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Object detection in dark conditions has always been a great challenge due to the complex formation process
of low-light images. Currently, the mainstream methods usually adopt domain adaptation with Teacher-Student
architecture to solve the dark object detection problem, and they imitate the dark conditions by using non-
learnable data augmentation strategies on the annotated source daytime images. Note that these methods neglect
to model the intrinsic imaging process, i.e. image signal processing (ISP), which is important for camera sensors
to generate low-light images. Furthermore, the class imbalance in the dataset often leads to incorrectly detecting
a minority class as a majority class, which exerts a huge impact on dark object detection as well. To solve
the above problems, in this paper, we propose a novel method named ISP Dynamic Teacher for dark object
detection by exploring Teacher-Student architecture from a new perspective (i.e. self-supervised learning based
ISP degradation, dynamic class-rebalanced and IoU-threshold adjustment strategy). Specifically, we first crop all
the instances of each image in a batch size according to their ground truth and save them into a Mix-Instances-
Bank. Then, we propose a Class-Rebalanced Module (CRM) by creating a confusion matrix and use a weight
sampling algorithm to identify the mixed instance from the Mix-Instance-Bank that best matches the base instance
in the original source image. Subsequently, by mixing them together with the help of Mixup augmentation, we can
address the problem of class imbalance in object detection. Moreover, we design a Day-to-night Transformation
Module that is consistent with the ISP pipeline of the camera sensors (ISP-DTM) to make the augmented images
look more in line with the natural low-light images captured by cameras, and the ISP-related parameters are
learned in a self-supervised manner. Then, to avoid the conflict between the ISP degradation and detection tasks
in a shared encoder, we propose a disentanglement regularization (DR) that minimizes the absolute value of
cosine similarity to disentangle two tasks and push two gradient vectors as orthogonal as possible. Building upon
this, we further devise a Dynamic IoU-threshold Adjustment (DIA) strategy to find the True-Positive (TP) pseudo-
labels that are erroneously filtered out by a high static threshold. Extensive experiments show that we achieve
state-of-the-art performance in dark object detection on the BDD100k dataset (49.6% in AP) and the SHIFT
dataset (52.8% in AP) respectively. The code can be found at https://github.com/zhangyin1996/ISP-Teacher.

1. Introduction

Object detection has achieved remarkable success and is widely used
in various fields such as autonomous driving [1,2]. However, these mod-
els trained on high-quality daytime images often perform poorly on low-
light images, because these images taken in dark conditions suffer from
various types of light and undesirable noise. Furthermore, it is also chal-
lenging to annotate low-light images. As a result, it is infeasible to ac-
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quire high-quality annotation information for low-light images in the
same way as that for daytime images. Currently, robust and accurate
object detection under dark conditions has become increasingly essen-
tial for safety-critical fields, yet it remains highly challenging due to low
visibility and sensor noise.

A simple way to solve this problem is to perform dark enhancement
on low-light images firstly, and then send them to an off-the-shelf de-
tector for object classification and regression. Unfortunately, enhanced
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Fig. 1. Results of some teacher-student architecture UDA methods on BDD100k. We found that AT [3] and TDD [4] get worse results on day-to-night conditions,
which even lower than the baseline detector Faster-RCNN [5] (41.1% AP). Our proposed method outperforms other counterparts by a large margin and always higher
other methods in any iteration. Moreover, our method can also detect the minority class in the dataset, e.g. ‘Truck’ (white boxes) and do not miss detecting small
objects, e.g. ‘Traffic Light’ (green boxes) in the distance. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version

of this article.)
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images are visually comfortable for humans but do not benefit from the
high-level task of machine vision [6,7]. Recently, the teacher-student
architecture has attracted a lot of attention in semi-supervised object
detection [3,8,9] and has also achieved excellent results in the field
of domain adaptation object detection [4,10,11]. However, as shown
in Fig. 1, we found that the best teacher-student UDA methods like
AT [10], TDD [4] achieve good results on regular domain adaptive
datasets (e.g. Cityscapes to Foggy Cityscapes) but get poor results under
day-to-night conditions. They are even lower than the baseline detector
(i.e. Faster-RCNN [5]) that is trained on daytime images and applied
directly to nighttime images (41.1% AP). Therefore, although UDA has
been proposed to address this problem, existing UDA methods still face
several limitations and challenges under dark conditions:

Datasets commonly used in dark object detection tasks
(e.g. BDD100k [12] and SHIFT [13]) have a serious class imbal-
ance problem. As shown in Fig. 2, these two datasets have completely
different class distributions. For BDD100k dataset, ‘Car’ is a majority
class and ‘Pedestrian’ is a minority class, but both ‘Car’ and ‘Pedestrian’
classes are majority classes for the SHIFT dataset. Moreover, the gap
between the majority classes and the minority classes in the two
datasets is very large, which leads to poor performance in day-to-night
domain adaption detection.

ii) Most of these teacher-student based methods solve the domain
bias problem by optimizing the framework [4] or selecting useful
ground-truth labels [8]. They usually imitate the dark conditions by us-
ing traditional non-learnable data augmentation strategies on the avail-
able source daytime images. However, these methods neglect to model

the intrinsic imaging process (ISP) of camera sensors and may distort
the physical properties of the scene, thereby introducing domain bias
to the detector. In contrast, our learnable ISP module models the real
camera ISP pipeline (e.g. tone mapping, gamma correction, noise mod-
eling, and white balance) in a self-supervised manner. This enables the
model to capture intrinsic visual information that remains consistent
across domains and improves adaptation in the UDA setting.

iii) Most of the teacher-student UDA methods utilize a static thresh-
old to generate pseudo-labels. However, these obtained pseudo-labels
might be highly inaccurate [3], i.e. while low confidence pseudo-labels
are filtered out, the True-Positive pseudo-labels are filtered out simul-
taneously as well. Furthermore, small objects or minority classes are
already hard to see in dark conditions, and a higher static threshold
would also cause them to be further lost [14], which in turn makes it
more difficult for the model to learn representations of these objects dur-
ing training. As shown in Fig. 1, ISP-Teacher [15] misses the detection
of small objects, i.e. ‘Traffic Light’ (green boxes) in the distance.

In this article, the goal of our work is to construct a robust teacher-
student framework under the day-to-night domain shift by jointly lever-
aging a learnable ISP-based degradation module and dynamic class-
rebalanced and IoU-threshold strategies. Note that this paper extends
our previous work ISP-Teacher [15] published in AAAI 2024. In ISP-
Teacher, we explore teacher-student architecture from a novel perspec-
tive of self-supervised learning based ISP degradation for dark object
detection. More specifically, we study how to use self-supervised learn-
ing to capture intrinsic visual information that is not affected by light-
ing changes, which can address the domain bias of the student network.
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Compared with ISP-Teacher, we make two extensions in this paper: (1)
a class-rebalanced module (CRM) is proposed to address the problem
of class imbalance in dark object detection; and (2) a dynamic IoU-
threshold adjustment (DIA) is designed to improve the quality of pseudo-
labels. The improved method is named ISP Dynamic Teacher, and to sum
up, the contributions of this paper are as follows:

e We first propose a Class-rebalanced Module (CRM) by creating a con-
fusion matrix and utilize a weight sampling algorithm to find the
mixed instance that best matches the base instance in the original
source image. And then mixing them together uses Mixup augmen-
tation, which could solve the problem of class imbalance in dark
object detection.

e We design a day-to-night transformation module (ISP-DTM) inspired
by the image signal processing pipeline of camera sensors to generate
dark images from daytime images, and the obtained dark images
are compatible with the natural low-light images captured by the
camera, which can address the domain bias of the student network.

e Moreover, a disentanglement regularization is imposed by minimiz-
ing the gradients of cosine similarity of two different tasks (i.e. self-
supervised learning based ISP degradation and object detection)
while maximizing cosine similarity of the same tasks. This simple
implement could decouple these two tasks in a shared encoder.

e Finally, we introduce a Dynamic IoU-threshold Adjustment (DIA) to
adjust the threshold dynamically for finding True-Positive pseudo-
labels by calculating the IoU of teacher and student bounding-box
predictions, which further improving the quality of pseudo-labels.

e Extensive experiments conducted on BDD100k and SHIFT datasets
show the effectiveness of our proposed method. In particular, ISP
Dynamic Teacher achieves the new SOTA performance on BDD100k
(49.6% in AP) and SHIFT datasets (52.8% in AP), respectively.

