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Abstract

Day-to-Night Domain Adaptive Object Detection (DN-
DAOD) is a significant challenge due to the low visibility
and signal-to-noise ratio at night. Although recent self-
training approaches achieve promising results, they fail to
address three critical biases: distribution bias, training
bias, and confirmation bias. Therefore, we propose a De-
biased Teacher to address the above biases from three as-
pects: domain transforming, representation compensating,
and pseudo label calibrating. Concretely, the day-to-night
domain transforming module (DNDT) leverages physical
priors to model some key day-night domain differences,
thus transforming daytime images into night-like images.
Then, the cross-domain representation compensating mod-
ule (CDRC) selectively mixes objects from nighttime and
night-like images to compensate for the model’s general
representation of nighttime objects. Further; to correct con-
firmation bias caused by learning from inaccurate pseudo
labels, the pseudo label confirmation calibrating module
(ConCal) is designed to obtain accurate pseudo labels for
better nighttime knowledge learning. Experimental results
on three benchmarks demonstrate that our method outper-
forms current SOTA methods by a large margin.

1. Introduction

Object detection is essential in autonomous driving and in-
telligent surveillance. Yet, these object detectors trained on
well-lit daytime images (i.e., labeled source domain) suf-
fer from poor performance on low-light nighttime images
(i.e., unlabeled target domain). This is because the prevalent
nighttime conditions adversely affect the quality of camera
measurements, such as under/overexposure, motion blur,
and dazzle caused by headlamps. Day-to-Night Domain
Adaptive Object Detection (DN-DAQOD) is proposed to ad-
dress this problem, which intends to train a detector utiliz-
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Figure 1. The vanilla self-training framework faces three biases
in solving DN-DAOD tasks. Distribution bias in the input data
induces a shift in the feature space, weakening the model’s ability
to represent nighttime objects. Training bias drives the model’s
representation to favor the source domain data and overrepresented
classes. Confirmation bias causes the model to reinforce incorrect
predictions and fail to self-correct. Thus, we propose the Debiased
Teacher with three modules to mitigate the above biases.

ing labeled daytime images and unlabeled nighttime images
to perform well in the unseen nighttime images.

Recently, the self-training framework achieves promis-
ing results on DN-DAOD tasks [25, 28, 67], where a teacher
model produces pseudo labels from the target domain to su-
pervise the training of a student model. 2PCNet [28] im-
proves this framework to obtain nighttime pseudo labels
combined with high and low confidence. ISP-Teacher [67]
utilizes image signal processing (ISP) to model the intrin-
sic imaging process at night. CoS [25] employs the global-
local transformation and a proxy-based target consistency
to capture the spatial consistency between day and night.
They leverage different techniques to mitigate the domain
gap and improve the self-training framework to enhance the
feature consistency from both domains, thus significantly
improving detection performance.

However, the vanilla self-training framework exists the
following three biases, as shown in Fig. |. L. Distribution
bias refers to the distribution differences between nighttime
and daytime images caused by the domain gap. One type
of approaches utilize image transfer to generate night style
data [2, 3, 24, 36], while others employ ISP pipelines to syn-
thesize degraded data [12, 17, 67]. Nevertheless, the former



requires training specific models and lacks control, while
the latter is sensor-dependent, lacks cross-dataset general-
ization, and both cannot simulate complex nighttime light-
ing changes (e.g., the flare phenomenon in the nighttime, as
shown in I; of Fig. 1). IL Training bias indicates the sys-
tematic tendency of the self-training framework during the
training process, which primarily stems from two factors: 1)
As the model initially trains in the source data, the model’s
feature representation is biased toward characteristics of the
source domain, 2) The class imbalance causes the model’s
feature representation to favor more frequent classes, exac-
erbating the bias. Many works leverage adversarial learn-
ing to alleviate source domain bias by enforcing domain in-
variance [11, 29, 32], but it suppresses the representation of
nighttime features, which is beneficial for the student [28].
II1. Confirmation bias denotes learner struggles to correct
its own mistakes when learning from inaccurate pseudo la-
bels [1, 5]. The traditional high-confidence pseudo-labeling
process neglects class imbalances, leading to low confi-
dence for underrepresented classes and being filtered out,
which amplifies the Matthew Effect |. Some methods cal-
culate dynamic thresholds of classification branch for each
class [27, 31, 63, 70], while others leverage the localiza-
tion branch to assist filtering [6, 15, 25, 50]. But they all
overlook the potential true positives among the discarded
proposals, and relying solely on the teacher model cannot
correct the error accumulation caused by confirmation bias.

