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Abstract

RGBT multispectral pedestrian detection has emerged
as a promising solution for safety-critical applications that
require day/night operations. However, the modality bias
problem remains unsolved as multispectral pedestrian de-
tectors learn the statistical bias in datasets. Specifically,
datasets in multispectral pedestrian detection mainly dis-
tribute between ROTO1 (day) and RXTO (night) data; the
majority of the pedestrian labels statistically co-occur with
their thermal features. As a result, multispectral pedes-
trian detectors show poor generalization ability on ex-
amples beyond this statistical correlation, such as ROTX
data. To address this problem, we propose a novel Causal
Mode Multiplexer (CMM) framework that effectively learns
the causalities between multispectral inputs and predic-
tions. Moreover, we construct a new dataset (ROTX-
MP) to evaluate modality bias in multispectral pedes-
trian detection. ROTX-MP mainly includes ROTX exam-
ples not presented in previous datasets. Extensive ex-
periments demonstrate that our proposed CMM frame-
work generalizes well on existing datasets (KAIST, CVC-14,
FLIR) and the new ROTX-MP. Our code and dataset are
available at: https://github.com/ssbin0914/Causal-Mode-
Multiplexer.git.

1. Introduction

Multispectral pedestrian detection plays a critical role
in many real-world applications that require both day/night
operations, such as smart surveillance cameras (CCTVs),
search and rescue (SAR) autopilots, and autonomous ve-
hicles (AVs) [4, 6, 7, 9, 11, 14–16, 18, 28, 39, 41]. De-
spite its notable progress, an overlooked factor in multi-
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1R⋆T⋆ refers to the visibility (O/X) in each modality. Generally, ROTO

refers to daytime images, and RXTO refers to nighttime images. ROTX
refers to daytime images in obscured situations.
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Figure 1. (a) ROTO, RXTO, and ROTX distribution in existing
multispectral pedestrian datasets. (b) In the existing datasets, a
high statistical correlation exists between pedestrian labels and
their thermal features. (c) Example of a ROTX image. (d) Current
multispectral pedestrian detection models fail prediction in ROTX
image (the right person) due to learning statistical bias in datasets.

spectral pedestrian detection is the modality bias problem
that occurs in multimodal models (e.g., Visual Question
Answering) [3, 19, 23, 34, 40]. Multimodal models are
known to often leverage spurious correlations between a
certain modality and answers due to statistical biases in
datasets [10, 20, 22, 36, 37]. For example, a Visual Ques-
tion Answering (VQA) model may blindly answer “ten-
nis” for the question “What sports?” just referring to the
most co-occurring textual QA pairs (i.e., linguistic bias) in
the train data [23, 29]. Models exploiting statistical bias
in datasets often demonstrate poor generalization ability to
out-of-distribution data, rarely providing proper multimodal
evidence for prediction [8, 35].

As modality biases can significantly impact the reliabil-
ity of multimodal models, it is essential to investigate statis-
tical bias in multispectral pedestrian datasets [7, 9, 11, 13].
Analyzing their distribution, we find an ever-overlooked
statistical bias. Illustrated in Fig.1 (a), most data are dis-
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tributed between ROTO (daytime images) or RXTO (night-
time images). In these data, pedestrian labels always sta-
tistically co-occur with their thermal features, as thermal
sensors can generally capture robust pedestrian silhouettes
all day/night. On the other hand, there are rarely ROTX im-
ages that can be captured in thermal obscured situations in
the daytime e.g., firefighters wearing heat-insulation cloth
as in Fig.1 (c). From this data distribution, we hypothesize
that models may learn the statistical co-occurrence between
the pedestrian label and the presence of thermal features.
If so, there is a potential risk that multispectral pedestrian
detectors may fail in scenes in which such statistical corre-
lation does not hold, e.g., ROTX images in which thermal
features are obscured.

In this paper, we test multispectral pedestrian detec-
tion models under ROTX data and validate our hypothesis.
Since existing datasets [7, 9, 11, 13] do not include ROTX
data, we first collect ROTX pedestrian images based on
practical scenarios. This includes search and rescue (SAR)
on firefighters and surveillance of pedestrians over a win-
dow. In this situation, pedestrians are visible in only RGB
but obscured in thermal as the intermediate obstacle (i.e.,
heat-insulating cloth or window) blocks the thermal radi-
ation emitted by the pedestrian from reaching the thermal
sensors. Fig.1 (d) demonstrates that a multispectral pedes-
trian detection model fails prediction on ROTX, though the
firefighter is obviously visible in RGB. As seen, multispec-
tral pedestrian detectors make predictions on ROTX just
based on the absence of the thermal feature, motivating us
to formulate this phenomenon as a modality bias problem.