2. Related work

Object Detection in Dark Conditions. To tackle the problem of ob-
ject detection in low-light conditions, a direct way is to use low-light en-
hancement methods [16] to process the dark images and then send the
de-dimming images to the mainstream object detection methods [5,17]
for inference. However, the detection performance of these methods is
unsatisfactory in some natural dark images. As a result, there are some
end-to-end methods that train the low-light enhancement and object
detection tasks jointly. For example, IA-YOLO [18] designs a filter mod-
ule with a learnable parameter trained jointly with YOLOv3 in an end-
to-end fashion to balance the tasks of image enhancement and object
detection. MAET [7] introduces a multitask auto-encoding transforma-
tion model to decode low-light degradation transformation considering
noise and the ISP pipeline in cameras. IAFE [19] addresses low-light ob-
ject detection by jointly optimizing illumination-adaptive enhancement
and detection with dynamic feature interaction.

Recently, 2PCNet [11] makes its first attempt at Day-to-Night unsu-
pervised domain adaptive object detection. They design an image aug-
mentation pipeline called NightAug to solve the problems that come
from low-light regions and other night-related attributes in images. Fur-
thermore, Cooperative Student (Cos) [20] proposes a global-local trans-
formation that transfers the prior knowledge from source to target do-
main and addresses the inconsistencies across various regions of the
same object captured at nighttime. Debiased-Teacher [21] proposes a
debiasing framework, which alleviates distribution, training, and con-
firmation biases via domain transforming, cross-domain representation
compensation, and pseudo-label calibration. However, these methods
propose a non-learnable data augmentation while our method is self-
supervised and we consider the principle of the intrinsic imaging process
of camera sensors.

Class-rebalanced in High-level Tasks. Class imbalance has at-
tracted the attention of many scholars, and some solutions have been
proposed. For example, CutMix [22] randomly crops some patches from

Pattern Recognition 179 (2026) 113516

one image and pastes them onto another image to make the network
have better generalization and object localization capabilities. In addi-
tion, OpenReMix [23] is designed for the open-set domain adaptation
task, and it resizes a random class from the source image and mixes it
with the target image, at the same time, it also cuts the parts from a
target image and pastes them into a source image to learn size-invariant
features.

However, the above methods either randomly crop images or paste
the image at a random location without considering the relationship be-
tween the classes in the dataset. Our proposed class-rebalanced module
(CRM) takes into account the relationship between classes and finds the
mixed instance that best matches the base instance in the original source
image based on a confusion matrix and a weight sampling algorithm.

Disentanglement Regularization. Multi-task networks usually con-
tain an encoder and several decoders for specific tasks. However, these
approaches face an optimization problem which sometimes leads to
worse performance than training each task independently. At present,
scholars generally believe the main reason for this phenomenon is gra-
dient conflict, and some methods have been proposed to solve this prob-
lem. For instance, [24] alters the gradients by projecting the gradient
of one task onto the normal plane of the gradient of the other task when
the values of cosine similarity are negative[25]. finds nearly orthogonal
gradients would not interfere with each other’s tasks, and proposes that
regularizing the angle between gradients to solve the negative transfer
problem.

The above methods are focused on classification and regression tasks,
and our work is inspired by recent research [7] that minimizes the ab-
solute value of cosine similarity to disentangle the object detection and
degrade transformation tasks. Different from [7], we design a simple
disentanglement regularization to decouple our self-supervised learn-
ing based ISP degradation and detection tasks in the teacher-student
architecture by minimizing the cosine similarity of different tasks while
maximizing the cosine similarity of the same tasks.

Dynamic IoU-threshold Adjustment Strategy. Currently, there are
some methods that propose to revise the score threshold of pseudo-labels
dynamically during training. For example, Consist-Teacher [3] proposes
a Gaussian Mixture Model (GMM) to flexibly determine the threshold
for each class, which addresses the oscillating pseudo-targets that un-
dermine the training in the semi-supervised object detection task. [14]
introduces a novel low confidence pseudo label distillation (LPLD) loss
to mine hard-positive samples (i.e. minor classes and small objects) that
are ignored in low confidence pseudo-labels. By this way, the number
of pseudo-labels is complemented and the network gains a deeper un-
derstanding of the target domain.

In addition, Cos [20] combines proxy-based target consistency (PTC)
and adaptive IoU informed thresholding (AIT) to dynamically update
the threshold and capture useful pseudo-labels as learning advances.
However, this method requires building a proxy network in advance
and then calculating the IoU between this proxy network and the teacher
model, which makes the model redundant and affects the computational
efficiency of the model. In this paper, we improve the Cos [20] method
by calculating IoU of bounding-box predictions between teacher and
student models directly to update the threshold without the need for a
proxy network.

3. Proposed method

In this section, we describe the details of the proposed ISP dynamic
teacher for unsupervised domain adaptive dark object detection. First,
we present an overview of the proposed novel teacher-student archi-
tecture, as shown in Fig. 3. Then, a class-rebalanced module (CRM)
based confusion matrix and weight sampling algorithm are proposed
to solve the class imbalance problem. Self-supervised learning based
ISP degradation that contains a day-to-night transformation module
(ISP-DTM) and a self-supervised learning strategy is proposed from a
new perspective to explore the detection task in challenging low-light
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version of this article.)

conditions. Moreover, disentanglement regularization (DR) is designed
to overcome the problem of conflicting gradients in our pipeline. Fi-
nally, a dynamic IoU threshold adjustment (DIA) strategy is proposed
to mine high-quality pseudo-labels for the teacher-student architecture.

3.1. Overview of ISP dynamic teacher

Let Dy, = {X,,Y;} denotes the daytime dataset, which contains X,
daytime images with Y, labels in the source domain. D,;,,, = {X,} de-
notes the nighttime dataset, and it only contains X, nighttime images
without labels in the target domain. The subscripts / and u indicate the
labeled and unlabeled data, respectively. As shown in Fig. 3, ISP Dy-
namic Teacher consists of a student network and a teacher network.
Similar to prior works [9,11], both student and teacher are the Faster-
RCNN [5] structure, and the detection loss L, is as:

Loy = Ly + AL (€D)]

unsup

where L, and L,,,, denote the supervised learning loss and unsuper-
vised learning loss, respectively. A is a hyper-parameter.

The training process of our method is that the teacher network gen-
erates pseudo-labels Y, to train the student while the student updates
the teacher network with exponential moving average (EMA). First, the
student network is burned up on daytime images (i.e. source domain)
under a supervised manner, and the supervised loss is formulated as:

=N Z [Lers(X[. Y + Lyog (X[, Y]] (2)

where L, is the classification loss of RPN and ROI head in Faster-RCNN,
and L,,, is the Smooth L, loss for bounding box regression. N, denotes
the number of labeled daytime images.

The role of the teacher network is updated through an EMA of the
student model’s parameters after each iteration, ensuring stable pseudo-
label generation under domain shift. Specifically, the teacher network
only takes nighttime images (i.e. target domain) as the input, and it is

used to produce pseudo-labels for the student with an unsupervised loss:

unmp Z Lclv(X;’ Y[:) (3)
where X, Y, denote unlabeled nighttime images and pseudo-labels, re-
spectively. N, denote the number of unlabeled nighttime images. Note
that the unsupervised loss is only applied in the classification while not
used in the bounding-box regression.

Furthermore, there are four components in the proposed ISP Dy-
namic Teacher. The first component is the class-rebalanced module
(CRM, yellow area on the left of Fig. 3), which uses the confusion matrix
and the weight sampling algorithm to find the mixed instance that best
matches the base instance. The second component is the self-supervised
learning based ISP degradation (green area next to the CRM), which
is used to capture the intrinsic visual information that is not affected
by lighting changes. The third component is the disentanglement reg-
ularization (DR, blue area at the bottom of Fig. 3), which disentangles
dark object detection and self-supervised learning based ISP degrada-
tion to mitigate the impact between each other. The last component
is the dynamic IoU-threshold adjustment (DIA, gray area on the right
of Fig. 3) strategy that dynamically adjusts the threshold to find true-
positive ones among the pseudo-labels. In the next subsection, we will
illustrate our proposed class-rebalanced module (CRM), self-supervised
learning based ISP degradation, disentanglement regularization (DR)
and dynamic IoU-threshold adjustment (DIA) strategy in detail.

