated at every location
(x,y) of the feature map P ;. Here the 256D feature vector at
every (z,y) is used as an instance level feature. We stack all

d=djd, + (1—dj)(1—dj)

of the instance level features extracted from multiple levels
of FPN as P;,,, € RNo X2 (WiH:) X256 which is further fed
as an input to instance level domain discriminator and trained
using a similar negative focal loss as defined in Eq. 5. Also,
these instance level features are used by the domain specific
classifiers to achieve the class conditional alignment.

The complete training procedure is described in Algorithm
1, where we train the main detector in conjunction with
additional regularisation terms to achieve domain invariant
bounding box prediction as well as class-conditional invari-
ance.

Algorithm 1: Training strategy for DGFCOS

Illpllt: {XD}g:p a1, (g, 3, Oy, Oy

Output: F, B,T,D, D;ps, {Tp}¥_, {TH}N_,

while iter < MAX EPOCHS do

while batch < MAX_BATCHES do

Sample random batch of images ;

Update 6, 5, ¢ in Eq. (4);

Using fixed 6, update ;4 and v, in
Eq. (4);

Sample random batch of images ;

Update 6, 5, ¢ in Eq. (4);

Using fixed 6, update {¢L} in Eq. (4);

Sample random batch of images ;

Update 6, 5, ¢ in Eq. (4);

Update 6, {¢'5} in Eq. (4);

Sample random batch of images ;

Update 6, (8, ¢ in Eq. (4);

Using fixed {QSJ]B}, update 6 in Eq. (4)

end

end
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TABLE I: Quantitative Analysis on Cityscapes (C), Foggy Cityscapes (F), BDD100K (B). The best AP and mAP in each
setting is highlighted in bold. Single-best indicates the best performing FCOS model trained on each of the source domains.
Source-combined is when FCOS is trained using the dataset obtained by merging all the source domains. Oracle Train on
Target indicates the performance evaluation when the detector is trained using the target domain annotations.

DG Setting | Methods [ person  rider car truck bus  train _motor bike [ mAP
Single-best 52.1 479 710 263 407 182 274 373 | 401
Source-combined 60.0 472 802 440 629 6.0 252 415 | 459
F&BtoC DGFCOS (Ours) 60.7 475 812 432 633 6.2 26.8  44.6 | 46.7
Oracle-Train on Target 54 529 705 340 59.6 29.6 32.6 464 | 475
Single-best 494 41 741 160 320 9.1 215 438 | 363
Source-combined 51.1 414 739 278 41.1 69 219 385 | 37.8
C&BtF DGFCOS (Ours) 52.2 413 742 288 420 7.1 22.6 39.1 38.4
Oracle-Train on Target 56.2 484 733 335 485 379 30.1 464 | 46.8
Single-best 384 158 583 146 225 134 232 | 26.6
Source-combined 359 239 545 207 19.5 16.9 269 | 283
F&CtoB DGFCOS (Ours) 36.5 251 560 21.0 200 17.8  27.6 | 29.1
Oracle-Train on Target 61.0 424 789 590 577 37.8 428 | 542

V. RESULTS (i) DG (multi-class, single target domain): We evaluate the

Datasets. We demonstrate the generalisation ability of
our approach on the following four popular multi-source
object detection datasets related to precision agriculture and
autonomous driving.

GWHD [26]: This dataset comprises of a total of 6000
images corresponding to wheat heads (resolution: 1024 x
1024 pixels) acquired across 47 different sessions; with each
being restricted to a single domain/farm. The training set has
18 domains with a total of 2943 images while the validation
set contains samples captured across 8 different sessions
with 1424 images and the test set has data from 21 different
sessions with a total of 1434 images. Here we assume a
unique domain label for each of the sessions. A few of the
domains are shown in Fig. 1 illustrating the high level of
domain shift across acquisition locations.

Cityscapes (C), Foggy Cityscapes (FC): Cityscapes [24]
deals with the semantic understanding of urban street scenes.
It has a total of 2975 training (from 18 cities) and 500
validation images (from 3 cities). The fog in Foggy Cityscapes
[58] images is synthetically created using a standard fog image
formation model [59] with an airlight coefficient of 0.02.

BDDI100k (B) [25]: This dataset has 100K diverse video
clips where each clip is of 40 seconds. The annotations are
collected on six different scene types, six different weather
conditions, three distinct times of the day. Unlike [58], [60],
the fog and rain in the images of BDDI00k is real. The
train, validation, and test splits has 70K, 10K, 20K images,
respectively. In our experiments, we use only train and
validation splits of this dataset due to the lack of test set
annotations.

Siml10k (S) [23]: This data is generated by capturing the
snapshots of Grand Threft Auto V (GTA-V) video game.
There are no official train and validation splits available for
this dataset and hence we randomly split it into 8K images
as training set and the rest as validation split. Four different
weather types will appear in this dataset.

Experiments. We evaluate the generalisation abilities of
the proposed DGFCOS through the following experiments:

generalisation ability of DGFCOS when the nature of
domain shift is due to acquisition/simulation setup used
to capture/generate the data.

DG (single-class, multiple target domains): The GWHD
dataset allows evaluating the generalisation on a scenario
with multiple target domains, where the shift in both the
training and target domains comes from the acquisition
location.

DG (single-class, single target domain): We use all the
autonomous driving datasets together to evaluate FCOS
when the source domains are related but do not follow
a uniform standard.

DA (single source and target domains): To analyse
the performance of DGFCOS in the DA setting, a
simplified model is used which uses only the bounding
box alignment module. The class conditional alignment
is removed, as only the unlabelled target images are
available during training.