To address this problem, we propose a novel Causal
Mode Multiplexer (CMM) framework that performs unbi-
ased inference from statistically biased multispectral pedes-
trian training data. We adopt this problem setting instead of
explicitly changing the training priors (e.g., adding ROTX
in the train set) to verify that multispectral pedestrian detec-
tors can disentangle the learned multimodal knowledge and
memorized priors by learning causality. Specifically, the
CMM framework learns causality based on different cause-
and-effects between ROTO, RXTO, and ROTX inputs and
predictions. For ROTO data, we guide the model to learn
the total effect [25] in the common mode learning scheme.
Next, for ROTX and RXTO data, we utilize the tools of
counterfactual intervention to eliminate the direct effect of
thermal by subtracting it from the total effect. To this end,
we modify the training objective from maximizing the pos-
terior probability likelihood to maximizing the total indirect
effect [25] in the differential mode learning scheme. Our
design requires combining two different learning schemes;
therefore, we propose a Causal Mode Multiplexing (CMM)
Loss to optimize the interchange.

Moreover, we evaluate the modality bias in multispectral
pedestrian detection with our new dataset: ROTX Multi-

spectral Pedestrian (ROTX-MP) dataset. Different from ex-
isting multispectral pedestrian datasets [7, 9, 11] which are
constrained to ROTO (day) and RXTO (night) data, ROTX-
MP mainly includes ROTX pedestrians comprised of 1000
test image pairs. Our experimental results demonstrate that
our CMM framework generalizes well under ROTX-MP
even with biased training and also performs robustly on ex-
isting datasets [7, 9, 11].
The main contributions of our paper are:
1. We propose a Causal Mode Multiplexer (CMM) frame-

work that learns different causality between ROTO,
RXTO, and ROTX inputs and pedestrian labels in multi-
spectral pedestrian detection.

2. We propose a Causal Mode Multiplexing (CMM) Loss
to optimize the interchange between learning different
causal representations.

3. To evaluate modality bias in multispectral pedestrian de-
tection, we conduct a new dataset: ROTX-MP.

4. Extensive experiments demonstrate that our CMM
framework generalizes well under ROTX test data with
even biased training data - ROTO, RXTO.

2. Preliminaries
Before introducing our method, we present the funda-

mental concepts of causal inference [2, 24–27, 31, 32].

2.1. Structural Causal Model (SCM)

Structural Causal Models reflect the cause-and-effect re-
lationships (links E) between the set of variables (nodes V).
The cause-and-effects (cause → effect) are represented in
an acyclic graph G= {V, E}. For random variables X and
Y which the direct effect of X is on Y , the direct link could
be formulated as X → Y . If an indirect effect of X is
on Y through the variable M , M is considered a media-
tor between X and Y (X → M → Y in Fig.2 (a)). With
structural causal models, the examination of causality links
among variables can be achieved through variable interven-
tion, which involves modifying the value of particular vari-
ables and subsequently observing the outcomes.

2.2. Counterfactual Intervention

Counterfactual intervention can break the direct link and
eliminate the effect of particular variables. To do this, the
effects on Y are compared from two different treatments to
the cause variable X: factual and counterfactual. Take the
SCM in Fig.2 (a) as an example i.e., X → M → Y . Sup-
pose that X = x represents the “treatment condition” and
X = x∗ represents the “no-treatment condition” (lowercase
letter indicates the observed value of the random variable).
Then we can consider factual and counterfactual scenarios.
Counterfactual Notations. We denote the value that Y
would obtain in the factual scenario if X is assigned x and
M is assigned m as Yx,mx = Y (X = x,M = mx).
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Figure 2. Structural Causal Models (SCMs) of (a) factual, (b)
counterfactual, and (c) total indirect effect scenarios. The direct
effect of X → Y can be eliminated due to counterfactual inter-
vention.

Similarly, in the counterfactual scenario, Y would have the
value Yx,mx∗ = Y (X = x,M = mx∗) when X = x,
M = mx∗ = M(X = x∗). X is set to a value x∗ (usu-
ally zero value or mean features) and can break the direct
link between M and its parent node X . We note that in the
counterfactual scenario, X can be simultaneously assigned
to different values x and x∗. So when the intervention is
conducted on M , the variable X retains its original value of
x as if x (observation on X) had existed as in Fig.2 (b).
Total Indirect Effect. Now we can estimate the total indi-
rect effect (TIE) by comparing two hypothetical scenarios.

