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Abstract

Object detectors have achieved remarkable performance in
many applications; however, these deep learning models
are typically designed under the i.i.d. assumption, meaning
they are trained and evaluated on data sampled from the
same (source) distribution. In real-world deployment, how-
ever, target distributions often differ from source data, lead-
ing to substantial performance degradation. Domain Gen-
eralisation (DG) seeks to bridge this gap by enabling mod-
els to generalise to Out-Of-Distribution (OOD) data with-
out access to target distributions during training, enhancing
robustness to unseen conditions. In this work, we examine
the generalisability and robustness of state-of-the-art ob-
ject detectors under real-world distribution shifts, focusing
particularly on spatial domain shifts. Despite the need, a
standardised benchmark dataset specifically designed for
assessing object detection under realistic DG scenarios
is currently lacking. To address this, we introduce Real-
World Distribution Shifts (RWDS), a suite of three novel DG
benchmarking datasets that focus on humanitarian and cli-
mate change applications. These datasets enable the inves-
tigation of domain shifts across (i) climate zones and (ii)
various disasters and geographic regions. To our knowl-
edge, these are the first DG benchmarking datasets tailored
for object detection in real-world, high-impact contexts. We
aim for these datasets to serve as valuable resources for
evaluating the robustness and generalisation of future ob-
ject detection models. Our datasets and code are available
at https://github.com/RWGAI/RWDS.

1. Introduction
Deep learning has achieved remarkable success in various
applications, including flood mapping [32, 51], medical di-
agnostics [4, 35], and self-driving cars [19, 60]. However,
these machine learning models are typically developed un-
der the i.i.d. assumption, where they are trained and eval-
uated on data samples drawn from the same source distri-
bution. Consequently, when deployed in real-world envi-

Figure 1. Example images from different climate zones

ronments with differing target distributions, these models
experience significant performance degradation, hindering
their large-scale deployment. This phenomenon is known
as distribution or domain shift. In this paper, we focus a spe-
cific type of domain shift, referred to as spatial domain shift
(i.e., covariate shift) on a global scale, which is driven by vi-
sual variations in land cover and built structures influenced
by factors such as natural landscapes, climate zones, archi-
tectural styles, economic and financial development, social
and cultural attributes, and human settlement patterns.

In satellite imagery-based object detection, spatial do-
main shift poses a significant challenge, especially when en-
vironmental conditions vary unpredictably, as demonstrated
in Figure 1. To examine this, we use the Köppen climate
classification system [61] and consider a scenario where
an object detector is trained on images from a tropical cli-
mate zone but evaluated on Out-of-Distribution (OOD) tar-
get domains, specifically dry and temperate climate zones.
Since these target domains exhibit distinct visual character-
istics compared to the source domain, a performance drop
is expected, highlighting the impact of spatial domain shift
when applying object detection models across diverse cli-
matic contexts.

Several studies have sought to mitigate the issue of do-
main shift through data augmentation [59], transfer learn-
ing [40], and domain adaptation, in which the model has ac-
cess to unlabelled samples from the target distribution dur-
ing training [43, 65]. However, in real-world applications,
models often encounter distributions that cannot be fore-
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seen before deployment. To tackle this challenge, recent
research has focused on domain shift under this constraint,
a problem known as Domain Generalisation (DG).

DG datasets are essential for assessing a model’s ability
to generalise to unseen target distributions. In image classi-
fication, a substantial body of research have been devoted to
curating DG datasets for broad use cases, such as PACS [29]
and DomainNet [44], as well as datasets introducing syn-
thetic domain shifts, like RotatedMNIST [15], or real-world
distribution shifts, as seen in WILDS [26]. However, the
study of domain shift in object detection remains relatively
underexplored. To bridge this gap, Mao et al. introduced
COCO-O [41], a DG benchmark for object detection with
six domains including Sketch, Weather, Cartoon, Painting,
Tattoo, and Handmade, to evaluate both in-domain (ID) and
OOD performance. While the domain shifts in COCO-O
are evident, such as the differences between sketches and
paintings, further investigation of the practical motivation
for training a model on sketches and testing it on paintings
could provide valuable insights. To our knowledge, a DG
benchmark does not currently exist for evaluating the be-
haviours of object detectors on OOD test data in a common,
real-world application setting.

