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This supplementary material presents additional exper-
imental details and results that are omitted from the main
paper due to the space limit. Section A explains extremely
low-light images of the ExLPose dataset. Section B shows a
comparison of dataset scale with other human pose datasets.
Section C presents a detail of the geometric alignment
of our dual-camera system. Section D describes experi-
mental details about implementation (Sec. D.1) and net-
work architectures (Sec. D.2). Section E shows an in-
depth analysis of our method, including lighting condition
analysis (Sec. E.1), lighting condition insensitive features
analysis (Sec. E.2), and additional analysis for our method
(Sec. E.3). Section F shows detailed results of the various
combinations of the existing enhancement methods and the
pose estimation network. Section G gives extensive experi-
mental results to investigate the components of our method,
such as LSBN (Sec. G.1), LUPI (Sec. G.2, G.3, G.4), and
intensity scaling (Sec. G.5). Section H presents experimen-
tal results of person detection in extremely low-light condi-
tions. Finally, Section I shows additional qualitative results.

A. Explanation on Extremely Low-light Im-
ages

Low-light conditions are important as they are prevalent
in many scenarios with limited illumination, such as night-
time and low-light indoor environments. Capturing images
in such conditions is challenging due to the requirement
of a long exposure time, which can cause motion blur, a
thorny problem to solve. To avoid blur, a common prac-
tice is to utilize extremely low-light images captured with
a short exposure time for various tasks in low-light envi-
ronments, such as image enhancement [3,12,24,25], action
recognition [27], image matching [19], optical flow estima-
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tion [29]. In the case of human pose estimation, capturing
images with a long exposure time is impossible due to the
movement of humans. Thus, we study pose estimation un-
der extremely low-light conditions using an extremely low-
light image rather than images captured with long exposure.
The low-light images can be ampli�ed to improve visibility
using global scaling, but noise is also ampli�ed, resulting in
extremely noisy images. Fig. a1 shows low-light and scaled
images in the SID [3] and ExLPose datasets. The scaled im-
ages are extremely noisy since the scaling ampli�es noise;
the degree of noise depends on that of darkness.

Figure a1. Examples of well-lit, extremely low-light, and scaled
low-light images in the SID [3] and ExLPose datasets.

B. Scale Comparison to Other Datasets

We compare our dataset to existing human pose esti-
mation datasets. As shown in the Table a1, the scale of
our dataset is large enough since it is comparable to com-
mon datasets in terms of the number of annotated people as
shown in the table. Note that the unit of supervision in pose
estimation is a human instance, not an image.

Dataset Paired #Poses Multi-person

LSP [13] 2,000
LSP Extended [14] 10,000
MPII Single-person [1] 26,429
FLIC [18] 5,003

We are family [6] 3,131 X
OCHuman [28] 8,110 X
MPII Multi-person [1] 14,993 X
CrowdPose [16] 80,000 X
ExLPose (Ours) X 14,214 X

Table a1. Statistics of ExLPose and other datasets.

C. Geometric Alignment of Our Camera Sys-
tem

We physically align two camera modules of the dedi-
cated dual-camera system as much as possible to capture
images that are aligned with each other. Nevertheless, there

may exist a small amount of geometric misalignment be-
tween the cameras as discussed in [17]. Moreover, while
moving around the camera system collecting the dataset,
the movement of the camera system may introduce addi-
tional geometric misalignment.

To resolve this, we captured a reference image pair of a
static scene before collecting data every time we moved the
camera system, and estimated a homography between them.
We set the exposure time of the low-light camera module
100 times longer so that pairs of reference images have the
same brightness for accurate homography estimation. Then,
we estimated a homography matrix between them using the
method of [7] and aligned the collected well-lit images us-
ing the estimated homography matrix. Fig. a2(a)-(b) visual-
ize the effect of geometric alignment using stereo-anaglyph
images where a pair of well-lit and scaled low-light images
from the camera modules are visualized in red and cyan. As
the �gure shows, even before the geometric alignment, im-
ages from our camera system have only a small amount of
misalignment. Nevertheless, the geometric alignment can
successfully resolve the remaining misalignment.

Figure a2. Stereo-anaglyph images (a) before and (b) after geo-
metric alignment.

D. Experimental Details

In this section, we present the implementation settings
and detailed network architectures that are omitted from the
main paper due to the space limit.

D.1. Implementation Details

Pose Estimation Network.The pose estimation network is
trained by the Adam optimizer [15] with a weight decay of
1e� 5 and a learning rate set initially to5e� 4 and decreased
by a factor of 2 every six epochs. Each mini-batch consists
of 32 images from each lighting condition. Following Cas-
caded Pyramid Network (CPN) [4], each human box image



is cropped and resized to a �xed size, 256� 192. Then we
apply random scale (0:7 � 1:35) augmentation. During
training, we multiply a weight of1e� 3 to L LUPI.