TIE = Yx,mx − Yx,mx∗ . (1)

Total indirect effect (TIE), as in Fig.2 (c) breaks the direct
link of X → Y . Furthermore, total indirect effect (TIE)
can be decomposed into total effect (TE) and natural direct
effect (NDE).

TIE = TE −NDE

= (Yx,mx − Yx∗,mx∗)− (Yx,mx∗ − Yx∗,mx∗).
(2)

When we examine the total effect (TE), we compare two hy-
pothetical scenarios: one where X = x and the other where
X = x∗. In contrast, the natural direct effect (NDE) repre-
sents the effect of X on Y while keeping the mediator M
blocked. It measures the change in Y as X transitions from
x∗ to x, with M assigned to the value of the no-treatment
X = x∗, thereby nullifying M ’s response to the treatment
X = x. In the subsequent section, we will take a more
in-depth look at the interpretations of these effects in the
context of multispectral pedestrian detection.

3. Structural Causal Model of Multispectral
Pedestrian Detection

Before pruning direct effects and performing counterfac-
tual interventions, we investigate the causal links (causality)
in multispectral pedestrian detection as below:
LinkXR →M ← XT (Feature Fusion). RGB and ther-
mal features (XR and XT) are fused to generate fusion fea-
tures of multimodal knowledge M .
LinkM→ Y (Class Label Prediction with Multimodal

𝑿𝑿𝑹𝑹
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𝑿𝑿𝑻𝑻

𝑿𝑿𝑹𝑹
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𝑴𝑴: Multimodal knowledge
𝒀𝒀: label : Causal links : Thermal Direct Effect

Night (RXTO)

(a) (b)

Figure 3. Structural Causal Models (SCMs) of multispectral
pedestrian detection on (a) ROTO and (b) RXTO data. (b) The
thermal direct effect is considered in RXTO scenarios as models
rely heavily on the thermal features for making predictions in the
nighttime.

Knowledge). Using the multimodal knowledge M , the
head network outputs class prediction Y for each fused fea-
ture.

Beyond the above causal links, an additional direct link
should be considered in practice. In RXTO data (nighttime),
the predictions heavily rely on the thermal modality because
RGB sensors degrade at night. Thus, a direct effect of the
thermal feature XT on the prediction Y can be formulated
as a direct link below:
LinkXT → Y (Thermal Direct Effect). As machines
memorize priors, models will learn the skewed preference
toward thermal in RXTO data. This direct effect causes de-
tection failures when inferring ROTX data. We formulate
this cause-and-effect as the thermal direct link.

From the above discussions, we represent structural
causal models separately on (a) ROTO (daytime) data and
(b) RXTO data (nighttime) in Fig.3 (a)-(b). Our goal is to
prune the direct link XT → Y when training RXTO.

4. Proposed Method
4.1. Causal Mode Multiplexer

Based on the different causal graphs in ROTO and RXTO
data, our key idea is to interchangeably learn causality from
two different learning schemes. First, the 1) common mode
scheme is designed to learn the total effect in ROTO data
(daytime data). Second, the 2) differential mode learning
scheme learns the total indirect effect in RXTO data (night-
time images) to prune the thermal direct effect.
1. Common Mode - ROTO Train/Test Graph. In the com-
mon mode, we learn the total effect. Based on the causal
graph in Fig.3 (a), we intentionally add the links XR → Y
and XT → Y to estimate the uni-modal direct effect of XR

on Y and XT on Y . We add these direct links for two rea-
sons. 1) To estimate the input types as we will describe in
Section 4.2. 2) To provide an estimate of the direct effect
of XT → Y in the differential mode. To implement this
direct link, we train a uni-modal neural model denoted as
HθXR

(·) and HθXT
(·). We denote the prediction scores ob-

tained from direct links as Y CM
xR

and Y CM
xT

which can be
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Figure 4. Our Structural Causal Model (SCM) formulations on (a) ROTO (day) and (b) RXTO (night) data. (a) We add direct links
(XR → Y , XT → Y ) to the conventional causal graph to determine modes and measure the thermal direct link. (b) The thermal direct
link (red) hinders the model from learning causality. (c) implies the total indirect effect on RXTO and ROTX for which the thermal direct
link is pruned. (d) We propose a Causal Mode Multiplexer framework that learns causality both on ROTO and RXTO data and thus
generalizes well on all ROTO, RXTO, and ROTX.

expressed as below:

Y CM
m = HθM (m), Y CM

xR
= HθXR

(xR), Y
CM
xT

= HθXT
(xT ),
(3)

where the neural network HθM (·) refers to the head net-
work, which takes fusion features M = m and outputs the
class scores Y CM

m (direct link M → Y ). The structural
causal model of common mode can be illustrated as in Fig.4
(a).