Therefore, we propose a Debiased Teacher (DeT) to ad-
dress the inherent three biases in the self-training frame-
work from three aspects: domain transforming, representa-
tion compensating, and pseudo label calibrating. Firstly, to
reduce the distribution bias between daytime and nighttime
images, we introduce a Day-to-Night Domain Transform-
ing module (DNDT). DNDT transforms daytime images
into night-like images with similar nighttime distribution by
leveraging physical priors to model some key day-night dif-
ferences, including environmental illumination, night imag-
ing noise, and optical flare effects. Secondly, to mitigate
the training bias, we propose the Cross-Domain Represen-
tation Compensating module (CDRC), which employs bidi-
rectional mixing between target and night-like objects dur-
ing training to compensate for the model’s general represen-
tation of nighttime objects. Additionally, we incorporate
an Inverse Class Frequency Balancing submodule (ICFB)
to improve the frequency of underrepresented classes dur-
ing mixing, ensuring a more balanced and robust detection
performance across all classes. Thirdly, to correct confir-
mation bias, we design the Pseudo Label Confirmation Cal-
ibrating module (ConCal), which dynamically adjusts the
class-specific thresholds based on the teacher model’s con-
fidence scores to handle the influence of changing class

IMatthew Effect: the accuracy of well-behaved classes is further in-
creased while that of poorly-behaved ones is decreased.
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distributions. ConCal jointly distills the discarded pro-
posals through both the teacher and student to obtain ac-
curate pseudo labels, thereby minimizing bias accumula-
tion. Our DeT effectively aligns the day-night distribution,
compensates for the general representation of nighttime ob-
jects across each class, and transfers more reliable nighttime
knowledge for the student model. Extensive experiments on
three benchmarks demonstrate the extraordinary nighttime
adaptation ability of our DeT.

Our key contributions are: (1) We propose a Debi-
ased Teacher to address the three biases in the self-training
framework for DN-DAOQOD: distribution bias, training bias,
and confirmation bias. (2) We introduce DNDT as a physi-
cal prior to model the day-night distribution bias. Then, we
propose CDRC to enhance the model’s feature representa-
tion for nighttime objects, thus preventing the model from
being biased toward the source domain and overrepresented
classes. Furthermore, we design ConCal with class-specific
threshold and joint distillation to generate accurate pseudo
labels that correct the confirmation bias. (3) Extensive ex-
periments demonstrate that our method outperforms all ex-
isting SOTA on three benchmarks.

2. Related Work

The rapid progress in deep learning has significantly ad-
vanced computer vision [16, 20, 44, 45, 49, 52-54, 59, 66,
71, 72] and multimedia understanding [9, 10, 33, 35, 42,
55-58, 60, 62, 65, 68, 69], particularly in Domain Adaptive
Object Detection (DAOD). Next, we systematically review
representative methods from the following perspectives:
Pseudo-labeling Process. Many methods propose specific
pseudo-labeling processes to improve the quality of pseudo
labels. GbR [31] leverages the gradients from each class
to balance the class distribution. ACRST [63] introduces a
multi-label classifier to generate additional coarse-grained
pseudo labels. RCI [27] adjusts a uniform threshold based
on the background and foreground confidence scores. Al-
though the above methods aim to filter proposals from a
classified perspective, they ignore the false positives intro-
duced by inaccurate localization. Therefore, PT [6] lever-
ages uncertainty-guided consistency training to promote
classification and localization. However, the above methods
only perform subtraction, i.e., filtering out a portion of pro-
posals, but this does not guarantee that the discarded pro-
posals do not contain true positives.

Feature Representation Enhancing Enhancing the feature
representation ability without changing the network struc-
ture is studied by many researchers. Several methods lever-
age masking techniques to improve the model’s context rep-
resentation ability [11, 23]. SOCCER [11] introduces com-
plementary masks consistency learning to enhance models’
context representation. Other methods employ the mix-
ing strategy to improve the cross-domain representation,
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Figure 2. Overview of our proposed Debiased Teacher (DeT), which comprises three modules: 1) Day-to-Night Domain Transforming
(DNDT) utilizes physical priors to model some key day-night differences. 2) Cross-Domain Representation Compensating (CDRC) bidi-
rectionally and selectively mixes both domain data to compensate for the general nighttime feature representation and alleviate the model’s
systemic tendency of the source domain and overrepresented classes. 3) Pseudo Label Confirmation Calibrating (ConCal) leverages class-
specific thresholds and teacher-student joint prediction to obtain accurate pseudo labels, thereby correcting confirmation bias.