3.2. Class-rebalanced module (CRM)

As mentioned above, the class imbalance in the datasets has a huge
impact on dark object detection. From some failed detection results, we
can find that objects are often detected as similar objects, e.g. ‘Truck’
class in BDD100k dataset is often incorrectly detected as ‘Car’ class
but not as ‘Pedestrian’ class. The reason is that the ‘Truck’ class has a
higher similarity with ‘Car’ class, but a lower similarity with the ‘Pedes-
trian’ class. Inspired by these results, in this paper, we design a Class-
rebalanced Module (CRM) to address the impact of class imbalance on
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web version of this article.)

dark object detection. Different from the previous methods [22,23,26]
that increase the number of classes randomly to solve the class imbal-
ance problem, CRM increases the number of some specific classes based
on the confusion matrix and weight sampling algorithm.

The preliminary preparation is similar to previous methods [27,28],
as shown in the top of Fig. 4, we crop all the instances of each image in a
batch size according to their ground truth bounding boxes and save them
into a Mix-Instances-Bank. The goal of our proposed CRM is to select a
mixed instance 7,,;, ( named mixed class) from the Mix-Instances-Bank
and then mix it with a base instance I,,,, (named base class) in the
original source image. Therefore, how to choose I,,, and I, is the
core problem of our Class-rebalanced Module.

Specifically, i) to select the base instance, firstly, we create a con-
fusion matrix M € RN*Ne, where N, is the number of classes in the
dataset, and initialize it with zero. Notes that the confusion matrix is
continuously updated as the model forwards under the supervised loss
L,,,- Each column of the confusion matrix is the prediction that comes
from the Rol-Head of the Faster-RCNN detector for each class, and each
row is the ground truth of the class. Secondly, we calculate the aver-
age value on the diagonal of the confusion matrix M(c;, ¢;) as in Eq. (4),
i.e. the correct predictions probability of Rol-Head in the Faster-RCNN
detector:

N
L

My = 5 2 M(ci.c) @
¢ i=0

where M, is the average value, ¢; and N, denote the i-th class and

the total number of classes in the dataset, respectively. We emphasize
that for each ground truth of the class ¢; and prediction ¢, the confusion
matrix M(c;,¢;) is updated using a standard EMA during training iter-
ations to maintain stability, and the corresponding matrix is updated
as: M(c;,¢) < M(c;,é)+ 1. Following [28], the base instance usually
is divided into two categories: (1) M(c;,¢;) that is above M,,, as the

g
majority base instance. (2) Similarly, M(c;,c;) below the M,,, as the

av,
minority base instance. For example, from Fig. 4, we assume tﬁat ‘Car’
is the majority base class and ‘Truck’ is the minority base class.

ii) Assume that we have selected a base instance I,,,, (a majority
base instance or minority base instance), and its corresponding class is
¢;. The next step is to use the confusion matrix M to choose a mixed

instance I, that best matches this base instance I,,,. One theory is

that the columns of the confusion matrix represent the probability of
a class being predicted as the current ground truth class, and the rows
of the confusion matrix represent the probability of the current ground
truth class being represented as other classes.

Therefore, the selection process of mixed instance I,,;, is as follows:
(1) if the base instance I,,,, is a majority base instance, we use the
columns of the confusion matrix, i.e. V,yjoriry = M (2, ¢;) € R™Ne, 1o se-
lect a class that is often incorrectly detected as the majority class, and the
probability of sampling class ¢; is: P(c; | ¢;) = M(c;, ¢;)/ 21]{\21 M(k,c;).In
this case, as shown in Fig. 4, it represents ‘Car’ (¢;) column (red rectan-
gle) in the Confusion Matrix. (2) And if the base instance I, is a minor-
ity base instance, the only difference is that we use the rows of the confu-
sion matrix, i.e. V,oriry = M(c;) € R™Ne to select a mixed class, and the
probability of sampling class ¢; is: P(c; | ¢;) = M(c;.¢;)/ X, M(c;. k). In
this case, it represents ‘Truck’ (¢;) row (blue rectangle in Fig. 4) in the
Confusion Matrix.

Then we apply a weight sampling algorithm to get the mixed class
Cmixed TTOM Viyiioniry OF Vipinoriry- As shown in Fig. 4, for majority class
‘Car’, ¢,ixeq 1 ‘Truck’ (red square area in Confusion Matrix) that best
matches majority class ‘Car’, and for minority class ‘Truck’, ¢, . is
‘Bus’ (blue square area in Confusion Matrix) that best matches minority
class ‘Truck’. Finally, the mixed instance I, is selected by c,,; ., from
Min-Instances-Bank. Typically, there may be many instances of the cor-
responding class in Min-Instances-Bank. In this paper, we select one in-
stance randomly as a mixed instance I,,;,. Furthermore, we resized the
I, to be the same size as I,,,, by bounding box for not affecting the
subsequent detection task.

After obtaining the base instance 7,,,, and the resized mixed instance
I,,;., we use Mixup augmentation to address the problem of class imbal-

ance in dark object detection:
j:p'lbase"'(l_p)’lmix 6)

where [ is the class-rebalanced image, p is the mix ratio, I,,,, is the
base instance in the original source image, and I,,;, is the selected mixed
instance that best matches the base instance in the Mix-Instances-Bank.
The whole process of the CRM is summarized in Algorithm 1.

Our CRM provides a more focused and principled approach than tra-
ditional random sampling for the following key reasons: First, unlike tra-
ditional methods such as random sampling or reweighting, which treat
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and ISP Pipeline steps to obtain low-light images and four parameters, i.e. k, 1/7,
this pair of images and a decoder is used to decode the degradation parameters.

Algorithm 1 The Algorithm of Class-rebalanced Module.

Input: A batch size images I'mages from original input images.
A confusion matrix M € RNe*Ne in which each element is initialized with 0.
Average value M, calculated by Eq. (4).
while training do
Step 1: Crop instances and save them in Bank.
for img in batch size images Images do
for gt box b;, gt_cls ¢; in img do
i) Crop instance from img by using gt box b;; ii) Save them in Bank:
Bankl[c;][instance]
end for
end for
Step 2: Base instance I,,,, and mixed instance I,
for img in batch size images Images do
for gt box b;, gt_cls ¢; in img do
if M(c;,c;)> M, then
i) Vygjoriy = M (2, ¢;) € R™Ne, The current ¢; is the majority base class
and the responding instance I,,,, is the majority base instance
ii) Weight sampling algorithm: ¢,,,,, = torch.multinomial(
iii) Select mixed instance I,,,, from Bank: I,,, = Bank[c,
else
The current ¢; is the minority base class and the responding instance
I}, is the minority base instance

selection.

mix

Vinajority)

mixed

D) Vipingriry = M(c;) € RPNe
ii) Welght sampling algorithm: c,,;,,, = torch.multinomial(V,,i,orir,)
iii) Select mixed instance I,,;, from Bank: I,,;, = Bankl[c,,; .q
end if
end for
end for

Step 3: Mixup augmentation: Obtain a class-rebalanced image I by Eq. (5)
end while .
Output: a class-rebalanced image I

all samples equally, our method selectively samples based on whether
they belong to the minority or majority base classes. Second, we cre-
ate a confusion matrix and use a weight sampling algorithm to select
the mixed instance I, that best matches a base instance I, in the
source image. This focused approach is theoretically more robust than
blind sampling, as it focuses on correcting the root causes of class con-
fusion. Third, incorporating Mixup within this confusion-matrix-guided
instance mixing strategy expands the minority class features into the fea-
ture space of the majority class, ensuring that the augmented samples
explicitly address the model’s weaknesses in distinguishing the challeng-
ing class.

1/g,, 1/g, as ground truths. Then, the weight-shared encoder extracts features from
Finally, the predictions of the decoder are supervised under the L, loss.

3.3. Self-supervised learning based ISP degradation

Self-supervised learning based ISP degradation contains a day-to-
night transformation module (ISP-DTM) and a self-supervised learning
strategy.

3.3.1. ISP-DTM

As shown in Fig. 5, the ISP-DTM consists of three steps: i) Invert Pro-
cessing step, ii) Noise Modeling step and iii) ISP Pipeline step. Specifi-
cally, the Invert Processing step contains (1) Invert Tone Mapping, (2)
Invert Gamma Correction, (3) Color Transformation y,_,. and (4) Invert
White Balance. Based on this step, the realistic RAW format (i.e. cRGB)
images are generated and we denote (1), (2), (3), (4) together as T},
Then, considering the physical noise of camera sensors, we model two
common noises in camera (i.e. ‘shot’ and ‘read’ noise) in the Noise Mod-
eling step and we denote the output of this step as y,,,. Finally, the cRGB
with shot and read noises is restored back to sSRGB by the ISP Pipeline
step for dark object detection. As shown in the green area of Fig. 5, the
ISP Pipeline step contains (5) Signal Quantization, (6) White Balance,
(7) color transformation y,_,; and (8) Gamma Correction, and we define
(5), (6), (7), (8) as T; s p. Next, we will describe each process of ISP-DTM
in detail:

White Balance. The human eyes have color constancy, i.e. human
perception of the color tends to be stable under the change of illumi-
nation condition. However, the camera sensor does not have this char-
acteristic, resulting in color shift, and the white balance algorithm is
proposed to correct this color deviation. Specifically, this algorithm bal-
ances the channel gain of red g, and blue g, to make images appear to
be lit under the neutral illumination [7].

