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1 KITTI-Materials Dataset

KITTI-Materials dataset consists of 1000 images covering 24 different road scenes
of downtown, campus, residential area, highway, and other cityscapes. Figure 1
shows an example of the various types of road scene images with their corre-
sponding material annotations. Table 1 reports the detailed per-class pixel statis-
tics of each scene (with scene IDs), where material categories “sand,” “gravel,”
and “water” only show up in very few scenes and are comparatively rare due to
the natural long-tail distribution of road scene materials.

For evaluation on KITTI-materials, we define two training-test data splits
(i.e., Split-1 and Split-2), where the test set of Split-1 (consists of scenes 0926019,
0926086, 0930034, and 1003047) contains more scenes with highways and rural
areas while Split-2 (consists of scenes 0926064, 0926095, 0929004, and 0930016)
is biased to city scenes. Both splits contain all 1000 images of KITTI-Materials,
where 800 images are for training and 200 images are for testing, but with
different combinations of scenes. Figure 2 shows the different characteristics of
Split-1 and -2 with example images, and Table 1 reports the per-class statistics of
them. Both training and test sets of these two splits show very strong imbalance
in the material categories. Note that researchers can define their tailored split
policies for their experiments after we publicly disseminate the KITTI-Materials
dataset. That said, as some of the materials only appear in images of a few
scenes, splits with all material categories in both train and test sets are hard to
realize when based on scenes except for the suggested Split-1 and -2.

Table 2 shows the statistical properties of KITTI-Materials and other related
street-view material (i.e., MCubeS [4]) and semantic segmentation datasets (i.e.,
Cityscapes [3], Daimler Urban Segmentation (DUS) [5], and KITTI Semantic
Segmentation (KITTI-SS) [1]), where only KITTI-Materials and MCubeS pro-
vide dense material annotations. In contrast to MCubeS which comprises rare
suburban scenes, our KITTI-Materials is comprised of diverse images of city and
suburban landscapes with a broader city-scale sampling range. KITTI-Materials
has higher annotation density compared to road scene semantic segmentation
datasets (Cityscapes, DUS, and KITTI-SS), which ensures high quality material
annotations for realistic driving view images.
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(d) Highway

Fig. 1. Example images and their corresponding material annotations from the KITTI-
materials dataset. From top to bottom are examples regarding “downtown,” “campus,”
“residential area,” and “highway,” respectively.

2 Per-Class Evaluation

In Table 3, we report detailed per-class results for 20 material categories on
Split-1 and Split-2 of KITTI-Materials.

Our results on Split-1 shows that our RMSNet yields the best results on most
material classes including “asphalt,” “concrete,” “metal,” “road marking,” “fabric,
vinyl,” “glass,” “plaster,” “rubber, vinyl,” “cobblestone,” “brick,” “wood,” “human,
body,” and “sky,” where RMSNet introduces clear gains on “asphalt,” “road mark-
ing,” “rubber, vinyl,” “plaster,” “metal,” “cobblestone,” “brick,” “wood,” and “hu-
man, body,” which are materials critical in road scene understanding.

As seen in results on Split-2, our method shows highest accuracies on most
of the material classes, where it achieves clear improvements on “metal,” “glass,”
“rubber, vinyl,” “plastic,” “plaster,” “ceramic,” “grass,” “wood,” and “human body,”
which are common material categories in city road scenes.
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Table 2. Statistical properties of KITTI-Materials and other street-view mate-
rial/semantic segmentation datasets. “img.,” “Ann.,” “Mat.,” and “cls” denote “im-
age,” “annotation,” “material,” and “classes” respectively; “Suburban” denotes “subur-
ban scenes” and “CS samp.,” denotes “city-scale sampling;” “v"” means “yes or applica-
ble” while “” denotes “no or Non-Applicable (N/A);” “KITTI-SS” and “KITTI-Mats”

denote KITTI Semantic Segmentation and our KITTI-Materials datasets, respectively.

Dataset |#Imgs| #Img size |#Ann. den|Mat.|#Mat. cls|Suburban| CS samp. |#Ann. pixels
MCubeS 500 [1224 x 1024| > 99.0% v 20 Rare |- (= 4KM?) 627M
Cityscapes | 5000 (2048 x 1024| 97.1% - - v v 9400M
DUS 500 1024 x 440 63.0% - - Rare N/A 140M
KITTI-SS 400 | 1242 x 375 88.9% - - v v 230M
KITTI-Mats| 1,000 | 1216 x 320 | > 99.0% v 20 v v 389M

(b) Split-2

Fig. 2. Visual examples of the test sets of (a) Split-1 and (b) Split-2.
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