Motivated by this, we introduce Real-World Distribution
Shifts (RWDS), a suite of three realistic DG benchmark-
ing datasets, namely, RWDS-CZ, RWDS-FR and RWDS-
HE, which focus on humanitarian and climate change ap-
plications and investigate domain shifts across (i) climate
zones and (ii) different disasters and geographic regions,
respectively. Moreover, we benchmark and analyse the per-
formance of several state-of-the-art (SOTA) object detec-
tion algorithms on RWDS under two setups: single-source,
where an object detector is trained on only one source do-
main, and multi-source, where training incorporates multi-
ple source domains. We then evaluate these models on the
unseen target domains to provide comprehensive insights
into their generalisation performance. We trained around
100 object detector models and conducted over 200 experi-
ments. Our contributions are summarised as follows:

• We propose RWDS, a suite of novel, realistic and chal-
lenging DG datasets designed to evaluate spatial domain
shifts in real-world object detection tasks.

• We provide the community with in-depth benchmarking
analyses on the performance of the SOTA object detectors
on RWDS datasets.

• We analyse the impact of single-source versus multi-
source training in DG for spatial domain shifts in satellite
imagery, concluding that multi-source training enhances
generalisability of object detectors.

The rest of the paper is organised as follows: Section 2
reviews literature on object detection and robustness bench-
marks. Section 3 introduces the RWDS datasets with details
on data cleaning and preprocessing. Section 4 describes the

evaluation metrics, experimental setups, and selected ob-
ject detectors. Section 5 presents the results and provides a
comprehensive analysis and Section 6 concludes the paper.

2. Related Work
2.1. Object Detection

Early attempts in deep-learning-based object detection used
a set of bounding boxes and masked regions as input
to the CNN architecture to incorporate shape information
into the classification process to perform object localisa-
tion [12, 16, 54, 55]. Later on, end-to-end techniques
were proposed based on shared computation of convolu-
tions for simultaneous detection and localization of the ob-
jects [9, 17, 22, 24, 37, 46, 48, 52]. These methods can
be generally divided into two categories: one-stage de-
tectors [11, 13, 28, 37, 45, 46, 50, 56, 57, 70] and two-
stage detectors [5, 16, 17, 23, 24, 33, 47, 53]. More
recently, transformer-based object detection models have
proved more efficient and accurate, thanks to their ability
to not require anchor boxes and non-maximum suppression
procedure [6, 67, 71]. Besides, with the advances in foun-
dation models (large vision models or vision-language mod-
els), open-set and open-world object detection has become
popular [31, 36, 62]. Following these trends, remote sens-
ing community has also integrated deep learning-based ob-
ject detection models into their research [1, 10, 21, 30, 38,
39, 66]. However, accurate object detection from satellite
imagery at scale remains a challenging task.

2.2. Robustness Benchmarks

Various benchmark studies have been developed to assess
the robustness of object detection models under distribution
shifts. For instance, COCO-C [42] evaluates model per-
formance by applying synthetic corruptions, such as JPEG
compression and Gaussian noise, to the COCO test set.
Similarly, OOD-CV [68] and its extended version, OOD-
CV-v2 [69], include OOD examples across 10 object cate-
gories from PASCAL VOC and ImageNet, spanning vari-
ations in pose, shape, texture, context, and weather con-
ditions. These datasets enable benchmarking across mul-
tiple tasks like image classification, object detection, and
3D pose estimation. COCO-O [41] introduces natural dis-
tribution shifts in COCO-based datasets, spanning six do-
mains—weather, painting, handmade, cartoon, tattoo, and
sketch. Their study has shown that there is a significant per-
formance gap of 55.7% between ID and OOD performance,
highlighting the domain generalisation challenges under
such shifts. However, despite their contributions, these
datasets still lack the complexity of real-world distribution
shifts. More realistic benchmarks include those reflecting
environmental changes in autonomous driving [25] and ob-
ject variations in aerial imagery [63], which better capture
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the dynamic and unpredictable conditions faced in practi-
cal applications. However, they remain limited in scope,
as they do not comprehensively account for geographic and
temporal variability, environmental and weather conditions,
occlusion, clutter, and object appearance changes within a
unified framework. In contrast, our RWDS datasets aim to
bridge this gap by providing a diverse and realistic evalua-
tion setting that encapsulates these real-world domain shifts
more holistically.