In order to calculate prediction scores out of Y CM
m ,

Y CM
xR

, and Y CM
xT

, we design a fusion function F(·) using
the nonlinear Log-Harmonic (LH):

Y CM
m,xR,xT

= Y CM
LH = log(σ(Y CM

m )× σ(Y CM
xR

)× σ(Y CM
xT

)),
(4)

where Y CM
m,xR,xT

denotes the final prediction score, and σ
denotes the sigmoid function.
Total Effect (TE). We measure the total effect by compar-
ing Y CM

m,xR,xT
with its no-treatment condition. Following

the definition from the preliminaries, the total effect of the
common mode causal graph can be written as:

TE = Y CM
m,xR,xT

− Y CM
m∗,xR∗,xT ∗, (5)

where Y CM
m∗,xR∗,xT ∗ is the no-treatment condition. The im-

plementation details of the no-treatment condition are de-
scribed in the supplementary material.
2. Differential Mode - RXTO Train/RXTO, ROTX Test
Graph. In the differential mode, we learn the total indirect
effect. Specifically, we intentionally assign node values and
prune the direct link XT → Y . To this end, we introduce
the natural direct effect.
Natural Direct Effect (NDE). We estimate the natural

direct effect (NDE), the “counterfactual scenario”, which
refers explicitly to the thermal direct effect i.e., XT → Y
in Fig.4 (b). This direct effect can be estimated by blocking
the effects of XR and M , using the no-treatment condition
definitions in the preliminary section. XT is set to xT , and
M would attain the value m∗ when XT had been xT ∗ and
XR is xR∗. The natural direct effect (NDE) can be obtained
by comparing the counterfactual graph to the no-treatment
conditions:

NDE = Y d
m∗,xR∗,xT

− Y d
m∗,xR∗,xT ∗, (6)

where m∗, xR∗ and xT ∗ represent the no-treatment condi-
tion.
Total Indirect Effect (TIE). The elimination of the ther-
mal direct effect can be achieved by subtracting the natural
direct effect (NDE) from the total effect (TE).

TIE = TE −NDE = Y CM
m,xR,xT

− Y d
m∗,xR∗,xT

. (7)

Fig.4 (c) shows an illustration of the total indirect effect of
the differential mode. Note that the no-treatment conditions
Y d
m∗,xR∗,xT ∗ and Y CM

m∗,xR∗,xT ∗ are the same. For inference,
we opt for the label with the highest TIE, in contrast to the
conventional strategies that primarily rely on posterior prob-
ability i.e., p(y|xR, xT ).

4.2. Causal Mode Multiplexing (CMM) Loss

Determination of Causal Modes. To assign different
learning schemes based on the input type, we leverage
the uni-modal prediction scores Y CM

xR
and Y CM

xT
based on

the following rationale: For ROTO inputs, both the Y CM
xR
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and Y CM
xT

value differences between pedestrians and back-
grounds will have the same sign. In this case, we determine
the input as ROTO and assign the common mode learning
scheme. In the other case, we determine the input as RXTO
or ROTX, assign the differential mode learning scheme, and
prune the thermal direct link. Using these properties, we
design a binary translation function to calculate the mode
number.

We denote the mode number as Kmode, for which we
want the value 1 for the common mode and -1 for the dif-
ferential mode. The details of our function design are as
follows: Let πR = [πb

R, π
f
R] and πT = [πb

T , π
f
T ] the ap-

proximate one-hot representation of the prediction labels
derived from the argmax of Y CM

xR
and Y CM

xT
. Here, index

0 refers to the prediction label of the background (no pedes-
trian), and index 1 refers to the prediction label of the pedes-
trian. Since the argmax operation is non-differentiable
on the gradient descent method, we adopt the Gumbel-
softmax [12] estimation. Then we can write πR and πT

as:
πR = softmax

[
gR + log(Y CM

xR
)/τ

]
, (8)

πT = softmax
[
gT + log(Y CM

xT
)/τ

]
, (9)

where we set the Gumbel noises gR and gT to zero
since we do not need random sampling variations for our
purpose. From the formula of Eq.(8) and Eq.(9), we
can obtain values

{
πb
R = 0, πf

R = 1, πb
T = 0, πf

T = 1
}

for

ROTO,
{
πb
R = 1, πf

R = 0, πb
T = 0, πf

T = 1
}

for RXTO,

and
{
πb
R = 0, πf

R = 1, πb
T = 1, πf

T = 0
}

for ROTX. From
these values, we can determine the causal mode number
Kmode according to the above rationale.