Color Transformation. Because the data format of standard color
space (sSRGB) does not match the camera internal color space (cRGB),
we use a 3 X 3 color correction matrix 7., to achieve this color transfor-

cem
. - — 71
mation: y._,, =T,.,, - I.rgp and y,_,. =T - I .pgp, Where y,_ . denotes

the color transformation from the camelc‘caminternal color space (I.ggp)
to the final standard color space (sRGB) and y,_,. denotes the invert
process.

Gamma Correction. The purpose of gamma correction is to ad-
just the overall light and dark values of images. If the original image
collected by the camera sensor is not processed by the gamma correc-

tion, it will adversely affect the results of dark object detection due to
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problems of illumination and shadows. Gamma correction controls the
overall brightness of the image through two parameters: I, = aI,.In/ n
where I;, and I,,, denote input and output images, « and y are used
to adjust the shape of the gamma correction curve. In this paper, y is
sampled from a uniform distribution y ~ U(2,3.5) and «a is set to 1. The
invert process of gamma correction is to replace 1/y with y: I, = al] .

Tone Mapping. High dynamic range images in real scenes require
tone mapping operation to suit the dynamic range of camera sen-
sors [29]. Here, we simplify the tone mapping to a simple ‘smooth-step’
curve as in Eq. (6) and its invert process is in Eq. (7) :

F,,(x) = 3x% = 2x° (6)
S 1 sinT! (1 -2y)
Fo ) = 5 =sin(———>) @

Noise Modeling. Noises of camera sensors primarily come from two
sources: ‘shot’ noise leads to fluctuations in the gray value of the images
and ‘read’ noise generated by the electronics in the readout cameras.
Mathematically, shot noise is a Poisson random variable whose mean is
the light intensity (i.e. parameter k in Egs. (8) and (11)) and read noise
is a Gaussian random variable with zero mean and fixed variance [30].
We model both of them as x

noise*
Xnoise ~ N(u=0, 62 =k-I- Ashot + Aread) (8

where [ is the output image from the Invert Processing step, A, and
Areqq are digital and analog gains of camera sensors, which could be sam-
pled from the joint distribution of different shot/read noise parameter
pairs in RAW images [30]. The details of the sampling process are:

10g Ay, ~ Ula = 10g(0.0001), b = 10g(0.012)) )
108 Ayogq ~ N (i = 2.1810g A0y 0 = 0.26) (10)
Moreover, parameter k in Eq. (8) is the light intensity (between 0.01
and 1.0), and it follows a truncated Gaussian distribution [7]:
k~N(u=01,06 = 0.08) an

Finally, the outputs y,,, of the Noise Modeling step can be formulated
as: Y, = k- I +x,,,., which is then sent to the ISP Pipeline step for
subsequent transformation processing.

Signal Quantization. The first process in the ISP Pipeline step is to
quantize y,,, by an analog-to-digital converter (ADC). In this paper, we
simulate this process as:

11
VTS S 12
y( 23’23) a2
Yauant = Yom + 9 13)

where B is randomly selected from 12, 14, and 16 as in [7].

Moreover, during the process of ISP-DTM, we calculate four param-
eters, i.e. light intensity k& in Eq. (11), 1/y in Invert Gamma Correc-
tion, channel gain 1/g, and 1/g, in Invert White Balance, which are
used as the ground truth in the following self-supervised learning strat-
egy. We note that all four parameters (k, 1/y, 1/g,, 1/g,) are global
rather than spatially varying. Furthermore, to improve reproducibility,
we have open-sourced our code.

In summary, for a daytime image I, we obtain a low-light image
I, and four ground truths p;(i = 1,2,3,4) by ISP-DTM, and the whole
process can be expressed:

ll +pi = TISP [T;nvert(l)-‘_ynm] (14)

3.3.2. Self-supervised learning strategy

After obtaining low-light images, we compose low-light images and
daytime images into image pairs. Then, we utilize an Encoder-Decoder
to encode the pair of images into high-level features by a weight-shared
Encoder, and to decode four parameters p; (k, 1/7, 1/§,, 1/§,) as the
degradation predictions. The loss of self-supervised learning strategy
Ly, yisa Ly loss:

sel

4
1 -
Loy =73 2 Lii5) (15)
i=1
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where p and j denote the ground truth and prediction of the parameters
k, 1/v, 1/g,, 1/ g, respectively. The weights of k, 1/y, 1/g,, 1/g, are set
to 5:1:1:1 in our implementation.

3.4. Disentanglement regularization (DR)

As shown in Fig. 3, the encoder in our model has two functions:
i) encode the pair of daytime and nighttime images for learning the
parameters of ISP, ii) extract the feature for training the detector. The
task-specific decoders are used to output two different aspects, i.e. ISP-
related parameters for self-supervised learning and bounding boxes and
classes of object detection. However, this multi-task learning framework
may cause the problem of conflicting gradients.

To overcome this issue, we propose a regularization to disentangle
these two tasks (i.e. ISP degradation and object detection) in the training
process. Specifically, as shown in the bottom part of Fig. 3, the red arrow
g, and blue arrow g, denote gradient vectors of the task of object de-
tection and self-supervised learning based ISP degradation respectively.
For different tasks, we minimize cosine similarity by pushing the g, or g,
close to the dotted line arrow under the supervision of DR loss L. For
the same tasks, we make the gradient vectors as coincident as possible.
Mathematically, DR can be expressed as:

Lpg =o;|cos(g), &)| + wp(|1 — cos(gy, g))]) + w3(]1 —cos(gr.8)))  (16)

where w;, w, and w; are the parameters to balance these terms. We set
o; =5and w, = w3 =0.5.

3.5. Dynamic IoU-threshold adjustment strategy

For the teacher-student architecture based unsupervised domain
adaptive methods, pseudo-labels Y, = {p},p.} are generated by the
teacher model and filtered by a static threshold 7., which is unchanged
during the training [9,10]. However, these methods fail to take into
account that the classification confidences would continue to change
across categories and iterations [3]. As a result, many potential True-
Positive pseudo-labels, i.e. correctly predicted by the teacher network,
are excessively filtered out by a high static threshold ., which is usu-
ally set to 0.8.

To overcome this issue, our goal is to adjust the threshold z,;; dynam-
ically to find True-Positive pseudo-labels that have been filtered out.
We propose a Dynamic IoU-threshold Adjustment (DIA) strategy using
the IoU that is calculated by bounding-box predictions of the teacher
and student models to update the threshold during training. Specifi-
cally, as shown in Fig. 6(a), just like traditional teacher-student architec-
ture based UDA methods, the scores of teacher classification prediction
S! € R19%! from the teacher model are filtered by a threshold r,;, (the
red dotted line in Fig. 6(a), the value is initialized to 0.8) firstly, which
is formulated as: S' = where S! > 1,,;, where the type of $! € R'00x!
is Bool. Through the previous analysis, we know True-Positive pseudo-
labels that are filtered out mistakenly may exist in S‘; = False (the
purple point under the red dotted line in Fig. 6(a)).

Then, the IoU of bounding-box predictions can be calculated
by: M, (t,5) = Fy,,(p,, p}), where p} € R4 and p} € R'%** denote
bounding-box predictions of teacher and student models, respectively.
F,,,(+) is a function to calculate IoU, and IoU matrix M;,,(t, s) € R100x100
is the results. Furthermore, in M, ,(t, 5), only those values exceeding an
IoU threshold z,,, are retained according to Eq. (17):

M{ou(t, s) = where M;,, (1, 5) > Ty, a7

where 7;,, denotes the IoU threshold that is set to 0.8 as default, and
the type of M,,,(t, s) is Bool. As shown in Fig. 6(b), the blue square areas
of M,,,(t;,s;) are True for mining True-Positive ones and yellow square
areas of M,,,(t;,s;) are False, which would be discarded.