which can be primarily categorized into two types: soft
mixing [18, 21, 29, 64] and hard mixing [30, 37, 43, 51].
The former generates mixed images through pixel-wise
weighted averaging of two images, while the latter extracts
patches from other images and pastes them to the current
image. CAT [29] uses an Inter-Class Relation module to
identify majority and minority classes and employs Mix-
up to blend minority classes with highly similar majority
classes. Due to the huge domain gap between day and night,
forcibly applying masking or cross-domain mixing can im-
pair the representation of nighttime features and cause class
ambiguity issues while generating interpolated labels.
Day-to-Night Domain Adaptive Object Detection. As
night driving is integral to daily life, researchers increas-
ingly focus on DN-DAOD tasks [25, 28, 67]. 2PCNet [28]
proposes the NightAug with a series of data augmentations
to simulate the nighttime characteristics. ISP-Teacher [67]
introduces the ISP pipeline and predicts the ISP-related pa-
rameters as a self-supervised learning task. CoS[25] de-
signs the GLT module to further categorize night augmen-
tation into image-level and box-level. Different from them,
our DNDT module leverages parameter-free physical pri-
ors for night modeling and it not only reduces the day-night
distribution bias but also serves as a prerequisite for the ex-
ecution of the subsequent two modules.

3. Preliminaries
3.1. Problem Formulation

Given a labeled daytime source domain Dy = (I, B, C)
and an unlabeled nighttime target domain D; = (I;), where
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I, and I; present N, source images and N, target images,
By = {b} fvzl denotes the bounding box annotations and
Cs = {ct fV:I denotes corresponding class labels. We aim
to train a domain adaptive detector with D and D; to per-
form effectively within the unseen nighttime target domain.

3.2. Self-training Framework

We use the self-training framework comprising student and
teacher models that share identical architectures and net-
work parameters. For a fair comparison with other meth-
ods [11, 25, 28, 67], both student and teacher models are
Faster RCNN [40] object detectors.

In the burn-in stage, the student model acquires the
daytime knowledge from the source domain by supervised
training:

'Csup(lsaBsaCs) = ‘Ccls(C;Cs) +£reg(BgaBS) ) (1)

where C, and B!, denote classes and bounding boxes in I
predicted by the student model and Yy = (B;, C;) denotes
the ground truth. L., and L., denote the classification
loss and regression loss of Faster RCNN.

In the mutual-learning stage, by forcing consistency con-
straints between the predictions of student and teacher mod-
els, the student model can learn the knowledge of the night-
time target domain from the pseudo labels Y:

Lunsup(It, B,C) = Las(CL,C) + Lreg(BL, B),  (2)

where C} and B; denote classes and bounding boxes in I;
predicted by the student model, C' and B denote classes and
bounding boxes in teacher model generated pseudo labels.



The teacher model is updated by Exponential Moving
Average (EMA) from the weights of the student model
without gradient accumulation:

O < by + (1 — )05, 3)

where 0; and 6, denote the model parameters of teacher and
student respectively, and ¢ is an update hyper-parameter.

4. Methodology

4.1. Overview

As illustrated in Fig. 2, we propose the Debiased Teacher
(DeT) with three modules to address the above biases. Con-
cretely, in Sec. 4.2, we first introduce the distribution bias,
and then we propose DNDT to transform night-like images
by modeling the day-night distribution bias. In Sec. 4.3, we
propose CDRC by bidirectionally mixing both domain ob-
jects to mitigate the systematic tendency of the self-training
framework during the training. Finally, in Sec. 4.4, we de-
sign ConCal with two steps to obtain high-quality pseudo
labels, thus correcting the confirmation bias.

4.2. Day-to-Night Domain Transforming

We define the distribution bias as the difference between
daytime and nighttime distributions:

Pnight = Pday + Phias ’ 4

where Py, and Py;gn: represent the daytime and nighttime
distributions, Pp;.s donates the distribution bias between
them. We design the Day-to-Night Domain Transforming
module (DNDT) with the following modeling to explicitly
model distribution bias Pp;4s, thus transforming the day-
time images into night-like images.

Illumination Modeling. Illumination modeling is used to
simulate low-light situations. In low-light environments,
the number of photons received by the camera sensor is re-
duced, resulting in a decrease in the overall brightness of the
image. Therefore, we reduce the brightness of source im-
ages to realistically simulate this situation. Concretely, we
introduce a darkness coefficient d, drawn from a truncated
Gaussian distribution with mean 0.1 and variance 0.08, to
simulate illumination changes within the range of (0.01,
1.0) [12, 67]:

Tjark = Is-d, d ~ N (, = 0.1,62 =0.08). (5)

Night Noise Modeling. In nighttime scenarios, the number
of photons received by the sensor is reduced, and the signal-
to-noise ratio is reduced. To improve the brightness of the
image, the camera increases the sensitivity (ISO), which in-
troduces more electronic noise. Inspired by [12, 46, 47, 67],
we classify night imaging noise into two sources: shot noise
and read noise. Then invert the RGB image into a RAW
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format. Shot noise, due to photon collection uncertainty, is
modeled as a Poisson distribution P:

(C + Nshot) ~ P(C) ) (6)

where C' denotes the number of photons. Read noise, at-
tributed to camera electronics, is approximated by a Gaus-
sian distribution with mean O and variance o2

read"
Nread ~ N(07 Ugead) . (7)
Therefore, we get the noise image by:
Inoise = Idark + Nshot + Nread . (8)

This process effectively models the noise characteristics of
nighttime camera imaging. Subsequently, we convert the
RAW format back to RGB to facilitate further processing.
Lens Flare Modeling. Due to the diffraction/wave optics
effects [34], when a point light passes through imperfect
apertures or scratched lenses, it produces glare, streaks, and
shimmer instead of a clear light dot [13, 26], which we call
flare. Flare is a common visual phenomenon in night driv-
ing, but existing approaches ignore the influence of flare
on nighttime detection. we construct a flare bank based
on Flare7K dataset [13], which contains 7,000 simulated
light source samples. We perform Random Affine Trans-
formation on the flare and scale it to the standard size of
Loise to increase the diversity of flares. Then, we apply
random brightness coefficient d’ to simulate varying light
source intensities, and then perform element-wise addition
with [,,,;s. to obtain the final night-like image [,,:

In = Clip(T(Iflare) : d, + Inoise) ) (9)

where Iy;,,. denotes the original flare image random se-
lected from flare bank, 7 denotes Random Affine Transfor-
mation, Clip(-) denotes clipping the addition to the range
of [0, 1], d’ is same to d but in the range of (0.1, 2.0).

After transforming, the obtained night-like images I,
can simulate the nighttime distribution P,,;44¢, thereby re-
ducing the distribution bias at the input. In Tab. 6 and Tab. 7
of Sec. 5.4, we provide a detailed analysis of the benefits of
night-like images to CDRC and ConCal modules.

4.3. Cross-Domain Representation Compensating

To mitigate the training bias, we propose a Cross-Domain
Representation Compensating module (CDRC), which
comprises the bidirectional mixing strategy and Inverse
Class Frequency Balancing (ICFB) submodule. As the stu-
dent model is initially trained on the source domain, there
exists a source bias, which is one source of the training
bias. Bidirectional mixing with target and night-like im-
ages forces the student to see similarly distributed objects
for each iteration, compensating the general representation



of night objects and thus preventing the model’s source do-
main bias. Another source is the phenomenon of class im-
balance that exists in datasets, which continues during train-
ing (As shown in Fig. 4 left). Therefore, we propose ICFB
to balance the number of trained classes during training.
Bidirectional Mixing. In each iteration of the CDRC, the
mixed data is generated in both D2N and N2D directions.
For D2N mixing, the objects in a night-like image I,, are
cut based on the ground truth Y and pasted onto a target
domain image [; according to the original position, result-
ing in a mixed target image I, . Its corresponding image
label YL, \ is created by adding the ground truth Y to the
generated pseudo labels Y. Similarly, we utilize the pseudo
label to obtain the N2D mixing data I3/, , and YV ..
Bidirectional mixing eliminates model source bias, avoids
the impact of redundant background, and enhances the abil-
ity of intensive detection. We provide rich ablation studies
in Tab. 6 to verify the effectiveness of this strategy.

Inverse Class Frequency Balancing. In ICFB, the objects
are selectively mixed based on the inverse distribution of
different classes by the inverse distribution function:

7= (1 - ’I“i)a
S (=)

where o denotes the balance factor, 74 denotes the proba-
bility that an object of class ¢ will be crop mixed. r; repre-
sents the current proportion of class ¢ in the total number of
classes and Zler,; = 1. By increasing the value of «, we
amplify the advantage of underrepresented classes, ensuring
a more balanced representation through the ICFB module
(As validation in Fig. 4 and Tab. 5). In ICFB, we count the
overall class distribution across both domains to balance the
number of mixed classes. The mix is not performed when
the IoU between the mixed object and the original object is
greater than 0.9 or occludes the original object.

Training Loss. Mixed data are used to train the student
model with a bidirectional domain mix training loss:

)

+AN=D - Lunsup (IN—>D , BN b, CNop)s

(10)

M

M M
Lmiz :)\D—>N : £unsup(IDﬁ>N7 BD—)N’ D—N

(1)

where BM_.\,CM_  denote the mixed bounding box
annotations and corresponding class labels from YA .
Ap—n are the weights for balancing losses.