Kmode = ∆πR ×∆πT = (πf
R − πb

R)× (πf
T − πb

T ).
(10)

This Kmode value will obtain 1 for the common mode and
-1 for the differential mode. Then we can design a “switch-
able total indirect effect” (sTIE) in which the cause-effect is
differently calculated between TE and TIE according to the
causal mode number Kmode.

sTIE = TE −ReLU(−Kmode)×NDE

= Y CM
m,xR,xT

−ReLU(−Kmode)× Y d
m∗,xR∗,xT

=

{
Y CM
m,xR,xT

if Kmode = 1
Y CM
m,xR,xT

− Y d
m∗,xR∗,xT

if Kmode = −1,
(11)

in which sTIE is calculated as the total effect in Eq.(5) for
ROTO inputs and as the total indirect effect in Eq.(7) for
RXTO and ROTX inputs. We summarize the relationship
between cause-effect (CE) and Kmode assignment with re-
spect to data type in Table 1.
Causal Mode Multiplexing Loss. We formulate the sTIE

Table 1. Cause-effect (CE) and Kmode assignment with respect to
data type.

Type ∆πR ∆πT Kmode CE
ROTO 1 1 1 TE
RXTO -1 1 -1 TIE
ROTX 1 -1 -1 TIE

as a loss function. Before introducing our Causal Mode
Multiplexing Loss, we first revisit the loss function of the
conventional model. Given a triplet (xT , xR, y) where y
is the ground-truth class label of RGB/T ROI feature pair:
xR/xT , the ROI classification branches of the conventional
multispectral pedestrian detection model [14] are optimized
by:

Lcls = LY (TE, y) (Conventional), (12)

whereLY denotes the cross-entropy loss. This conventional
loss guides the model to learn the total effect on both ROTO
and RXTO, which provokes the thermal direct effect. Dif-
ferent from them, Causal Mode Multiplexing (CMM) Loss
learns the causality in both ROTO and RXTO training data
based on two causal modes:

LCMM = LY (sTIE, y), (13)

which sTIE refers to the formula in Eq.(11). The overall
classification branch loss can be written as:

Lcls = LCMM + LY (Y
CM
xR

, y) + LY (Y
CM
xT

, y), (14)

where LY (Y
CM
xR

, y) and LY (Y
CM
xT

, y) are over Y CM
xR

and
Y CM
xT

.

4.3. Implementation

Training. The final training loss is the combination of Lcls,
bounding box regression loss Lbbox, and Lmodel, which in-
clude the RPN and the uncertainty module. We follow the
implementation details of the paper [14].

Ltotal =
∑

(xR,xT ,y)∈D

Lcls + Lbbox + Lmodel. (15)

Inference. We use the switchable total indirect effect
(sTIE) for inference.

sTIE = Y CM
m,xR,xT

−ReLU(−Kmode)× Y d
m∗,xR∗,xT

.
(16)

5. New Dataset: ROTX-MP
To evaluate modality bias in multispectral pedestrian de-

tectors, we propose to collect a new dataset: The ROTX
Multispectral Pedestrian (ROTX-MP) dataset. ROTX-MP
consists of 1000 ROTX test images collected from two prac-
tical scenarios related to the applications of multispectral
pedestrian detection. The details of ROTX-MP are de-
scribed below.
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5.1. Comparison to Existing Datasets

Our ROTX-MP dataset mainly contains ROTX data,
compared to existing datasets that consist of ROTO and
RXTO data. We compare the data distributions of datasets
using the statistics criteria as the following.

5.1.1 Statistics Criteria

For the distribution comparison, we count the number of
images for each data type: ROTO, RXTO, and ROTX. We
explain our criteria for counting ROTO, RXTO, and ROTX
(or ROTO/ROTX) data in datasets.
ROTO: We count the number of daytime images for each
dataset for ROTO.
RXTO: We count the nighttime images for each dataset for
RXTO.
ROTX: ROTX data refer to daytime images where there
is an intermediate medium that obscures the thermal radi-
ation of the pedestrian. In this case, pedestrians are only
imaged by RGB sensors. We count images that contain
these scenarios. There can be images where ROTO and
ROTX scenarios both occur. We note them separately, as
ROTO/ROTX.