3. Our RWDS Datasets

3.1. RWDS Across Climate Zones

While there are increasing efforts to mitigate and reduce
the negative and potential impact of climate change on the
global ecosystem including natural resources, weather and
the natural landscapes [49], there is a need to develop ro-
bust models to support computer vision tasks under these
circumstances, more particularly, object detection task. In
order to investigate their robustness and generalisability
across different climate zones, we propose RWDS across
Climate Zones (RWDS-CZ) dataset where we focus on
Köppen’s climate zone classification [3, 61]. Given the
scarcity of global satellite imagery that covers all climate
zones, we use the raw satellite imagery from the xView
dataset [27], an open-source object detection dataset fea-
turing high-resolution (0.3m) images captured at a global
scale across 60 object classes. For this study, we focus
on three distinct climate zones: Zone A (CZ A)—tropical
or equatorial, Zone B (CZ B)—arid or dry, and Zone C
(CZ C)—warm/mild temperate. These serve as our distinct
domains for studying spatial domain shifts in satellite-based
object detection.

To create the domains, we first map the geo-coordinates
of each image to its respective climate zone and proceed
with splitting the overall dataset into domains. However,
this results in a mismatch between the classes available
across the domains. To resolve this, we retain only those
classes that appear in all climate zones. Additionally, we
set a threshold of 30 samples per class to ensure sufficient
data for training. Any class with fewer than 30 samples
is excluded from all domains. This process yields a total
of 16 classes. To maintain consistent distribution of ob-
ject instances across the training, validation, and test sets
within each domain, we follow the procedure outlined in
Algorithm 1. This process is repeated for each domain, re-
sulting in the final RWDS-CZ dataset. Table 1 summarises
the dataset statistics, while Figure 2 shows the distribution
of training samples across classes in all domains.

To visualize the domain shift in RWDS-CZ, we extract
image embeddings using RemoteCLIP [34] and project
them into 2D using t-SNE [58]. Figure 3-A showcases the
shift between images from CZ A and CZ B.

Algorithm 1 Dataset Split Procedure
1: Input: Set of images I, class labels C
2: Initialise: Training set T ← ∅, Validation set V ← ∅, Testing

set S ← ∅
3: function ALLOCIMAGES(I,N )
4: for each class c ∈ C do
5: I∗ ← argmax

I∈I
count(I, c) ▷ Select image with most

instances of c
6: N ← N ∪ {I∗} ▷ Append to designated set
7: I ← I \ {I∗} ▷ Remove allocated image
8: end for
9: return (N , I) ▷ Return final dataset splits

10: end function
11: while I ≠ ∅ do
12: for i = 1 to 3 do ▷ Repeat 3 times for training set
13: T , I ← ALLOCIMAGES(I, T ) ▷ Update training set
14: end for
15: V, I ← ALLOCIMAGES(I,V) ▷ Update validation set
16: S, I ← ALLOCIMAGES(I,S) ▷ Update test set
17: end while

Split CZ A CZ B CZ C

Training 117, 265 43, 272 124, 717
Validation 58, 997 13, 423 47, 362
Test 56, 954 24, 745 60, 310

Table 1. RWDS-CZ overall object instances per partition

3.2. RWDS in Disaster Damage Assessment

A notable consequence of climate change is the increasing
frequency and severity of natural disasters such as hurri-
canes, storms, floods, wildfires, earthquakes, tsunamis, etc.
Damage assessment is essential during and after disasters
to support aid delivery, guide building reconstruction ef-
forts, and provide governments and humanitarian agencies
with an estimate of the disaster’s impact. Generally, large
amount of satellite imagery is captured around the disaster-
hit locations. However, given the sheer volume of data,
the cleaning, preprocessing and re-training of object detec-
tors for each disaster on the spot is time consuming and
might not be feasible due to lack of annotations, highlight-
ing the crucial need for robust models that can generalise
well to unseen distributions beyond those they were trained
on. Hence, we investigate the robustness of SOTA object
detectors in this application under two different scenarios.

