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Figure 3. CPD can reduce false positive samples comparing to
using aggregation-based methods.

Figure 4. A demonstration of canonical ordering of a group. The
woman in hat is stronger than the other, and the relation keeps the
same cross viewpoints and modalities.

networks decrease a lot and the modality gap between
RGB and infrared images not well-alleviated. It is straight-
forward to adopt weak-supervised methods in RelD such
as [14,19]. Here we focus on relations of group members
rather than generating pseudo labels.

Following previous notations, we model an image I with
a set of single-person features F; = {f1, fa, ..., fn} With-
out an ordering. The feature f; of image I is the concate-
nation of elements in F; with the ordering of input data.
The problem of comparing two images is simplified to mea-
sure the similarity of two feature sets. We observe that in
a group there are modality-invariant visual relations among
group members to form its canonical ordering. For exam-
ple, a group of three boys may vary in height, they can be
ranked by height in descending order. The visual relations
such as tall-short and fat-thin are robust cross modalities
and camera-views. An illustration sample is displayed in
Figure 4. The learned relations provide rules to assign an
ordering to unordered feature set. Concatenation of single-
person features in the modality-invariant order, e.g. from
tall people to short people, forms a robust representation for

groups. As shown in Figure 2b, the relation matrix R and
relation score S are defined as

R = (si;) € RVN,

si; = simialarity (fi, f) , (6)
S; = mean (R;)),

where i, € N, R, is the ith row of R.

The similarity function measures the distance between
features of any two members in a group. The relation score
S; of identity ¢ is calculated by the average similarity with
all other members, which indicates the overall relationship
that can be regarded as the relative importance in the group.
Then we get a rank list of all relation scores in the group
and generate an ordering Oz of the feature set F, which
is supposed to be invariant to camera changes and modality
changes. In the case of N = 2, we simply reverse the input
order of f;.

In training stage, we concatenate all single-person fea-
tures in F7 with the learned ordering Oz as

fo, = concatenate { f1, f2, ..., fn}o, ; )

fr with the input ordering and fo, are both reserved for
training. In testing stage, the output feature is fo, which is
irrelevant with the ordering of input data.

4. CM-Group Dataset
4.1. Dataset Collection

There are three main challenges to collect a large-scale
RGB-IR G-RelD dataset. 1) To ensure large amount of
groups, the amount of people have to be at least 2-3 times
larger than groups. 2) The groups of people have to appear
in camera views both in the daytime and in the evening.
3) It is very hard to annotate every person with automatic
tools because the layout may change in different images. In
this work, we present CM-Group, a large-scale real-world
RGB-IR G-RelD dataset. We recruit 1,013 volunteers with
every volunteer signs a consent letter for video recording
and data collection for academic use. The volunteers are
asked to walk in groups at 6 different scenes, three in the
daytime and three at night. Each volunteer only belongs
to one group. We use surveillance cameras to record videos
and every group appears more than 30 seconds in each cam-
era. Camera 1-3 are RGB cameras, which are placed on a
road, a cortile and a stairwell, respectively. Camera 4-6 are
infrared cameras, which are placed on a sidewalk, a corri-
dor and a terrace, respectively. The raw videos are recorded
from April to September, which covers different illumina-
tion conditions and weather. To obtain full annotations of all
individuals and groups, we adopt YOLOV5 [17] to generate
raw bounding boxes for every person, then we carefully an-
notate person labels and rectify wrong bounding boxes in
each image by hand.

13666



(b) Scale changes

(a) Member changes

21=06 058 5% 15:52:33

o

(c) Clothes changes (d) Extreme situation

Figure 5. Examples of RGB images and IR images in CM-Group. Figure 5a-Figure 5d present diverse challenging situations for RGB-IR

G-RelD. Images are resized for better presentation.
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Figure 6. Statistics of groups, images and bounding boxes cap-
tured by each camera.

4.2. Dataset Description

The CM-Group dataset contains 30,946 images of 427
groups, with 1,013 annotated persons and 72,254 bounding
boxes. The number of people in each group range from 2 to
5 and the average number of group members is 2.4. In each
camera, we select 10-17 images for each group if available.
The sample images and dataset statistics are shown in Fig-
ure 5 and Figure 6 respectively. Figure 5 displays several
situations that are very common in real scenarios such as
member changes, scale changes, clothes changes and ex-
treme illumination conditions. It is clear that there are vast
differences between RGB images and infrared images. To
provide background information for future study, all images
in CM-Group are original frames of raw videos.

The comparisons with three existing G-RelD datasets,
i.e. Road Group, CSG, CitylM, and one RGB-IR RelD
dataset SYSU-MMOL1 are listed in Table 1. To our best
knowledge, CM-Group is the first RGB-IR dataset for G-
RelD and the largest real-world G-RelD dataset. In real-
world G-RelD datasets, CM-Group includes more chal-
lenges, such as clothes changes and scale changes, to be
addressed.

4.3. Evaluation Protocol

There are 427 groups in CM-Group. Following the set-
ting in MSMT17 [23], we divide the dataset into training
and testing set with a ratio of 1:3 to encourage more effi-
cient training strategies. Accordingly, we have a fixed split
of CM-Group with 107 groups for training and 320 groups
for testing. The training set contains 17,282 bounding boxes
of 233 identities, and the testing set contains 54,972 bound-
ing boxes of 780 identities. In the testing set, RGB images
from camera 1-3 form the gallery set, and infrared images
from camera 4-6 form the query set.

To evaluate the performance of models, we use Cumula-
tive Matching Characteristics (CMC) curve and mean Av-
erage Precision (mAP). We randomly select one image for
each group in each RGB camera to form the gallery and
compute the average scores of 10 trials as final performance.

5. Experimental Results
5.1. Implementation Details

We conduct extensive evaluations on the CM-Group
dataset. In our methods, we adopt ResNet-50 [7] pre-trained
on ImageNet [3] as backbone for all experiments, where the
stride size of the last convolution layer is set to 1. To train
with full annotations including person labels, we assume
a Good feature extraction network is provided. Thus we
use the state-of-the-art RGB-IR RelD method MPANet [26]
which is trained on CM-Group as feature extractor. The
dataset for training is cropped to single-person images ac-
cording to person labels in advance. In training stage, we
use the hyperparameters and configurations as in MPANet.
All images are resized to 384x128. We sample 128 im-
ages from the RGB modality and infrared modality to form
a mini-batch. In each mini-batch, we randomly sample 16
identities and 8 images for each identity. The model is op-
timized by Adam method with a weight decay of 5 x 104,
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