5.1.2 Dataset Distribution

From the above criteria, we obtain the distribution of
each ROTO, RXTO, and ROTX (or ROTO/ROTX) in dif-
ferent datasets: 1) KAIST [11], 2) CVC-14 [9], 3) FLIR [7],
and 4) our ROTX-MP. We count the images of all train and
test data for KAIST, CVC-14, and FLIR, as well as the
images of the test data of ROTX-MP. ROTX-MP contains
only test data. The distribution is plotted in Fig.5 and Fig.6.
It can be seen from Fig.5 that KAIST, CVC-14, and FLIR
mainly contain ROTO and RXTO data and no ROTX scenes
(including ROTO/ROTX). On the other hand, the ROTX-
MP dataset (1000 images) primarily consists of ROTX data
(737 images) and ROTO/ROTX (263 images) data. More-
over, we compare the overall size of the dataset. Since
ROTX-MP contains only test data, we compare it with the
test sets of KAIST, CVC-14, and FLIR. ROTX-MP con-
tains 1000 test data, comparable to KAIST test-2252 im-
ages (ROTO: 1455, RXTO: 797), CVC-14 test-1417 im-
ages (ROTO: 690, RXTO: 727), and FLIR test-1013 images
(ROTO: 702, RXTO: 311).

5.2. Data Collection Process

ROTX-MP is a dataset of RGBT multispectral image
pairs captured from an RGBT camera. The RGBT cam-
era we used for data collection was the FLIR Duo Pro R
(FPA 640 × 512) camera manufactured by FLIR Systems,
Inc. This product supports simultaneous RGB and thermal
(NETD < 50mK, λ = 7.5 ∼ 13.5µm) imaging in a
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Figure 5. ROTO, RXTO, and ROTX distribution of popular multi-
spectral pedestrian datasets: (a) KAIST [11], (b) CVC-14 [9], and
(c) FLIR [7]. Images from all train/test sets are counted.
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Figure 6. ROTO/ROTX and ROTX distribution of ROTX-MP test
set.

dual pip mode. We invited 8 volunteers to participate in our
data collection. All of the volunteers agreed to the data col-
lection and its future release to the public. On streets and
indoors, we mounted the camera device on a portable tripod
and captured video of volunteers from different shooting
distances ranging from 0 to 15 meters. Each video involved
2–8 volunteers. From the recorded videos, we meticulously
hand-picked high-quality image pairs. RGBT pairs were
spatially aligned and synchronized, and finalized of 1000
RGBT pairs. The faces of volunteers are blurred for privacy
protection. Specifically, we collected ROTX data based on
the below practical scenarios.
1. Pedestrians Over a Glass Window (737 ROTX im-
ages). Multispectral pedestrian detection is attractive for
all-day/night smart surveillance. However, pedestrians ob-
served through a window are visible in RGB but obscured in
thermal because thermal radiation cannot penetrate through
glass. Failure in these scenes constrains multispectral
pedestrian detection within the window.
2. Pedestrians Wearing Heat-insulation Clothes (263
ROTO+ROTX images). Heat-insulation clothing such as
fire protection gear or low-emissivity clothing provides a
way of thermal invisibility or stealth. Wearing fire pro-
tection gear can make firefighters or evacuees undetectable
from autopilots equipped with multispectral cameras in
search and rescue (SAR) situations. Also, criminals (e.g.,
bank robbers) can wear low-emissivity clothing to evade
multispectral pedestrian detection on security cameras. We
collected 150 images for firefighter scenes and 113 im-
ages for criminal scenes. In both scenarios, we simultane-
ously contain ROTO scenes for comparison to the obscured
pedestrians. Thus, we note the ROTO+ROTX data type for
this scenario.
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Figure 7. Visualized examples of multispectral pedestrian detection on ROTO/ROTX data. (a) ROTO and ROTX scenarios. (b)
Conventional models [14] fail to detect pedestrians in ROTX scenes. (c) Our CMM framework estimates the total effect for ROTO and
the total indirect effect for ROTX. As a result, it produces correct debiased results for ROTX samples, even from biased training data. We
provide more examples in the supplementary material.