In the first use-case, we examine the shift of the same
disaster type across distant geographic regions with differ-
ent socioeconomical characteristics. Specifically, we de-
fine domains in terms of collection of events that caused
floods across the United States and India, respectively. We
refer to this use-case as RWDS across Flooded Regions
(RWDS-FR). Whereas, in the second use-case, we focus
on understanding the shift in the behaviour of these models
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(a) Climate Zone A (b) Climate Zone B (c) Climate Zone C

Figure 2. Class-wise distribution of training data for each domain as well as the overall data distribution across domains in RWDS-CZ

Figure 3. Embedding space representations of the RWDS datasets

across different disaster events of the same type, namely,
hurricanes, in North America. We refer to this use-case as
RWDS across Hurricane Events (RWDS-HE). Similar to
the discussion related to the scarcity of open-source satel-
lite imagery, we utilise the raw satellite images released in
the xDB building damage assessment dataset [20] for both
RWDS-FR and RWDS-HE.

3.2.1 RWDS Across Flooded Regions (RWDS-FR)

We start by creating the metadata for the raw images. xDB
dataset provides disaster event, damage type, and polygons
of buildings for segmentation application. However, given
that we are interested in object detection, we convert poly-
gons of buildings into bounding boxes. Furthermore, simi-
lar to Section 3.1, we map the latitude and longitude coor-
dinates of the polygons to find the corresponding location
of each object instance in terms of country, region, conti-
nent, etc. We then extract the flooded objects in India and
US. Figure 4 shows example images illustrating the shift be-
tween the domains, with a close-up visualization of image
embeddings in Figure 3-B. Unlike the original data, where
the instances are categorised into four classes, namely, no
damage, minor damage, major damage and destroyed, when
extracting the flooded instances in the US and India, we ob-
serve a class imbalance between those classes. Therefore,
we transform the task into a binary categorisation, leaving

Figure 4. Comparison of flood scenes between the US and India

India US

Split D ND D ND

Training 5, 023 14, 841 10, 680 20, 055
Validation 2, 532 8, 320 5, 470 9, 834
Test 2, 802 8, 064 5, 452 10, 034

Table 2. RWDS-FR object instances per partition.

us with two classes, namely, damaged (D) and no dam-
age (ND). We then follow the same logic as that discussed
in Section 3.1 to create the training, validation and testing
splits. This yields the RWDS-FR dataset. Table 2 represents
the resulting domain and class distributions per split.

3.2.2 RWDS Across Hurricane Events (RWDS-HE)

In contrast to RWDS-FR dataset, where domains are de-
fined by diverse geographic regions, this dataset focuses
on hurricane events across North America, which are ge-
ographically closer in proximity. As a result, the dataset
consists of four hurricane events as domains: Florence,
Michael, Harvey, and Matthew, as shown in Figure 5. Fig-
ure 3-C presents the image embeddings for hurricanes Flo-
rence and Matthew as an example. We adhere to the pre-
processing, metadata creation, binary class categorisation,
and data splitting procedures outlined in Section 3.2.1. This
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Figure 5. Comparison of hurricane scenes from different events

Florence Michael Harvey Matthew

Split D ND D ND D ND D ND

Training 1,102 4,196 6,132 11,347 9,270 9,223 8,919 1,938
Validation 578 2,112 3,075 5,455 4,670 4,594 4,910 1,042
Test 582 2,158 3,229 5,890 4,796 4,821 4,743 1,078

Table 3. RWDS-HE object instances per partition.

defines the RWDS-HE dataset. Table 3 presents the final
per-class and per-split distribution for each domain.