4.4. Pseudo Label Confirmation Calibrating

While traditional high-confidence pseudo-labeling serves as
reliable supervision for the student model based on a fixed
high-confidence threshold, they are biased toward overly
confident proposals or classes. The fixed threshold causes
the number of proposals to increase unboundedly and ac-
cumulates massive errors. More importantly, classification
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confidence can not ensure the positioning accuracy of pro-
posals and can not calibrate the confirmation bias between
teacher and student models. To tackle the above problems,
we propose a Pseudo Label Confirmation Calibrating mod-
ule (ConCal) with two steps:

Low-confidence Proposals Suppressing. In the first step,
we mitigate bias propagation in the pseudo-labeling process
by filtering out low-confidence proposals. Concretely, we
set a base threshold for each class, then dynamically up-
date the thresholds by leveraging ground truth to statistic
the average confidence of correctly predicted classes by the
teacher model in night-like images:

0= 6base+6'softmax(ctllfljgg)7 0€ [6lower7 6upper] 3 (12)

where 0pqs. denotes base thresholds for all classes, C7}?
denotes the average confidence of each class, amplitude fac-
tor 3 is used to control the amplitude of the dynamic thresh-
old, and djower, Supper denote the lower limit and upper
limit of . softmax(-) enhances the relative importance
of different class average confidence scores, which helps
mitigate the impact of class imbalances during the pseudo-
labeling process. By utilizing the ground truth of the source
domain we can more accurately calculate the confidence of
the teacher model for each class. More details and dis-
cussion of the rationality and effectiveness can be found
in Tab. 7. Then, we use dynamic threshold § to suppress
low-confidence proposals:

V' = {(B],C))lmax(p:) > 6¢,} (13)
where C; = = argmax(p;) denotes the class corresponding
to the maximum class score p;. B fand C ! denote the bound-
ing boxes and classes that reach the dynamic threshold 4~
High-similarity Proposals Distilling. In the second step,
to ensure that the framework can correct its confirmation
bias, we introduce the student model utilizing the joint pre-
dictions to distill potential true positives among the dis-
carded proposals. We distill the high-similarity proposals
predicted by the teacher and student models and add them
to the pseudo labels, even if their confidence does not reach
the dynamic threshold §. The criterion for high-similarity
is determined by the following three requirements when the
proposal does not reach the corresponding class threshold:

1) The value in the IoU matrix exceeds a specified
threshold 7 is considered matched proposals;

2) The confidence of this teacher model’s proposal is
greater than the minimum confidence requirement J,;,;,,;

3) The predicted classes of this proposal by both the
teacher and student models are consistent.

IoU(BT, B®) > 7,
) (5CT > max(p!) > Omin,
C'T c?

v = (B, CT ., (14)

3

(



Table 1. Results of BDD100k dataset (daytime — nighttime).

Table 2. Results of SHIFT dataset (daytime — nighttime).

Method ‘person rider car truck bus mcycle bicycle t-light t—sign‘mAP Method ‘ Venues ‘person car truck bus mcycle bicycle‘mAP
Source [39] 50.0 289 66.6 47.8 47.5 328 395 41.0 56.5 |41.1 Source [39] |NeurIPS’15| 40.4 445 499 537 143 467 |41.6
Oracle [39] 52.1 35.073.6 53.5 54.8 360 41.8 522 63.3 462 Oracle [39] NeurIPS’lS‘ 49.7 51.5 56.0 53.6 192 524 |470
SADA [8] 462 25.1 642 358 339 184 256 457 60.0|39.4 DA FR [7] CVPR’18 | 43.0 488 47.8 52.1 199 558 |43.7
MIC [23] 46.4 21.8 64.8 35.6 358 17.3 287 474 609 |39.8 UMT [14] CVPR’21 | 7.7 475 184 468 166 492 |31.1

2PCNet® [28] | 54.4 30.8 73.1 53.8 552 37.5 445 495 652|464 SADA [8] DCV’21 | 485 49.0 51.6 619 18.1  52.0 |46.8
2PCNet [28] 50.2 30.0 68.6 50.3 50.0 31.1 41.0 43.7 63.7 |47.6 AT [32] CVPR’22 | 258 33.0 547 495 207 523 |389
CoS? [25] 50.2 55.6 739 41.3 547 435 571 50.0 67.8 |49.4 MIC [23] CVPR’23 | 52.1 513 523 633 199 546 |489
CoS [25] 50.8 323 69.1 50.3 479 359 39.6 450 643|484 2PCNet [28] CVPR’23 | 51.4 54.6 54.8 56.6 239 542 |49.1
SOCCER [11] | 485 27.9 70.4 43.0 39.8 264 327 43.0 642|440 CoS [25] ICME’24 | 50.8 56.0 57.2 64.5 222 555 |51.0
ISP-Teacher? [67]| 57.8 39.4 72.9 54.6 55.9 43.8 48.1 49.6 663|488 SOCCER [11] MM’24 52.1 556 593 610 254 556 |515
ISP-Teacher [67] | 52.5 33.2 67.7 55.3 49.8 33.7 40.1 433 67.2]49.2 ISP-Teacher [67]| AAAI'24 | 51.6 59.1 58.7 623 241 583 |524
Ours 52.8 357 632 54.8 50.2 45.7 460 45.8 68.0 |50.9 Ours - 523 577 584 623 271 569 | 528