After that, we define that the filtered pseudo-labels are considered

True-Positive when the following conditions are met: i) S‘g = False,
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which means True-Positive pseudo-labels that are filtered out mistak-
enly may exist in Sé = False and our goal is to recover them to True.
ii) The IoU of teacher and student bounding-box predictions needs to
exceed an IoU threshold 7;,,, i.e. meets Eq. (17). iii) As illustrated in
Fig. 6(c), we iterate the elements in the IoU matrix M,,,(#;,s;), where
the teacher and student models predict the same classes to be saved,
ie p.(t;) = pi(s;). As a result, the pseudo-labels corresponding to this 7,
are considered to be True-Positive samples. We recover them by S‘; [,
= True and store the scores of these #; in the Scores Bank, i.e. Bank, =
S![t;], for updating the threshold z,;; in subsequent iterations.

Finally, we update the threshold in the following three steps: i) We
first sort the scores in Scores Bank from high to low and take the first 50%
to calculate their mean y’ and standard deviation ¢. ii) Inspired by [20],
an auxiliary threshold update step is introduced: 7, = u’ —2 X ¢’. iii)
The threshold is updated by the following formula:

tep

Télx =Tes t ¢(Tstep — Tels) (18)

where 7/, is the updated threshold and ¢ is an adjustment parameter
set by 0.05 as default.

3.6. Total loss

The total loss function includes L,,; , loss that makes the encoder cap-
ture the intrinsic visual information, L, pushes two gradient vectors
at different tasks as orthogonal as possible, and the original detection
losses L,,, in the Teacher-Student architecture:

Lmral = ﬂLself + LDR + Ldet (19)

where g is the weight of self-supervised learning loss.
4. Experiments

In this section, we conduct experiments to validate our proposed ISP
Dynamic Teacher on BDD100k [12] and SHIFT [13] datasets. First, we
give a brief introduction of the used datasets, metrics, and implemen-
tation details. Then, we show the main results of our method on the
two datasets and we compare our proposed method with our confer-
ence version method ISP-Teacher and some SOTA methods. Moreover,
some ablation studies are conducted to verify the effectiveness of each
component and some hyper-parameter sensitivities in our method. Fi-
nally, we show some qualitative results to further validate our proposed
method.

4.1. Datasets and metrics

BDD100k is a widely used autonomous driving dataset [12], which
includes 10 common classes and covers various weather scenarios. Fol-
lowing [11], we split the BDD100k dataset into two parts using labels
‘day’ and ‘night’. Specifically, daytime images and nighttime images are
used as source and target data for training respectively, and only night-
time images in the validation dataset are used for validation. After split-
ting, there are 36,728 daytime images and 32,998 nighttime images in
the training set and 4707 nighttime images in the validation set.

SHIFT is also an autonomous driving dataset [13], and it includes
discrete shifts (e.g urban, village, and rural) and continuous shifts
(e.g. daytime to night) in cloudiness, rain, and fog weather. SHIFT
dataset has the same 6 classes as BDD100k dataset with bounding box
annotations. Similar to BDD100k, we also split it into 19,452 daytime
images and 8497 nighttime images for training and 1200 nighttime im-
ages for validation.

ACDC [31] is a large-scale dataset designed to evaluate robust per-
ception under challenging conditions. It contains 406 images for valida-
tion, which covers night, snow, fog, and rain adverse conditions. In this
paper, we specifically use night subset ACDC (night) for cross dataset
testing.

Cityscapes and Foggy Cityscapes. Cityscapes [32] is a widely used
street scene dataset, which contains 2975 training images and 500 vali-
dation images. Foggy Cityscapes [33] introduces heavy foggy noise and
simulates a synthesized dataset.

As for the metrics, following [11], we adopt APs, (IoU@0.5), APg
(small-sized object), AP,, (medium-sized object) and AP, (large-sized
object) to evaluate our proposed method.

4.2. Implementation details

Following previous teacher-student architecture based domain adap-
tive methods, we use Faster-RCNN [5] with ResNet50 [34] as our base-
line detector. SGD is used as the optimizer with a base learning rate of
0.01, and the momentum is set to 0.9. Loss hyper parameter 1 = 0.3
and g = 1, and the rate smooth coefficient parameter of EMA is set to
0.9996. The batch size is set to 4, which includes 2 daytime images in
the source domain and 2 nighttime images in the target domain, and all
images are proportionally scaled to a minimum side of 600.

In the DIA strategy, 7, is initialized to 0.8, which changes dy-
namically during the training. The value of 7,,, is fixed at 0.8 and the
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Main results of our proposed method on BDD100k dataset. We show the AP, AP, and APj, of each class, along with the improvements
of our method over all baseline approaches. The classes are organized by semantic categories into Human-related (Pedestrian, Rider),
Vehicle-related (Car, Truck, Bus, Motorcycle, Bicycle), and Traffic-related (Traffic Light, Traffic Sign). Source (Lower-Bound) denotes
the results of training Faster-RCNN with only daytime images and testing on nighttime images, and Oracle (Upper-Bound) denotes the
results of training Faster-RCNN on nighttime images with ground-truth and testing on nighttime images. Note that bold and underline
results represent the best and second-best performance for each class, respectively.

Method AP, APg AP, Human-related Vehicle-related Traffic-related
Ped. Rid. Car Tru. Bus Mot. Bic. T-L. T-S.
Source 41.1 6.8 35.7 50.0 28.9 66.6 47.8 47.5 32.8 39.5 41.0 56.5
Oracle 46.2 8.8 40.2 52.1 35.0 73.6 53.5 54.8 36.0 41.8 52.2 63.3
UMT [35] 36.2 5.1 34.5 46.5 26.1 46.8 44.0 46.3 28.2 40.2 31.6 52.7
+13.4 +4.2 +11.7 +11.4 +14.3 +26.8 +13.5 +10.1 +14.7 +10.1 +19.4 +13.3
TDD [4] 34.6 6.3 30.7 43.1 20.7 68.4 33.3 35.6 16.5 25.9 43.1 59.5
+150 +3.0 +155 +148 +19.7 +5.2 +24.2 +20.8  +26.4 +244 +79 +6.5
AT [10] 38.5 6.0 32.9 42.3 30.4 60.8 48.9 52.1 34.5 42.7 29.1 43.9
+11.1 +3.3 +13.3 +15.6 +10.0 +12.8 +8.6 +4.3 +8.4 +7.6 +21.9 +22.1
2PCNet [11] 46.4 9.1 41.7 54.4 30.8 73.1 53.8 55.2 37.5 44.5 49.4 65.2
+3.2 +0.2  +45 +3.5 +9.6 +0.5 +3.7 +1.2 +5.4 +5.8 +1.6 -0.3
De-Teacher [21] 46.2 - 52.8 35.7 63.2 54.8 50.2 45.7 46.0 45.8 68.0
+3.4 - - +5.1 +4.7 +10.4  +2.7 +6.2 -2.8 +3.7 +5.2 -2.0
Cos [20] 49.4 10.2 45.9 57.1 41.3 73.9 54.7 55.6 43.5 50.2 50.0 67.8
+0.2 -0.9 +0.3 +0.8 -0.9 -0.3 +2.8 +0.8 -0.6 +0.1 +1.0 -1.8
ISP-Teacher [15]  48.8 9.2 45.7 57.8 39.4 72.9 54.6 55.9 43.8 48.1 49.6 66.3
+0.8 +0.1 +0.5 +0.1 +1.0 +0.7 +2.9 +0.5 -1.1 +2.2 +1.4 -0.3
Ours 49.6 9.3 46.2 57.9 40.4 73.6 57.5 56.4 42.9 50.3 51.0 66.0

adjustment parameter ¢ is set to 0.05. For the burn-up stage, we train
the student network in a supervised manner in the source domain for
50k and 40k iterations for BDD100k and SHIFT datasets, respectively.
The total iterations on BDD100k and SHIFT are 110k and 90k iterations.
Our method is implemented on 4 RTX6000 GPUs.

4.3. Main results

In order to verify the effectiveness of ISP Dynamic Teacher for dark
object detection, we compare our method with some SOTA methods,
i.e. UMT [35], TDD [4], AT [10], 2PCNet [11], ISP-Teacher [15] and
Cos [20]. It would be emphasized that the proposed method ISP Dy-
namic Teacher in this paper is an extended version of ISP-Teacher [15]
and Cos [20] is the most recent object detection method specially de-
signed for low-light images and it achieves SOTA performance on the
BDD100k dataset.