4. Experiments
4.1. Single-Source and Multi-Source Setup

We investigate DG in two setups. The first involves training
an object detector on a single ID source training set, then
assessing its performance on both the held-out OOD target
domains and the ID test set. This setup reflects scenarios
with a limited diversity of data distributions. Whereas, in
the second setup, we incorporate training an object detec-
tor on a collection of source domains, mirroring real-world
scenarios, where data from a variety of distributions may
be available. For quantitative comparison, we evaluate the
trained object detector on each OOD target domain sepa-
rately, as well as on the average performance across ID do-
mains.1

4.2. DG Evaluation Metrics

Methods for evaluating DG models remain an active and
open area of investigation. Researchers have, however,
adapted existing approaches to assess the performance of
deep learning models on OOD datasets for classification
tasks. Among these, the leave-one-domain-out evaluation
strategy [18] is widely regarded. In this setup, one domain
is excluded from training, enabling it to serve as an inde-
pendent test domain to rigorously evaluate model perfor-
mance without any additional tuning. Inspired by this, we
adapt this evaluation technique for object detection under
the single- and multi-source setups.

We assess the performance of the object detectors using
the standard mean Average Precision (mAP) metric which is
commonly used in object detection applications [72]. More

1The single- and multi-source setups are formally defined in Supple-
mentary A.

Object Detector Backbone

Faster R-CNN [47] ResNeXt-101-64x4d
Mask R-CNN [24] ResNeXt-101-64x4d and FPN
TOOD [13] ResNeXt-101-64x4d, DCNv2 and FPN
DINO (5scale) [67] Swin-L
Grounding DINO [36] BERT and Swin-B
GLIP (L) [31] BERT and Swin-L

Table 4. Object detectors and their backbone architectures.

specifically, we use the MS-COCO AP metric, which is cal-
culated as the average over multiple IoU thresholds ranging
from 0.50 to 0.95 with a stepsize of 0.05.2

Performance Drop (PD). A metric frequently used in the
DG community for assessing the generalisability of clas-
sification tasks is the Performance Drop, which quantifies
the percentage of performance degradation observed in the
model when subjected to OOD data from a target domain.
Drawing inspiration from this approach, we apply it in the
context of DG for object detection. This is formulated as
follows:

PD = 100× mAPID −mAPOOD

mAPID
(1)

where mAPID and mAPOOD represent the average mAP
of the combination of detectors tested on a specific domain’s
ID and OOD test sets, respectively.
Harmonic Mean (H). To compare the ID and OOD perfor-
mance of object detectors based on their mAP, we adopt the
widely recognised Harmonic Mean as another evaluation
metric. This choice is motivated by its use in recent gen-
eralised open-set zero-shot learning studies [8, 14, 64] to
compute a joint score reflecting model performance across
in-domain and out-of-domain test sets. This is defined as:

H =
2×mAPOOD ×mAPID

mAPOOD +mAPID
(2)

4.3. Object Detectors and Hyperparameters

We conduct all the experiments using the MMDetection
toolbox [7]. We selected object detectors across clas-
sical (Faster R-CNN [47], Mask R-CNN [24]), recent
(DINO [67], TOOD [13]), and foundation model-based ap-
proaches (Grounding DINO [36], GLIP [31]). Table 4
presents the top-performing backbone architecture selected
for each detector, as evaluated on standard object detection
datasets by MMDetection.

To train the object detectors, we perform preprocessing
to unify the image sizes of the raw images. We start by
cropping all the images into 512×512 tiles with an overlap-
ping ratio of 0.2 using SAHI [1] while preserving the orig-
inal resolution of the images. To ensure a fair comparison

2mAP50 & mAP75 results are included in Supplementary B.
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Target

CZ A CZ B CZ C

Methods mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑
Faster R-CNN 7.2 3.9 47 5.0 7.5 6.0 20 6.7 7.7 3.4 56 4.7
Mask R-CNN 7.3 3.7 49 4.9 7.7 5.8 25 6.6 7.8 3.5 55 4.8
TOOD 7.8 4.0 49 5.2 7.8 6.1 22 6.8 8.2 4.0 52 5.3
DINO 11.0 5.6 49 7.4 9.6 8.0 17 8.7 11.0 5.6 49 7.4
Grounding DINO 12.9 7.5 42 9.5 10.8 10.0 7 10.4 13.1 7.1 46 9.2
GLIP 9.8 6.3 36 7.6 8.8 8.2 7 8.5 9.2 5.4 41 6.8

Table 5. Single-source DG analysis of SOTA detectors on RWDS-CZ.