6. Experimental Setup
6.1. Dataset

We conduct experiments on multiple multispectral
pedestrian datasets: KAIST [11], CVC-14 [9], FLIR [7],
and our collected dataset: ROTX-MP. KAIST contains
95,328 RGBT data with 640 × 512 image resolutions.
We use the annotation labels provided by the original au-
thors [11] and organize the dataset by 7601 training im-
ages and 2252 test images following the baselines [14, 41]
we compare. The 2252 (‘All’) test images are composed
of 1455 (‘Day’) images and 797 (‘Night’) images. CVC-
14 [9] contains 3618 training data and 1417 test data with
grayscale RGBT images of 640 × 471 resolution. 1417
test data (‘All’) include 690 daytime images (‘Day’) and
727 nighttime images (‘Night’). Also, we evaluate under
the Teledyne FLIR Free ADAS Thermal Dataset v2.0.0 [7]
(FLIR for short). Following previous works [17, 28, 38],
we use 4129 train image pairs and 1013 test image pairs
organized by Zhang et al. [38] for fair comparison. As
evaluations in previous work do not compare day and night
performance separately, we note (‘All’) for the FLIR test-
set. ROTX-MP is composed of 1000 test images. Similar to
FLIR, we note (‘All’) for ROTX-MP.

6.2. Baseline Model

We implement CMM based on the Uncertainty-Guided
model [14]. Our method is compared with four competitive
multimodal pedestrian detection architectures recently pro-
posed: Kim et al. [14], Cross-modality Fusion Transformer
(CFT) [28], MBNet [41], and Halfway Fusion [21]+Faster
RCNN [30] version (HFF). More details are described in
the supplementary material.

7. Experimental Results
7.1. Evaluation on Existing Datasets

We first report the experimental results on the KAIST
[11], CVC-14 [9], and FLIR [7] data. These datasets are

Table 2. Detection performance of different multispectral pedes-
trian detection models on the KAIST, CVC-14, and FLIR datasets.

Dataset KAIST CVC-14 FLIR
Metric MR(↓) MR(↓) AP(↑)
Model Day Night All Day Night All All
HFF 14.24 10.26 13.04 50.48 36.05 44.31 75.85
CFT 13.99 7.05 11.60 18.81 25.25 21.83 84.10

MBNet 9.64 8.26 9.04 24.70 13.50 21.10 -
Kim et al. 10.11 5.05 8.67 23.87 11.08 18.70 84.67

CMM (Ours) 9.60 5.93 8.54 27.81 7.71 17.13 87.80

comprised of day (ROTO) and night (RXTO) images. We
train and test on these datasets to evaluate whether CMM
over-corrects the modality bias. Our motivation for design-
ing the CMM framework is to learn causality based on dif-
ferent input types (ROTO, and RXTO) in the training set;
therefore, CMM’s intentional behavior is to generalize on
existing data as well.

For the evaluation metrics, we follow previous multi-
spectral pedestrian detection works for measuring perfor-
mance. Specifically, we calculate the Log Average Miss-
Rate (MR↓) for the ‘All’, ‘Day’, and ‘Night’ test images
of the KAIST and CVC-14 test sets. From our defini-
tion, ‘Day’ can be interpreted as ROTO data, ‘Night’ as
RXTO data, and ‘All’ as their combination. To evaluate
performance on the FLIR dataset, we use the Average Pre-
cision (AP↑) to conduct a fair comparison with other meth-
ods [28]. A low Miss Rate and a high Average Precision
value indicate high detection performance.

Results are reported in Table 2. The CMM framework
demonstrates the lowest miss rates for ‘Day’ and ‘All’ in
the KAIST set, ‘Night’ and ‘All’ in the CVC-14 set, and
the highest AP in the FLIR set. Since ‘All’ represents the
full dataset, it can be concluded that CMM achieves the best
performance across all KAIST, CVC-14, and FLIR datasets.
It is worth noting that CMM performs better than its base-
line model, [14], with 0.13 MR, 1.57 MR, and 3.13 AP
improvements in KAIST, CVC-14, and FLIR, respectively.
Such results meet the original intention of our CMM design,
and we extend the evaluation on ROTX-MP.

26790



Table 3. Ablation study on debiasing strategy. “A+B” denotes the debiasing strategy that train the model with “A” cause-effect and test
with “B” cause-effect. The baseline, TE+TIE, TIE+TIE, and sTIE (ours) are compared.