4.3.1. Experiments on BDD100k

As shown in Table 1, the previous teacher-student architecture meth-
ods achieve terrible results in night scenes and are even much lower than
the Lower-Bound. For example, TDD [4] and UMT [35] only get 34.6%
AP and 36.2% AP in night scenes. And although AT [10] improves the
performance (38.5% AP) with the design of domain adversarial learn-
ing and weak-strong data augmentation, it is still far behind (-2.6%) the
baseline detector Faster-RCNN (i.e. ‘Source’, 41.1% AP). Through the
four innovations in this paper, our ISP Dynamic Teacher outperforms all
the teacher-student architecture methods by a large margin (over 3% in
AP). Specifically, compared to the method of only training on daytime
source images and testing on nighttime (‘Source’ in the first row), our
method brings a +8.5% AP improvement (i.e. 49.6% vs. 41.1%). Fur-
thermore, our unsupervised approach even outperforms the supervised
method ‘Oracle’ (the second row) that trains on nighttime images with
annotations by +3.4% in AP.

Compared with our conference version ISP-Teacher [15], the per-
formance of our ISP Dynamic Teacher (an extended version method) is
greatly improved thanks to the design of the class-rebalanced module
and dynamic IoU-threshold adjustment strategy. As shown in Table 1,
we can see that our extended version method brings a +0.8% improve-
ment in AP (from 48.8% to 49.6%) and it improves performance in seven

out of nine categories, where ‘Traffic Sign’ is only 0.3% lower. Particu-
larly, the most huge improvement is on the ‘Truck’ class (from 54.6% to
57.5%, +2.9%). Moreover, there is a notable improvement on the ‘Bi-
cycle’ class (from 48.1% to 50.3%, + 2.2%). Furthermore, ISP Dynamic
Teacher achieves a large margin improvement (from 49.6% to 51.0%,
+1.4%) on the ‘Traffic Light’ class and an impressive result of 40.4%
is received on the ‘Rider’ class, surpassing the ISP-Teacher method by
+1.0% absolutely. Finally, our method also achieves satisfactory results
on the ‘Car’, ‘Bus’ and ‘Pedestrian’ classes, which obtain + 0.7%, +0.5%
and +0.1% improvements, respectively. The above comparison clearly
proves the effectiveness of our proposed method on dark object detec-
tion.

For the dark object detection methods, ISP Dynamic Teacher
achieves the SOTA performance. From the last three rows of the
Table 1, we can see that our proposed method achieves a new SOTA
(49.6% AP) in dark object detection. Specifically, ISP Dynamic Teacher
obtains a +2.8% AP improvement (57.5% vs. 54.7%), where is the most
notable improvement on the ‘Truck’ class. Furthermore, our method out-
performs the class of ‘Traffic Light’, ‘Pedestrian’, and ‘Bus’ by 1.0% (from
50.0% to 51.0%), 0.8% (from 57.1% to 57.9%) and 0.8% (from 55.6%
to 56.4%) in terms of AP, respectively. Moreover, compared to the ‘Bicy-
cle’ (50.3% vs. 50.2%) and ‘Car’ (73.6% vs. 73.9%) classes, we can also
get similar results. However, the performance of ISP Dynamic Teacher
on some classes is not satisfactory, which is 1.8% and 0.9% lower on
the ‘Traffic Sign’ and ‘Rider’ class, respectively. We think this will also
be the direction that we optimize the algorithm in the future.

4.3.2. Experiments on SHIFT

To further verify the effectiveness of our proposed method, we con-
duct experiments on the SHIFT dataset and the results are shown in
Table 2. We can see that other teacher-student architecture based meth-
ods also perform worse than Lower-Bound (e.g. UMT [35] and AT [10]
are 10.5% and 2.7% lower than Lower-Bound, respectively), and our
ISP Dynamic Teacher outperforms all other methods as well.

Note that our conference version method ISP-Teacher [15] still is
the SOTA performance so far. Moreover, compared with ISP-Teacher,
our extended version method ISP Dynamic Teacher achieves +0.4% im-
provement in AP (from 52.4% to 52.8%). From Table 2, we know that
the reason is mainly due to the improvement on the ‘Bus’, ‘Motorcycle’
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Main results of our proposed method on SHIFT dataset. Source (Lower-Bound) denotes the results of training Faster-
RCNN with only daytime images and testing on nighttime images, and Oracle (Upper-Bound) denotes the results of
training Faster-RCNN on nighttime images with ground-truth and testing on nighttime images. Note that bold and
underline results represent the best and second-best performance within each class.

Method APy, APg P, Human-related  Vehicle-related
Pedestrian Car Truck Bus Motorcycle  Bicycle
Source 41.6 6.4 65.0 40.4 44.5 49.9 53.7 14.3 46.7
Oracle 47.0 9.6 71.3 49.7 51.5 56.0 53.6 19.2 52.4
UMT [35] 31.1 3.1 45.9 7.7 47.5 18.4 46.8 16.6 49.2
+21.7 +10.1 +34.5 +44.0 +11.3 +40.1 +17.3 +8.0 +9.6
AT [10] 38.9 5.2 61.5 25.8 33.0 54.7 49.5 20.7 52.3
+139  +8.0 +189  +25.9 +258  +3.8 +14.6  +3.9 +6.5
2PCNet [11] 49.1 10.6 76.0 51.4 54.6 54.8 56.6 23.9 54.2
+3.7 +2.6 +4.4 +0.3 +4.2 +3.7 +7.5 +0.7 +4.6
De-Teacher [21] 52.5 - - 52.3 57.7 58.4 62.3 27.1 56.9
+0.3 - - -0.6 +1.1 +0.1 +1.8 -2.5 +1.9
Cos [20] 51.0 12.3 78.9 50.9 56.0 57.2 64.5 22.2 55.5
+1.8 +0.9 +1.5 +0.8 +2.8 +1.3 -0.4 +2.4 +3.3
ISP-Teacher [15] 52.4 131 80.0 51.6 59.1 58.7 62.3 24.1 58.3
+0.4 +0.1 +0.4 +0.1 -0.3 -0.2 +1.8 +0.5 +0.5
Ours 52.8 13.2 80.4 51.7 58.8 58.5 64.1 24.6 58.8

and ‘Bicycle’ classes, i.e. minority classes on SHIFT dataset. Specifically,
our ISP Dynamic Teacher obtains a huge improvement on the ‘Bus’ class
(from 62.3% to 64.1%, +1.8%) and +0.5% improvement is achieved
on both class ‘Motorcycle’ and class ‘Bicycle’ (24.1% vs. 54.6%, 58.3%
vs. 58.8%). These results further prove the effectiveness of our new con-
tributions (i.e. class-rebalanced module and dynamic IoU-threshold ad-
justment strategy) added to the extended version.

Compared with the dark object detection method, our ISP Dynamic
Teacher outperforms a night-specific algorithm 2PCNet [11] by 3.7% in
AP (from 49.1% to 52.8%). Furthermore, although Cos [20] achieved
good results on the BDD100k dataset, it performed poorly on the
SHIFT dataset, even worse than our conference version method ISP-
Teacher [15] (i.e. 51.0% vs. 52.4%). From the last three rows of Ta-
ble 2, our ISP Dynamic Teacher achieves a new SOTA performance
i.e. +52.8% in AP and obtains a +1.8% improvement compared with
Cos [20] (51.0% vs. 52.8%). Specifically, ISP Dynamic Teacher achieves
58.5% AP on the ‘Bicycle’ class, surpassing Cos [20] by a large mar-
gin, i.e. +3.3% in AP (from 55.5% to 58.8%). Furthermore, our method
obtains a huge improvement on the ‘Car’ class (from 56.0% to 58.8%,
+2.8%), and a notable improvement (+2.4%) on the ‘Motorcycle’ is
obtained compared with Cos [20] (22.2% vs. 24.6%). The above experi-
ments further demonstrate the effectiveness of our proposed method in
the dark object detection task.