Target

CZ A CZ B CZ C

Methods mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑
Faster R-CNN 7.7 4.9 36 6.0 8.2 7.1 13 7.6 7.7 4.1 47 5.4
Mask R-CNN 7.5 4.7 37 5.8 8.1 6.9 15 7.5 7.9 4.3 46 5.6
TOOD 8.2 5.0 39 6.2 8.7 7.0 19 7.7 8.3 4.8 42 6.1
DINO 11.6 7.2 38 8.9 11.5 9.6 16 10.4 11.8 7.0 40 8.8
Grounding DINO 13.1 8.8 33 10.5 12.5 11.0 12 11.7 13.1 9.3 29 10.9
GLIP 10.6 8.0 24 9.1 9.8 9.2 6 9.5 9.8 6.8 31 8.0

Table 6. Multi-source DG analysis of SOTA detectors on RWDS-CZ.

of model performances and to mimic real-world conditions
where hyperparameter optimisation may be impractical, we
use the default hyperparameters specified for each model.

5. Results and Analyses
In the single-source experiment, we evaluate OOD perfor-
mance by calculating the average performance across mod-
els tested on OOD domains, while the ID performance is
assessed on the test set of the ID source domain. In contrast,
for the multi-source setup, we calculate ID performance as
the average performance of all object detectors trained on
source domains, while OOD performance is evaluated on
the test set of the left-out OOD target domain.

5.1. RWDS across Climate Zones (RWDS-CZ)

5.1.1 Single-Source DG Experiment

In the single-source setup, we train all six detectors on the
three climate zones, namely, CZ A, CZ B and CZ C, indi-
vidually. This results in a total of 18 trained object detec-
tors. We then proceed to evaluate the performance of the
trained detectors on the different ID and target OOD test
sets, yielding a total of an additional 54 inference experi-
ments. Table 5 summarises the performance of the detectors
on each climate zone.3

When comparing the performance on OOD climate
zones to the ID test sets, it can be observed from Table 5

3The detectors’ cross-domain results on RWDS-CZ under single-
source setup are in Supplementary B.1.1.

that all object detectors exhibit a significant performance
drop of above 35% for CZ A, 7% for CZ B and 40% for
CZ C, highlighting the challenges posed by domain shift
across different climate zones and the limitations of current
models in handling OOD data efficiently.

While GLIP experiences the lowest drop between ID
and OOD performance for all the climate zones, Ground-
ing DINO achieves the highest overall tradeoff, balancing
both ID and OOD performance most effectively. Moreover,
highlighted by H-scores, among the SOTA object detectors
evaluated, Grounding DINO outperforms other detectors,
both in terms of ID and OOD performance. A plausible ex-
planation to this observation could be that Grounding DINO
was designed to generalise to unseen classes in an open-set
setting and such capabilities not only boost the performance
in an open-set setting but also under a DG setting. The qual-
itative performance across domains are analysed in Supple-
mentary B.1.2.

5.1.2 Multi-Source DG Experiment

Similar to the single-source experiment, we evaluate the
performance of the trained detectors on the different ID and
OOD test sets, yielding a total of an additional 54 experi-
ments. Table 6 summarises the performance of each detec-
tor across the various combinations of the climate zones.4

When comparing the performance of the object detec-
tors trained on a single-source to those trained under the

4The detectors’ cross-domain results on RWDS-CZ under multi-source
setup are in Supplementary B.1.3.
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Target

India US

Methods mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑
Faster R-CNN 4.5 1.3 71 2.0 25.5 1.8 93 3.4
Mask R-CNN 4.3 1.2 72 1.9 25.9 2.0 92 3.7
TOOD 5.1 1.6 69 2.4 27.6 2.4 91 4.4
DINO 7.0 2.2 69 3.3 30.8 4.3 86 7.5
Grounding DINO 6.7 3.3 51 4.4 31.3 10.8 65 16.1
GLIP 6.7 3.3 51 4.4 30.7 11.9 61 17.2

Table 7. Single-source DG analysis of SOTA detectors on RWDS-FR.