where (BT,CT) and (BS,CS) are predictions from
teacher and student models. Finally, we average the coor-
dinates of the matched high-similarity proposals and distill
them into pseudo labels to regenerate final pseudo labels Y:

v = V'O{(BI+B5)/2,CT|(BI Ty e ¥} . (15)

4.5. Overall Optimization Objective

The overall objective of DeT is:

L= >\sup . Lsup + Am,m : Lmim ) (16)

where L, is employed in the burn-in stages and L,,;, is
employed in the mutual-learning stage, A} are the weights
for balancing objectives. We provide the detailed pseu-
docode of our training process in Appendix. E.

5. Experiments

5.1. Evaluation and Datasets

We use the mean Average Precision (mAP) at the IoU
threshold of 0.5 to compare with state-of-the-art methods.
BDD100k: BDDI100k (B) [61] is a widely used au-
tonomous driving dataset We split the BDD100k dataset
into two parts using the labels “day” and “night”. The
source domain contains 36,728 daytime images, the target
domain contains 27,971 nighttime images, and we use an
additional 3,929 nighttime images for validation.

SHIFT: SHIFT (S) [41] is a simulated autonomous driv-
ing dataset that contains scenes in various environments.
We use images with the “day” and “night” labels as source
and target domains, respectively, which contain 19,452 day-
time images, 8,497 nighttime images for training, and 1,200
nighttime images for validation.

TDND: TDND (T) [38] not only covers severe weather
such as heavy rain and snow but also retains complicated
illumination conditions. We take 1,916 daytime images as
the source domain, 7,663 nighttime images as the target do-
main, and we use 2,523 nighttime images for validation.

The original reports of these methods are trained on 36,728 daytime
images and 32,998 nighttime images, as well as validated on 4,707 images.
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Table 3. Results of TDND dataset (daytime — nighttime).

Method ‘ Venues ‘ car person bus minibus truck t-sign ‘ mAP
Source [39]  |NeurIPS’15|56.3 30.3 323 12.8 20.6 28.8|30.2
Oracle [39] | NeurIPS’15 ‘71.9 421 398 174 269 309|382
SADA [8] JCV’21 |724 357 369 147 149 30.1 |34.1
MRT [70] ICCV’23 |71.4 455 294 136 148 24.0 |33.1
2PCNet [28] CVPR’23 (774 393 525 84 105 259356
MIC [23] CVPR’23 |79.6 28.0 424 172 229 275|363
ISP-Teacher [67]| AAAT'24 |723 445 375 154 270 262|372
SOCCER [11] MM’24 |739 174 514 162 387 265|374
CoS [25] ICME’24 |74.8 493 53.1 17.6 272 312|422
Ours - 79.8 483 57.6 209 40.8 32.8 | 46.7

5.2. Implementation Details

We adopt the Faster RCNN [39] with the ResNet-50 back-
bone [22] as our detection model. All images are scaled
by resizing their shorter side to 600 pixels. For the CDRC
module, we set the balance factor o« = 4. For the ConCal
module, we set the amplitude factor S = 0.8, IoU match-
ing threshold 7 = 0.6, base thresholds dpqs. = 0.8, lower
and upper limit of the threshold 6;ger = 0.8, Sypper = 0.95,
the minimum threshold 9,,;, = 0.5. All experiments are
implemented using Detectron2 [48] and conducted on 3
RTX4090 GPUs. We provide detailed parameter settings
(iterations, batch size, loss weights, efc.) in Appendix. F.

5.3. Comparison with SOTA

We compare DeT with other SOTA.“Source” refers to the
base Faster RCNN trained on daytime data, while “Oracle”
represents the base Faster RCNN trained on nighttime data.
Comparison on BDD100k. In Tab. 1, our DeT achieves
50.9% mAP, the best performance of all self-training-based
methods, and shows exceptional day-to-night adaptation in
real driving scenarios. Benefiting from the CDRC module,
we increase the frequency of underrepresented classes. As
a result, our method achieves more balanced performance
across classes, with an overall performance standard devia-
tion of 9.41%, compared to 9.97% for CoS, 9.99% for ISP-
Teacher, 12.33% for 2PCNet, and 14.30% for SOCCER.