4.3.3. Experiments on minority classes

Our method yields substantial improvements in minority classes such
as ‘Truck’, ‘Bus’, ‘Motorcycle’, ‘Bicycle’. For instance, as shown in Ta-
ble 1, our approach improves the AP of Motorcycle by +8.6% and
+24.2% over AT [10] and TDD [4] baselines, respectively. This con-
firms the effectiveness of our CRM in alleviating the class imbalance
problem. The combination of self-supervised Learning Based ISP Degra-
dation (ISP-DTM) and the Dynamic IoU-threshold Adjustment (DIA)
strategy significantly boosts the detection performance of small objects
APg. Specifically, APy increases from 6.3% to 9.3% on the BDD100k
dataset (Table 1) and from 5.2% to 13.2% on SHIFT dataset (Table 2)
compared to the AT [10] baseline. These results further demonstrate
that the ISP-DTM preserves texture and structural details for small ob-
jects under low-light conditions, while DIA reduces false negatives for
high-quality small pseudo-labels.

4.3.4. Cross datasets and different weather conditions experiments
i) Cross datasets experiments. We use daytime images from the
BDD100k dataset as the source domain and nighttime images from the
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ACDC dataset as the target domain, since the two datasets share the
same set of classes. As shown on the left side of Table 3, 2PCNet [11]
and Cos [20] show limited performance under the cross dataset set-
ting, achieving only 11.9% and 13.7% in AP. Our method achieves
the best performance on all object scales, surpassing previous SOTA
method Cos [20] by +3.3% in AP, indicating that the proposed learn-
able ISP-based degradation module and dynamic class-rebalanced and
IoU-threshold strategies effectively enhance feature representation un-
der cross nighttime dataset conditions.

ii) Different weather conditions experiments. We conduct exper-
iments on BDD100k (day — rainy) and Cityscapes — Foggy Cityscapes
setting to evaluate generalization under rainy and foggy conditions. As
shown on the middle and right sides of Table 3, our method consistently
outperforms strong UDA baselines under rainy and foggy conditions in
terms of APs, (53.1% in rainy and 43.8% in foggy). Furthermore, the
strong AP ¢ results across both domains (i.e. 12.0% in rainy and 3.3% in
foggy conditions) indicate that the CRM and DIA modules of our method
are essential for small object detection. The gains under rainy and foggy
conditions demonstrate that our method is not limited to nighttime il-
lumination changes, but generalizes to other weather-induced domain
shifts.

4.4. Ablation study

To validate the effectiveness of each component in our proposed
method, we conduct some ablation experiments on the BDD100k
dataset. Moreover, some analyzes of the hyper-parameters are also
shown in this section.

4.4.1. Effectiveness of each component

i) Self-supervised Learning Based ISP Degradation. We compare
our self-supervised learning based ISP degradation (Self., the third row
of Table 4) with other methods: (1) traditional non-learnable data aug-
mentations like randomly color jittering, gray scaling, Gaussian blur-
ring (the first row of Table 4), and (2) nighttime specific augmenta-
tions NightAug in 2PCNet [11] (NA., the second row in Table 4). As
shown in Table 4, we see that the method of traditional non-learnable
data augmentation conducted on daytime images obtains poor perfor-
mance (42.2% AP) in low-light conditions. The NightAug method (in
the second row) is a nighttime specific data augmentation that aims to
reduce the bias between daytime and nighttime images, and it brings
+3.6% AP improvement compared to the non-learnable data augmen-
tation method (42.2% vs. 45.8%). Our proposed self-supervised learning
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Left: cross nighttime dataset experiments from BDD100k — ACDC (night) setting. Middle and Right: different
weather conditions from BDD100k (day — rainy) and Cityscapes — Foggy Cityscapes, respectively.

Method BDD100k — ACDC (night) BDD100k (day — rainy) Cityscapes — Foggy Cityscapes

APy, AP AP, AP, AP, AP, AP, AP, APy, AP, AP, AP,
2PCNet [11] 11.9 8.2 12.9 48.4 10.9 34.1 40.0 43.0 3.2 20.2 47.6
Cos [20] 13.7 18 12.4 19.4 49.0 10.1 34.4 48.5 41.8 3.2 19.7 44.6
ISP-Teacher [15] 16.3 18 13.0 21.3 51.9 11.6 35.3 50.9 43.3 3.1 20.7 47.6
Ours 17.0 1.9 13.1 23.3 53.1 12.0 36.7 51.7 43.8 3.3 20.4 47.9
Table 4

Left: ablation study of each component in our ISP Dynamic Teacher on BDD100k dataset. Top right and
bottom right: the influence of different weights ¢ in the dynamic IoU-threshold adjustment strategy and
p in the self-supervised learning based ISP degradation loss. ‘NA.” denotes a non-learnable nighttime spe-
cific augmentation in 2PCNet, i.e. NightAug. ‘Self.” and ‘DR’ denote the self-supervised learning based ISP
degradation and disentanglement regularization. CRM and DIA denote Class-rebalanced Module and Dy-
namic IoU-threshold Adjustment, which are the new contributions proposed in the extended version ISP
Dynamic Teacher. AP, AP,, and AP, denote the AP on small-sized, medium-sized and large-sized objects,

respectively.
NA. Sel. DR CRM DIA AP, APy AP, AP, ¢ AP, APy AP, AP,
- - - 422 79 230 388 w/o 492 92 270 46.8
v - - - 458 86 257 422 0.03 491 9.0 273 465
v - - 485 9.2 271 452 005 49.6 9.3  27.3 46.2
v - 434 83 245 397 007 488 92 271 465
- - - v 429 79 239 391 AP, AP AP, AP,
v v - - 488 92 272 457 1 496 9.3 273 462
v v v - 492 92 270 468 2 492 92 272 46.0
v v v v 496 93 273 462 5 468 81 259 452
based ISP degradation not only addresses the domain bias of the student Effect of Mixup Ratio (p) on AP
network but also explores how to learn intrinsic visual information of 53.0
dark images, which achieves a huge improvement in AP (from 42.2% 52.51
to 48.5%, +6.3%). This module mitigates domain bias by modeling the & 5004
camera imaging process, as demonstrated by its effectiveness in object <
detection on low-light images. § 5151
ii) Disentanglement Regularization. As shown in the sixth row of 5 51.01 —e— BDD100k
Table 4, when adding disentanglement regularization (DR) in our frame- f’;’ 50,5 SHIFT
work, the detection performance can further improve to 48.8% from £
48.5%. This is due to Disentanglement Regularization explicitly mini- & 50.01 49.6
mizes the cosine similarity between gradients of object detection and Z 4951 49.3 494
self-supervised learning based ISP degradation, effectively mitigating 149.0]48:9 49.0 48.8 48.8
gradient conflict. The above are the contributions of ISP-Teacher [15],
based on it, we add two new contributions in the following. 02 03 0.4 05 06 07 08

iii) Class-rebalanced Module. From Table 4, we can see that af-
ter adding the class-rebalanced module, the detection performance in-
creases from 48.8% to 49.2% (+0.4% in AP), where it bring a huge
improvement (+1.1%) on large-sized object, i.e. AP; from 45.7% to
46.8%. At the same time, there is basically no impact on small-sized
and medium-sized objects.

In addition, using the CRM alone (row 4 in Table 4) also brings a
noticeable improvement (42.2% vs. 43.4% in AP). These comparisons
prove that Class-Rebalanced Module addresses the class imbalance prob-
lem by redistributing class samples based on the confusion matrix and
a weight sampling algorithm, which improves the accuracy of object
detection tasks.

iv) Dynamic IoU-threshold Adjustment. Finally, when using the
dynamic IoU-threshold adjustment strategy, as shown in the last row
of Table 4, the performance further improved to a new SOTA result
(+49.6% in AP), and it also brings +0.4% improvement in AP. We
found that the improvement is mainly concentrated on small-sized and
medium-sized objects. Moreover, even when used alone, the DIA still
leads to performance improvement (from 42.2% to 42.9% in AP). The
reason is that the DIA strategy enhances pseudo-label quality by recov-
ering true positives that are mistakenly filtered out by static thresholds
(especially small objects).

11

Mixup Ratio (p)

Fig. 7. Analysis of mixup ratio p in Mixup augmentation. As the mixup ratio
increases, the performance shows similar trends on both BDD100k and SHIFT
dataset, achieving the best performance at p = 0.5.