Target

Florence Michael Harvey Matthew

Methods mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑
Faster R-CNN 34.5 8.6 75 13.8 18.6 6.5 65 9.7 25.1 3.7 85 6.4 1.5 0.3 78 0.5
Mask R-CNN 34.0 8.3 76 13.3 19.1 6.9 64 10.1 25.6 3.7 86 6.4 1.7 0.4 78 0.6
TOOD 35.7 10.4 71 16.1 21.0 7.1 66 10.6 27.5 4.4 84 7.5 2.4 0.5 78 0.9
DINO 36.5 12.0 67 18.0 20.6 7.6 63 11.1 31.4 4.9 84 8.5 2.5 0.8 69 1.2
Grounding DINO 39.3 17.4 56 24.2 24.2 9.3 62 13.4 31.0 7.7 75 12.4 3.3 1.2 65 1.7
GLIP 40.8 19.0 53 25.9 23.9 10.2 57 14.3 29.2 7.0 76 11.3 3.7 1.3 64 2.0

Table 8. Single-source DG analysis of SOTA detectors on RWDS-HE.

multi-source setup, it can be observed that training on mul-
tiple source domains enhances not only the object detector’s
performance on the ID test set but also provides a more sub-
stantial boost to the OOD performance.

Furthermore, consistent with the findings of the single-
source experiment, all object detectors evaluated under the
multi-source setting experience a notable performance drop
when tested on OOD target test set compared to the ID test
set. Moreover, across the object detectors benchmarked,
Grounding DINO demonstrates the highest performance on
the ID and OOD test sets, as evidenced by its H-score.

5.2. RWDS across Flooded Regions (RWDS-FR)

Since RWDS-FR includes only India and the US as do-
mains, this dataset inherently fits within a single-source set-
ting. We train a total of 12 object detectors and conduct a
total of 24 experiments to evaluate their ID and OOD perfor-
mances, respectively. Table 7 summarises the ID and OOD
performance of all the object detectors.5

A notable decline in performance can be observed across
both India and the US on the OOD test sets with drops ex-
ceeding 52% and 62%, respectively, indicating a significant
impact of the domain-specific variations between the two
regions. Grounding DINO and GLIP exhibit comparable
performance, both outperforming other object detectors in
terms of ID and OOD performance. Their superior OOD
performance highlights their slight robustness in handling
domain shifts, making them more effective than the other

5The detectors’ cross-domain results on RWDS-FR are in Supplemen-
tary B.2.1.

object detection models when the domain shift is defined
in terms of disparate geographic regions. We present quali-
tative performance analyses across domains in Supplemen-
tary B.2.2.

5.3. RWDS across Hurricane Events (RWDS-HE)

5.3.1 Single-Source DG Experiment

A significant decline in performance can be observed, in
Table 8, between hurricane events, suggesting that varia-
tions in the nature and characteristics of these events con-
tribute to discrepancies in detection precision.6 This drop
highlights the challenge of generalising disaster object de-
tection across different types of extreme weather events due
to domain-specific variations, underscoring the need for fur-
ther research on developing more robust and generalisable
detectors to account for such discrepancies.

Consistent with the RWDS-FR experiment, both
Grounding DINO and GLIP achieve the highest perfor-
mance, with GLIP performing slightly better and excelling
in OOD detection compared to the other object detectors.
It is also evident that the object detectors have the weakest
ID performance when evaluated on the test set of Hurricane
Matthew, which suggests that the underlying data is difficult
and might suffer from factors such as label noise and class
imbalance, as discussed in Section 3.2.2, influencing the
performance of the models negatively. Qualitative domain
performance analyses are provided in Supplementary B.2.2.