(i)

(iii)

(iv)

Training details. From empirical observations, we set
the regularisation constants to a; = 1, ag = 0.1, ag = 1,
a4 = 0.001, and a5 = 0.05. We used early stopping with
a patience of 10 epochs. AdamW (weight decay = 0.0005,
learning rate = 0.001, batchsize=2) has been used as optimiser
while training with GWHD and Stochastic Gradient Descent
(SGD) (weight decay = 0.0005, momentum=0.9, learning
rate=2 x 1073, batchsize=2) has been used for other datasets
(Cityscapes, BDD100K, Sim10K). We trained and tested our
model using PyTorch and Torchvision’s FCOS library on
a NVIDIA RTX 3090 GPU with 24GB of GPU memory.
Following [26], we use weighted average domain accuracy
(WADA) to report the performance of our approach on the
OOD test set of GWHD. For the rest of the datasets, we use
mean average precision (mAP).

A. Quantitative Analysis

In experiment (i), we present the performance of proposed
approach on Cityscapes, Foggy Cityscapes and BDD100K
datasets (Table I) where two of these three are used as source
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TABLE II: Quantitative analysis for proposed approach in DG setting for GWHD dataset. The symbol ‘+’ indicates inclusion

3K

of loss component while ‘-

indicates exclusion of loss component. Generalisation performance of the proposed approach

across: SimI0K (S), Cityscapes (C) and BDDI10OK (B). The left and right sides of — indicate the source and target datasets,
respectively. BBA: Bounding Box Alignment. CCA: Class Conditional Alignment. The best results are highlighted in bold.

GWHD S,C) - B S,B)—>C Lcls Lreg Ldadv Ldins Lest Lere Lccl
FCOS 52.11 50.41 71.5 + + - - - -
BBA 54.62 52.5 71.9 + + + + +
CCA 53.97 51.3 71.7 + + + - - + +
DGFCOS (ours) 54.90 53.51 72.5 + + + + + + +

TABLE III: Performance of proposed approach in DA setting while adapting from Cityscapes to Foggy Cityscapes. The best

results per class and overall are highlighted in bold.

Person | Rider | Car | Truck | Bus | Train | MCycle | Bicycle | mAP

Source-only 26.9 382 | 35.6 183 | 324 9.6 25.8 28.6 26.9
EPM [17] 39.9 38.1 | 57.3 | 287 | 50.7 | 37.2 30.2 34.2 39.5
SIGMA [16] 44.0 439 | 603 | 31.6 | 504 | 51.5 31.7 40.6 44.2
DGFCOS (ours) 35.8 39.7 | 524 | 30.6 | 39.6 | 23.1 25.1 32.5 34.9
Oracle Train on target 56.2 484 | 733 33.5 485 | 379 30.1 46.4 46.8

domains and the other as target domain. These three datasets
share eight common category of objects. It can be seen that
the proposed architecture performs the best in majority of the
object categories in all of the three settings. This signifies the
need for compensating both the covariate and concept shifts
in a multi-source domain generalisation scenario. Due to less
number of instances, the ‘train’ category was not considered
during the evaluation for third setting (F & C to B).

B. Ablation studies

Table II (experiments (ii) and (iii)) shows the quantitative
analysis for the official out-of-distribution (OOD) test split
of GWHD. Also, we evaluate the generalisation ability of
our detector to a completely new dataset where we use two
among the datasets from SimlOK, Cityscapes, BDDI0OK as
source and the target as the other dataset. The combination
when SimIOK as target domain is not included as it is not

realistic to have generalisation from real to synthetic datasets.

It can be seen that our approach outperforms the baseline
Faster R-CNN used in WildS benchmark [28]. The second
and third rows report the influence of individual components
used in the proposed architecture while the last row indicates
the effect of complete architecture. It can be seen that the
proposed approach improvises over the baseline as well as
when the individual components used alone. This signifies the
need for the additional constraints which regularises the main
detection loss so as to equalise the conditional distributions

of class-labels and bounding box detector across the domains.

Also, this highlights the need for addressing both the concept
and covariate shifts rather than covariate shift alone.

Table III (experiment (iv)) shows the performance of
proposed approach while adapting from Cityscapes to Foggy
Cityscapes in DA setting. We compare against a number
of representative state-of-the-art DA [16], [17] approaches
which use single stage anchor free detectors. Our DGFCOS
is designed to handle domain shift using different input data
available in the DG setting, and was simplified by removing
class conditional alignment for the DA experiment.

TABLE IV: Comparison of inference times for Faster R-CNN
vs FCOS in frames per second (fps).

[ Dataset (resolution) | Faster R-CNN | FCOS ]

GWHD (1024 x 1024) 5 8
Cityscapes (600 x 1200) 6 10
BDDI100K (600 x 1200) 6 10

Finally, we present comparative analysis in terms of frames
per second between Faster R-CNN and FCOS detectors. Here
we train the detectors on the official train splits of GWHD,
Cityscapes and BDD100K datasets while inference is done on
their corresponding official validation splits. From Table 1V,
it can be seen that FCOS always have a better inference
speed over Faster R-CNN. This is primarily due to the higher
computational complexity associated with Faster R-CNN and
this makes FCOS a preferred choice for real time object
detection.

VI. CONCLUSIONS

In this paper, for the first time, we have proposed a Domain
Generalised FCOS architecture. Here, we have adopted our
previously proposed DG framework for real-time FCOS and
proposed a consistency regularisation term along with the
class entropy regulariser to align the feature distribution
resulting from different domains. The method has been
validated by showing performance improvements when used
with FCOS, on four standard object detection datasets from
autonomous driving and agricultural robotics. We showed
that FCOS has better inference speed over Faster R-CNN
which makes FCOS a preferred choice for real time robotics.
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