4.4.2. Analysis of hyper-parameter

i) Analysis of weights ¢ of the dynamic IoU-threshold adjust-
ment strategy. From Eq. (18) we know that ¢ = 0 means dynamic IoU-
threshold adjustment (DIA) strategy is not used. As shown in Table 4,
the result without using the DIA strategy is 49.2% in AP. When ¢ in-
creases to 0.03, the result drops slightly (from 49.2% to 49.1%), and
when ¢ continues to increase to 0.05, our method achieves the SOTA
result (49.6% in AP). At the same time, it also obtains the best results on
small-sized objects (9.3% in APg) and medium-sized objects (27.3% in
AP,,). However, as ¢ continues to increase, the result begins to decline
and is even 0.4% lower than the result without using the DIA strategy
(48.8% vs. 49.2%). From the above results, we conclude that the hyper-
parameter ¢ is sensitive to the final result, so we set ¢ = 0.05 as default.

ii) Analysis of weights § in the self-supervised learning based
ISP degradation loss. From Eq. (19), we add the self-supervised learn-
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Ground Truth

Ours

Fig. 8. Examples of detection results on BDD100k dataset. For each row of figure, (a) and (b) are dark scenes in clear weather, (c) is the dark scene in rainy weather,
(d) contains minority class ‘Bus’, (e) and (f) are small instances of different classes. We also show some failed examples of our method in (g) and (h). Different
colored boxes denote different classes, i.e. red box denotes ‘Car’, blue box denotes ‘Pedestrian’, cyan box denotes ‘Bus’, yellow box denotes ‘Traffic Sign’ and green
box denotes ‘Traffic Light’. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 5

Computational complexity of different methods. Latency is measured as
the average inference time per image (mean =+ std) over 200 runs after 50
warm-up iterations. Throughput denotes one image (batch size = 1) pro-
cessed per second under the same setting. All experiments are conducted
on a single RTX3090 GPU.

Method Parameters Latency | Throughput 1 FLOPs Memory
M) (ms) (images/s) G) (MB)
2PCNet [11] 165.22 34.64 + 0.49 28.88 73.61 1192.7
ISP-Teacher [15] 173.62 33.40 + 0.35 29.94 73.61 1226.7
Cos [20] (SOTA) 269.07 34.74 + 0.42 28.79 73.61 1589.2
Ours 277.48 33.73 £ 0.41 29.65 73.61 1623.6

ing based ISP degradation loss L, ; into the original detection loss L.
To explore the influence of the weights g of L, ,, we set different val-
ues of f=1,2,5 to conduct experiments on the BDD100k dataset. As
shown in Table 4, when g = 1, we get the best performance not only
in AP (49.6%) but also in small-sized object (9.3% in APg), medium-
sized object (27.3% in AP,,) and large-sized object (46.2% in AP)).
However, the performance declines slightly when g = 2 (AP from 49.6%
to 49.2%), and there is a significant decrease in AP performance when
p =35, ie 46.8%, which is even lower than the original version method
ISP-Teacher [15] (48.8% in AP). The above experiments indicate that
the weight of self-supervised learning based ISP degradation loss is sen-
sitive to the performance of object detection, and we set # = 1 by default
in this paper.

iii) Analysis of mixup ratio p in Mixup augmentation (Eq. (5)).
As shown in Fig. 7, the detection performance on both BDD100k and
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SHIFT datasets exhibits a consistent trend with respect to the mixup
ratio (p). When p increases from 0.2 to 0.5, the AP values gradually im-
prove, reaching the best performance at p = 0.5 (49.6% AP on BDD100k
and 52.8% AP on SHIFT). This indicates that a moderate mixing ratio
effectively enhances representation diversity between base and mixed
instances. However, further increasing p beyond 0.5 leads to a slight
performance decline. Therefore, we set p = 0.5 as default, which pro-
vides a balanced contribution between the base instance and the mixed
instance in the CRM.

4.5. Computational complexity analysis

From Table 5 we can see that the latency of proposed ISP Dynamic
Teacher is 33.73 ms per image, which is similar to ISP-Teacher [15]
(33.40 ms) and slightly lower than Cos (34.74 ms). All methods share
the same FLOPs (73.61 G), as they use the same Faster R-CNN [5] de-
tector during inference. This confirms that the additional complexity is
mostly in the training phase (e.g. teacher-student learning or auxiliary
modules), and does not affect the forward pass computational cost at
test time. Compared with SOTA method Cos [20], our method achieves
higher throughput (29.65 vs. 28.79 images/s) and lower inference la-
tency (33.73 ms vs. 34.74 ms) with similar parameters and GPU memory
usage.

4.6. Visualization results on BDD100k dataset

To show the effectiveness of our ISP Dynamic Teacher, we present
some visualization results on BDD100k val dataset. As shown in Fig. 8,
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the first two rows are dark object detection results in clear weather.
From (a) and (b) in Fig. 8, we see that our ISP Dynamic Teacher can
detect all objects accurately. However, AT [10] and 2PCNet [11] some-
times detect wrong cars, i.e. extra red box, while ISP-Teacher [15] and
Cos [20] mistakenly detect some cars and traffic light (green box), re-
spectively. Compared with the first two rows, (c) is more challenging
because it is in a rainy scene. Under such adverse weather conditions,
our method also achieves better results. However, AT [10] and Cos [20]
miss the pedestrian on the left of the picture while ISP-Teacher [15] even
misses all the pedestrians and cars on the left of the picture.

Furthermore, the visualization results in (d), (e) and (f) in Fig. 8 are
the best proof of our newly added contributions, i.e. class-rebalanced
module and dynamic IoU-threshold adjustment. From Fig. 2, we can see
that ‘Bus’ is a minority class and there is a huge gap between the number
of ‘Bus’ and other majority classes (e.g. ‘Car’, ‘Traffic Sign’ and ‘Traffic
Light”). This serious class imbalance could affect the object detection re-
sults, as shown in (d) of Fig. 8, AT [10] cannot detect the existence of
‘Bus’ class at all. Although 2PCNet [11], ISP-Teacher [15] and Cos [20]
can locate part of objects, these methods misclassify the ‘Bus’ class as
‘Car’ class (small red box in the middle of figure). However, our method
can locate and detect the ‘Bus’ class (two cyan boxes in picture) thanks
to the proposed class-rebalanced module. Lines (e) and (f) of Fig. 8 are
the detection results for small instances. From (e), we can see that all
methods can detect ‘Traffic Sign’ (yellow boxes), however, compared
with ‘Car’ that are smaller than ‘Traffic Sign’, other methods have a cer-
tain degree of missed detection while our method could detect all cars.
Line (f) is more challenging, as ‘Traffic Sign’ and ‘Traffic Light’ are al-
most invisible to the human eyes in dark condition. From the previous
analysis, we know that a higher static threshold may filter out very small
instances, which makes it more difficult for the model to learn represen-
tations of these objects. By elaborately designing dynamic IoU-threshold
adjustment strategy, our method does not miss any small instances in
dark conditions.

5. Conclusion and future work

In this paper, we propose a novel dark object detection method,
named ISP Dynamic Teacher, for challenging low-light scenes without
annotations. To overcome the problem that mainstream teacher-student
architecture based UDA methods have poor results on the day-to-night
condition, we design a day-to-night transformation module that is con-
sistent with the ISP pipeline of the camera sensors (ISP-DTM) to make
the augmented images look more in line with the natural low-light im-
ages captured by the cameras. Moreover, a self-supervised learning strat-
egy is used to capture the intrinsic visual information of images under
different light changes. In order to avoid self-supervised learning based
ISP degradation affecting the training process of object detection, a dis-
entanglement regularization is introduced by minimizing the cosine sim-
ilarity of the gradients of different tasks while maximizing the gradients
of the same tasks.

Furthermore, based on the above contributions, we propose a Class-
rebalanced Module (CRM) by creating a confusion matrix and utilizing
a weight sampling algorithm to find the mix instance that best matches
the base instance in the original input image. And then we mix them
together using Mixup augmentation, which can solve the problem of
class imbalance in dark object detection. Building upon this, we further
devise a Dynamic IoU-threshold Adjustment (DIA) strategy to find the
True-Positive pseudo-labels that are filtered out mistakenly by a high
static threshold. Experimental results on two benchmarks show that our
method outperforms previous teacher-student architecture methods in
dark scenes by a large margin.

However, our method also has some limitations. i) similar to other
pseudo-labeling strategies, the proposed DIA method has inherent lim-
itations. In particular, DIA relies on teacher-student IoU consistency as
a proxy for localization reliability, and thus may be susceptible to false
positives in cases where student and teacher detections align in IoU but
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belong to different classes. We believe that incorporating additional se-
mantic consistency cues (e.g. feature similarity constraints) is a promis-
ing direction for future work. In addition, ii) the performance may be
sensitive to ISP parameter settings and domain-specific characteristics
such as illumination distribution, sensor response, or noise patterns. Fu-
ture work will explore domain-aware parameter fine-tuning to enhance
the robustness of the ISP module across diverse conditions.
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