6The detectors’ cross-domain results on RWDS-HE under single-
source setup are in Supplementary B.3.1.
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Target

Florence Michael Harvey Matthew

Methods mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑ mAPID mAPOOD PD ↓ H ↑
Faster R-CNN 32.8 12.7 61 18.3 19.0 8.9 53 12.1 25.0 5.2 79 8.6 1.7 0.4 76 0.6
Mask R-CNN 33.6 13.3 60 19.1 19.3 9.1 53 12.4 25.8 5.4 79 8.9 1.6 0.7 56 1.0
TOOD 34.2 14.0 59 19.9 19.7 9.6 51 12.9 27.2 5.3 81 8.9 2.2 0.5 77 0.8
DINO 37.3 17.0 54 23.3 21.4 10.6 50 14.2 31.3 7.7 75 12.4 2.8 0.8 71 1.2
Grounding DINO 39.6 28.2 29 32.9 24.3 12.8 47 16.8 32.2 9.4 71 14.5 3.1 1.5 52 2.0
GLIP 40.8 30.7 25 35.0 24.3 11.4 53 15.5 30.9 7.8 75 12.5 3.2 1.1 66 1.6

Table 9. Multi-source DG analysis of SOTA detectors on RWDS-HE.

5.3.2 Multi-Source DG Experiment

In our experimental results illustrated in Table 9, we observe
a slight performance drop in the ID performance of the ob-
ject detectors when comparing the multi-source setup to the
single-source.7 This decline in ID performance suggests
that training on multiple source domains introduces addi-
tional complexity, which can marginally reduce the model’s
ability to generalise effectively to the ID domain. There-
fore, the inclusion of multiple domains likely causes the
model to adapt to a broader set of domain features, which
may dilute its focus on optimising the performance specifi-
cally on the ID test set. While the multi-source setup gener-
ally enhances OOD performance, this comes at the cost of
slightly decreased ID accuracy.

However, a notable improvement in OOD performance is
observed across nearly all models and domains when com-
pared to the single-source setup. This improvement indi-
cates that the model benefits significantly from exposure to
a diverse set of source domains, enhancing its ability to gen-
eralise to unseen, OOD domain. Furthermore, consistent
with the previous experiments, Grounding DINO and GLIP
had a comparably high ID and OOD performances in com-
parison to the other evaluated object detectors.

5.4. Error Analysis of Object Detectors

We analyse detection errors using the TIDE [2] toolbox, as
shown in Figures 6. Evaluating on the OOD data of RWDS-
CZ as a use-case, where the model is trained on CZ A and
tested on CZ B, we find that classification errors are the
main factor for performance drop, followed by background
errors for both GLIP and Grounding DINO, and missed
classifications for Faster R-CNN. Moreover, Faster R-CNN
has the highest classification and missed groundtruth er-
rors, which aligns with the findings in Section 5.1, where
it consistently had the weakest performance. While GLIP
makes less errors than Faster R-CNN, its higher rate of
background errors explains its weaker performance com-
pared to Grounding DINO. A similar trend appears when
evaluating the performance of the model trained of CZ B

7The detectors’ cross-domain results on RWDS-HE under multi-source
setup are in Supplementary B.3.3.

Figure 6. Object detection errors of detectors trained on CZ A and
evaluated on ID (top-row) and OOD (bottom-row) data of CZ B.

and evaluated on its ID test set, where Faster R-CNN and
Grounding DINO exhibit higher classification errors, while
GLIP has the highest background error rate.

6. Conclusion
Object detectors typically perform well under the assump-
tion that training and evaluation data come from the same
distribution. However, real-world target distributions of-
ten differ, causing performance drops due to the distribution
shift. DG aims to address this by enabling models to gen-
eralise to OOD data without access to target distributions
during training. This study examines the generalisability of
SOTA object detectors under spatial domain shifts in real
world applications and introduces three novel DG bench-
mark datasets focused on humanitarian and climate change
applications. Supported by our findings under single-source
and multi-source setups, these datasets, covering domain
shifts across climate zones, regions and disaster events, are
the first to assess object detection in high-impact real-world
contexts and aim to provide valuable resources for evaluat-
ing future models’ robustness and generalisation.
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