Comparison on SHIFT. Tab. 2 demonstrates the cross-
domain adaptation ability of our DeT in simulated driving



scenarios, validating that the DNDT module compensates
for day-night distribution difference not only in real-world
scenarios but also in simulated scenarios. DeT maintains a
leading position in recognizing dense and easily confused
objects (e.g., “person” and “mcycle”) while achieving the
best performance at 52.8% mAP.

Comparison on TDND. Tab. 3 shows the excellent adapta-
tion results of our DeT in severe weather driving scenarios.
DeT achieves 46.7% mAP and outperforms all the SOTA
methods. As the effect of confirmation bias, MIC and ISP-
Teacher underperform in severe nighttime scenarios. In
contrast, our method leverages ConCal to obtain accurate
nighttime pseudo labels, providing effective guidance.
Additionally, we conduct further quantitative experiments
using other metrics, as detailed in Appendix. D.

5.4. Ablation Studies and Component Analysis

Ablation Studies. We conduct different experiments of
each component in Tab. 4. Comparison between row I
(baseline) and row 4 shows that DNDT compensates for
the distribution bias and improves an average performance
of 3.3% mAP on three benchmarks. Rows 2-4 shows each
modeling’s effect. We find that noise and flare modeling
significantly enhance performance in real night scenes (e.g.,
BDD100k and TDND). CDRC (row 6) reduces the training
bias, obtaining an average gain of 3.2% mAP than only em-
ploying DNDT (row 4). However solely applying bidirec-
tional mixing without incorporating ICFB may exacerbate
class imbalance, leading to performance degradation (row
4 to 5). In rows 7-8, when integrating LPS and HPD, our
average performance improves 1.0% mAP than row 6, high-
lighting ConCal generates more accurate labels.
Parameter Sensitivity.

(1) Balance factor: In Tab. 5 top, we observe that the bal-
ance factor « set too low fails to balance classes, while set
too high reduces the effectiveness of the CDRC module.
Thus, we set o« = 4 for better balance.

(2) Amplitude factor: In Tab. 5 middle, we explore the ef-
fect of amplitude factor 8 in ConCal module for adjusting
the dynamic threshold. We find that when 5 = 0.8, the cal-
culated dynamic threshold effectively maximizes suppres-
sion of low-confidence proposals across classes.

Table 4. Ablation study of each component on three benchmarks.

| DNDT | CDRC | ConCal |
row | IM NNM LFM | Bi-Mix ICFB | LPS HPD | B
1] \ \ | 45.8
46.6
| |
| |

S
47.6

49.1
50.0
50.2

49.5
52.3

52.5
52.8

T
345

35.8
37.1
38.7

37.6
44.8

45.6
46.7

48.2
48.9

48.1
50.3

50.7
50.9

CON| DU | Nwro
SN EXNERNN
AN ENNENN
SN EXNEN
SN ENN
SENIEN

v
v v
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Table 5. Parameter sensitivity experiment of « in Eq. (10),
in Eq. (12), and 7 in Eq. (14). When adjusting one parameter,
the other two in the blue background remain unchanged.

o B 2 3 4 5
S (mAP) 50.8 512 524 52.8 51.2
T (mAP) 453 452 45.6 46.7 44.8

B | 02 04 0.6 0.8 1.0
S (mAP) 51.2 515 52.1 52.8 525
T (mAP) 44.1 44.4 443 46.7 45.4

T | 02 0.4 0.6 0.8 1.0
S (mAP) 49.6 513 52.8 52.6 52.6
T (mAP) 438 44.9 46.7 46.5 46.1

(3) IoU matching threshold: In Tab. 5 bottom, we find that
setting the IoU matching threshold 7 too low distills noisy
proposals, leading to inaccurate pseudo labels, while setting
T too high imposes stringent filter criteria without providing
additional benefits. And the lower the 7, the more it affects
performance. We set 7 = 0.6 as the optimal trade-off.

The Effect of Different Mixing Strategies. We explore
different mixing strategies in Tab. 6. By default, we only
change the discussed module, while the rest remain un-
changed. Row I presents the results without mixing strategy
i.e., without CDRC. In comparison with row I, unidirec-
tional mixing with ICFB (row 2,3) also enhances the feature
representation and improves average performance of 1.8%
mAP. In rows 4-6, we also adopt bidirectional strategy to ex-
plore some mature mixing solutions. Because the solutions
ignore the class distribution, causing the severe class im-
balance (similar in Tab. 4 row 4 to 5). For row 6, we set the
mixing ratio to 0.5 and the class label is mixed when objects
occlude. However, soft mixing introduces class ambigu-
ity that affects the model’s feature representation. By com-
paring row 7 and row 8, we find that using source domain
images for mixing results in a 2.8/5.0% mAP performance
drop. This is because the large distribution bias causes the
model to learn the biased features that are poorly adapted.
The Effect of Different Sources for Calculating Confi-
dence. As shown in Tab. 7, we analyze four sources for cal-
culating average confidence and find that directly utilizing
the target images to calculate resulted in only 50.9% mAP,
even lower than using the source images. This is because,
in the early training, the model cannot accurately identify
the correct classes, making it difficult to estimate the av-

