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1 Detailed Data Descriptions

We evaluate the proposed method on two publicly available, challenging datasets,
i.e., DOTA-V1.0 [5], DOTA-v2.0 [3] and DIOR-R [1] for object detection in aerial
images. These datasets all exhibit significant scale differences, we report their
detailed information in this section.

DOTA-V1.0: DOTA-V1.0 is the most famous large-scale dataset of aerial
images for oriented object detection. It contains 2,806 images, and 188,282 in-
stances belonging to 15 categories, including Plane (PL), Baseball diamond
(BD), Bridge (BD), Ground track field (GTF), Small vehicle (SV), Large ve-
hicle (LV), Ship (SH), Tennis court (TC), Basketball court (BC), Storage tank
(ST), Soccer-ball field (SBF), Roundabout (RA), Harbor (HA), Swimming pool
(SP) and Helicopter (HC). All images are cropped to 1,024 × 1,024 patches with
a stride of 524 for training and inference. Fig. 1a summarizes the size distribu-
tions for each category of DOTA-V1.0. It can be seen that the minimum size is
3− 4 orders of magnitude lower than the maximum size in each category, while
there is also a large range of size differences between categories.

DOTA-v2.0: DOTA-v2.0 is the latest version of the DOTA series. As of
now, it is the largest dataset for oriented object detection in aerial images. Com-
pared with previous versions, DOTA-V2.0 contains more images and instances,
specifically around 11,286 images and 1.8 million instances. It further adds two
new categories, including airport and helipad. It is worth noting that there is a
large proportion of tiny objects and several extremely large objects, making the
task more challenging.

DIOR-R: DIOR-R is another large aerial image dataset. It consists of 23,463
images with 190,288 instances, covering 20 object categories, including airplane
(APL), airport (APO), baseballfield (BF), basketballcourt (BC), bridge (BR),
chimney (CH), dam (DAM), expressway-toll-station (ETS), expressway-service-
area (ESA), golffield (GF), groundtrackfield (GTF), harbor (HA), overpass (OP),
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(a) Size distributions for each category

(b) Intra-class size variations

(c) Inter-class size variations

Fig. 1: Illustration of size variations on DOTA-V1.0 [5] and DIOR-R [1].

ship (SH), stadium (STA), storagetank (STO), tenniscourt (TC), trainstation
(TS), vehicle (VE), windmill (WM). In particular, the GSD ranges from 0.5m
to 30m, causing a large range of intra-class scale variations (Fig. 1b). Moreover,
there are also existing large inter-class variations, as shown in Fig. 1c.

2 Qualitative Comparison

Fig. 2 illustrates the comparison of detection results between different detec-
tors with and without our proposed MSCD, including Rotated FR [4], Oriented
RCNN [6], and RoI Transformer [2]. The following observations are made: (1)
MSCD enhances the detection ability of small objects. Columns 1 and 3 demon-
strate that MSCD accurately detects airplanes and baseball fields. (2) MSCD
enables detectors to detect large objects more accurately. Column 4 reveals that
the single-scale models generate inaccurate OBB for the airport, while MSCD
avoids these errors. (3) MSCD can efficiently alleviate false and missed detec-
tion. Columns 2 and 3 illustrate that MSCD can accurately detect expressway-
service-area and baseball fields. Meanwhile, the single-scale models incorrectly
classify the road as an airport, whereas MSCD does not exhibit this issue. In
summary, these observations demonstrate that MSCD enhances different detec-
tors in various aspects, including the detection ability of objects with different
scales, localization accuracy, and object classification.

References

1. Cheng, G., Wang, J., Li, K., Xie, X., Lang, C., Yao, Y., Han, J.: Anchor-free ori-
ented proposal generator for object detection. IEEE Transactions on Geoscience and
Remote Sensing 60, 1–11 (2022). https://doi.org/10.1109/TGRS.2022.3183022

2. Ding, J., Xue, N., Long, Y., Xia, G.S., Lu, Q.: Learning roi transformer for oriented
object detection in aerial images. In: Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. pp. 2844–2853 (2019). https://doi.
org/10.1109/CVPR.2019.00296

https://doi.org/10.1109/TGRS.2022.3183022
https://doi.org/10.1109/TGRS.2022.3183022
https://doi.org/10.1109/CVPR.2019.00296
https://doi.org/10.1109/CVPR.2019.00296
https://doi.org/10.1109/CVPR.2019.00296
https://doi.org/10.1109/CVPR.2019.00296



	Multi-Scale Cross Distillation for Object Detection in Aerial Images  — Supplementary Material