Train KAIST Train CVC-14 Train FLIR

Test ROTX-MP (AP↑) KAIST (MR↓) Test ROTX-MP (AP↑) CVC-14 (MR↓) Test ROTX-MP (AP↑) FLIR (AP↑)

Model All Day Night All Model All Day Night All Model All All

Baseline 21.69 10.11 5.05 8.67 Baseline 13.36 23.87 11.08 18.70 Baseline 12.23 84.67

TE+TIE 57.05 26.89 27.66 27.27 TE+TIE 27.97 32.85 12.11 22.33 TE+TIE 19.33 64.27

TIE+TIE 56.45 12.53 9.24 12.10 TIE+TIE 27.75 33.53 9.27 21.63 TIE+TIE 12.02 79.39

sTIE (Ours) 70.44 9.60 5.93 8.54 sTIE (Ours) 34.96 27.81 7.71 17.13 sTIE (Ours) 57.09 87.80

7.2. Evaluation on ROTX-MP

The CMM framework is introduced to enhance the gen-
eralizability of models when there is a substantial distribu-
tion difference in the training and test splits. Therefore, we
train models on conventional datasets [7, 9, 11] and test on
ROTX-MP to evaluate the generalizability on ROTX data
of each model. Here, we do not directly compare with
data augmentation methods [1, 5], which explicitly gener-
ate training samples, e.g., counterfactual generation. Gen-
eralizing on ROTX data by modifying training priors vio-
lates the original purpose of the CMM model, i.e., to evalu-
ate whether multispectral pedestrian detection models infer
from memorized priors in training data.

For each evaluation on the ROTX-MP test set (1000 test
images), we calculate the Average Precision (AP ↑) since
it is a standard metric to analyze the accuracy of a detec-
tion model. Evaluations are reported in Table 4. Other
models fail on ROTX-MP test data when trained on conven-
tional datasets. Models trained on the KAIST [11] dataset:
HFF [21], CFT [28], MBNET [41], Kim et al. [14] achieve
36.95, 3.64, 18.88, 21.69 AP on ROTX-MP. Compared to
these methods, CMM shows superior generalizability on
ROTX-MP test data, achieving 70.44 AP, outperforming
other baselines with at least 33.49 AP. Similar results are
obtained from models trained on CVC-14 and FLIR when
tested on ROTX-MP. Fig. 7 shows qualitative results.

8. Ablation Study

Furthermore, we conduct ablation studies to validate the
design choice of the switchable total indirect effect (sTIE)
in Eq.(11) for our debiasing strategy. Known debiasing
strategies [23, 33] are generally based on training the model
via total effect (TE) and inferring with total indirect effect
(TIE). For the comparison study, we conducted an experi-
ment on (2) TE training + TIE inference of the (1) baseline
model [14]. Moreover, we also evaluate the (3) TIE train-
ing + TIE inference strategy to provide an extensive com-
parison. The results are shown in Table 3. Firstly, the (1)
baseline model performs well on existing datasets but gen-
eralizes poorly on ROTX-MP. Secondly, the (2) TE+TIE
model demonstrates enhanced model generalizability for

Table 4. Detection performance on the ROTX-MP test set. Models
are trained from the KAIST, CVC-14, and FLIR datasets.

Train KAIST CVC-14 FLIR
Test ROTX-MP ROTX-MP ROTX-MP

Metric AP(↑) AP(↑) AP(↑)
Model All All All
HFF 36.95 8.80 13.21
CFT 3.64 8.58 5.28

MBNet 18.88 - -
Kim et al. 21.69 13.36 12.23

CMM (Ours) 70.44 34.96 57.09

ROTX data compared to the baseline, but degrades on ex-
isting data. Moreover, the (3) TIE+TIE model demonstrates
a moderate level of performance, yet degrades on existing
datasets compared to the baseline. Compared to them, the
(4) CMM framework shows superior performance on both
ROTX-MP and conventional test sets. From this ablation
study, we verify the effectiveness of our design choice of
the switchable total indirect effect (sTIE) in Eq.(11).

9. Conclusion

In this paper, we address the modality bias problem in
multispectral pedestrian detection with our innovative so-
lution: The Causal Mode Multiplexer (CMM) framework.
Using the tools of counterfactual intervention, CMM en-
ables the model to interchangeably learn between two dis-
tinct causal graphs depending on the input data type. We
propose the Causal Mode Multiplexing (CMM) Loss to op-
timize the interchange between two causal graphs. Addi-
tionally, we introduce the ROTX-MP dataset to evaluate
modality bias in multispectral pedestrian detection. Exper-
imental results on KAIST, CVC-14, FLIR, and our ROTX-
MP dataset demonstrate that CMM effectively learns multi-
modal reasoning and performs well on ROTX test data with
training ROTO and RXTO data.
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