Table 6. Ablation study of different mixing strategies.

row ‘ Mixing Strategy ‘ Iized ‘ B (mAP) ‘ T (mAP)

1 w/o CDRC - 49.5 43.4

2 D2N Mixing I, 50.5 (+1.0) 46.3 (+2.9)
3 N2D Mixing I, 50.2 (+0.7) 45.9 (+2.5)
4 Mosaic [4] I, 47.6 (-1.9) 37.7 (-5.7)
5 Copy-Paste [19] I, 48.9 (-0.6) 41.2 (-2.2)
6 Mix-up [64] I, 49.2 (-0.3) 449 (+1.5)
7 CDRC I, 48.1 (-1.4) 41.7 (-1.7)
8 CDRC I, 50.9 (+1.4) 46.7 (+3.3)
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Figure 3. Qualitative results comparison on BDD100k (top), SHIFT (middle), and TDND (bottom) for SOTA: (a) 2PCNet [28], (b)

CoS [25], (c) ISP-Teacher [67], (d) Ours, and (e) Ground truth.

Table 7. The experiment of the statistical sources for class average
confidence in the ConCal module on the SHIFT dataset.

Sources | mAP mAP;, mAP,, mAP,

50.9 11.7 56.2 77.9
Source Images I 51.2 (+0.3) 12.0 (+0.3) 57.3 (+1.1) 78.6 (+0.7)
Night-like Images I,, 52.6 (+1.7) 12.7 (+1.0) 60.0 (+3.8) 80.0 (+2.1)
Night-like Images I,, w/ GT|52.8 (+1.9) 13.0 (+1.3) 59.9 (+3.7) 80.2 (+2.3)

Target Images I;

w/ CDRC, w/o ICFB o: 19.4 mAP: 44.6
w/o CDRC G:19.2 mAP: 45.5
Debiased Teacher o: 18.7 mAP: 46.7

Dataset 611239
w/ CDRC, w/o ICFB o: 24.0
w/o CDRC 6:23.6
Debiased Teacher  [o:'18.7

= Y
S S

Class Distribution (%)
o
S

car person bus minibus truck t-sign car person bus minibustruck t-sign mAP

Figure 4. Left: We conduct four group experiments to exhibit
the class distribution from the TDND dataset and three training
settings. Right: We also exhibit the performance of the model for
each class from three settings. o denotes the standard deviation.

erage confidence for each class fairly. Compared with I,
night-like images generated by DNDT provide more ob-
jective conditions for calculating each class’ average con-
fidence. Finally, we utilize the ground truth to calculate the
confidence of matched objects obtains 52.8% mAP.

The Effect of ICFB for Balancing Classes. As shown
in Fig. 4, we observe that the variant with CDRC but with-
out ICFB intensifies class imbalance (the o of class distribu-
tion increases by 0.4%, and the o of performance increases
by 0.2%, even damaging detection performance by 0.9%
mAP). While with ICFB, the DeT achieves the smallest o
in both class distribution and class performance.
Qualitative Results. As shown in Fig. 3, DeT demonstrates
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accurate localization and classification of most objects, es-
pecially for underrepresented classes (e.g., “rider” and “bi-
cycle” in row 1(d), and “bus” in row 2(d)) and distant ob-
jects under low-light conditions (e.g., objects at the end of
the road in row 2(d) and “traffic signs” in the sky in row
3(d)). In contrast, 2PCNet mistakenly detects something as
“traffic signs” (row 3 (a)), while CoS and ISP-Teacher fail
to detect objects at a distance both on the street and sky
(row 2, 3 (b, ¢)). Meanwhile, we exhibit the visualization of
mixed images in Appendix. B.

6. Conclusions

In this paper, we propose a Debiased Teacher (DeT), which
systematically addresses the three biases inherent in the
self-training framework for DN-DAOD task. Firstly, DNDT
reduces the distribution bias by modeling for the key day-
night differences to obtain the night-like images. Secondly,
CDRC mitigates the training bias by selectively mixing ob-
jects from two domains to alleviate class imbalance and
source domain bias. Thirdly, ConCal corrects the confirma-
tion bias by generating high-quality pseudo labels for bet-
ter nighttime knowledge learning. We conduct comprehen-
sive experiments on three benchmarks to validate the cross-
domain effectiveness of our DeT.
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