Person Detection Network. The person detection net-
work, i.e. Cascade R-CNN [2] with ResNeXt101 [26] pre-
trained on ImageNet [5], is optimized by the SGD with a
momentum of 0.9, and a weight decay of1e� 4 within 12
epochs. The initial learning rate is set to2e� 3 for the de-
tection network, and it is decayed by a factor of 0.1 for the
eight and eleven epochs. For each lighting condition, the
mini-batch size is set to 2. All input images are resized to
a �xed size, 1333� 800. Similar to the pose estimation net-
work, we multiply a weight of1e� 3 to L LUPI during train-
ing. In testing, duplicated detected boxes are �ltered out by
Non-Maximum Suppression (NMS) with an IoU threshold
of 0.7.

D.2. Network Architectures

Fig. a3 and Fig. a4 depict the detailed architecture of hu-
man pose estimation and person detection, respectively.

Pose Estimation Network.For the human pose estimation
network, as shown in Fig. a3, we adopt CPN [4], involv-
ing two sub-networks of GlobalNet and Re�neNet. Global-
Net is similar to the feature pyramid structure for key point
estimation. In GlobalNet, each feature from four residual
blocks (i.e., R1-R4) is applied 1� 1 convolutional kernel and
then element-wise summed. Then, Re�neNet concatenates
all the features from GlobalNet. For GlobalNet and Re-
�neNet, the pose estimation losses are applied to the output
feature of each sub-network, where we denoteL global and
L re�ne for them, respectively. As mentioned Sec. 5.1 in the
main paper, LUPI is applied to the feature maps of the �rst
convolutional layer and the following four residual blocks
of a ResNet backbone. For more details on the pose estima-
tion network, please refer to the CPN [4] paper.

Person Detection Network. We utilize Cascade R-
CNN [2] as the person detection network. In Fig. a4, teacher
and student networks are trained by the common detection
losses for classi�cation and regression, denoted asL cls and
L reg, respectively. We �rst try applying LUPI on the feature
maps of the �rst convolutional layer and the four residual
blocks following our experimental setting in human pose
estimation. However, we found that applying LUPI on the
output features from the feature pyramid network is more
effective than applying the loss on the features from residual
blocks. Therefore, as presented in the �gure, we �nally ap-
ply LUPI on the feature maps of the �rst convolutional layer
and the following feature pyramid network. More detailed
information for the person detection network is described in
the Cascade R-CNN [2] paper.

E. Empirical Analysis

E.1. Analysis on Lighting Conditions

Our method is based on the assumption that the neural
style encodes the lighting condition. In this section, we em-
pirically verify this assumption by visualizing the distribu-
tions of Gram matrices computed from low-light and well-
lit images. Their Gram matrices are computed at 1st, 2nd,
3rd, and 4th Res Blocks of ResNet-50 [10] pre-trained on
the ImageNet dataset [5]. Fig. a5 showst-SNE [20] visual-
ization of Gram matrices. In the �gure, we can observe that
images of the same lighting condition are grouped together
in the style spaces, which validates our assumption.

E.2. Qualitative Analysis on Lighting Condition In­
sensitive Features

We conduct an experiment to investigate the impact
of lighting condition insensitive features learned by our
method. To this end, we train an image reconstruction
model composed of a backbone of CPN as an encoder and
a decoder which consists of transposed convolution layers
on the well-lit image of the ExLPose dataset. Then, we re-
place the encoder of the reconstruction model with that of
the pose estimation model trained by our method. Fig. a6
shows the reconstructed results on well-lit and low-light im-
ages. The �gure demonstrates that our model learns fea-
tures insensitive to lighting conditions in that reconstructed
images from well-lit and low-light are consistent results.

E.3. Additional Quantitative Analysis on Our
Method

In the main paper, we compare the average Hausdorff
distance [11] between sets of Gram matrices under differ-
ent lighting conditions. In this section, we show additional
results to investigate the style gaps between well-lit and
paired low-light images. To this end, we compute the mean
squared error (MSE) [23] distance on gram matrices be-
tween low-light and well-lit images of a pair before and af-
ter applying LUPI. Then, we report the average values for
the overall ExLPose dataset. Fig. a7 presents that the style
gaps between low-light and well-lit conditions are reduced
by LUPI.

F. Results of Various Applying Enhancement
Methods

F.1. Results on the ExLPose Dataset

In this section, we report the detailed results of adopting
existing enhancement methods. To this end, we �rst apply
enhancement methods on low-light images of the ExLPose
dataset as pre-processing. For the learning-based enhance-
ment method (i.e., LLFlow), we train the method using
paired low-light and well-lit images of the ExLPose dataset.



Figure a3. Illustration of the detailed human pose estimation network architecture. Both of teacher (bottom) and student (top) are trained
by the same pose estimation loss ofL global andL re�ne from GlobalNet and Re�neNet of CPN [4]. LUPI is applied to the feature maps of the
�rst convolutional layer (i.e., C1) and four residual blocks (i.e., R1-R4) of a ResNet backbone. Teacher and student share all the parameters
except LSBNs.


