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Abstract: Both transformer and one-stage detectors have shown promising object detection results
and have attracted increasing attention. However, the developments in effective domain adaptive
techniques in transformer and one-stage detectors still have not been widely used. In this paper,
we investigate this issue and propose a novel improved You Only Look Once (YOLO) model based
on a cross-attention strategy transformer, called CAST-YOLO. This detector is a Teacher–Student
knowledge transfer-based detector. We design a transformer encoder layer (TE-Layer) and a convo-
lutional block attention module (CBAM) to capture global and rich contextual information. Then,
the detector implements cross-domain object detection through the knowledge distillation method.
Specifically, we propose a cross-attention strategy transformer to align domain-invariant features
between the source and target domains. This strategy consists of three transformers with shared
weights, identified as the source branch, target branch, and cross branch. The feature alignment uses
knowledge distillation, to address better knowledge transfer from the source domain to the target
domain. The above strategy provides better robustness for a model with noisy input. Extensive
experiments show that our method outperforms the existing methods in foggy weather adaptive
detection, significantly improving the detection results.

Keywords: computer vision; object detection; deep learning; domain adaptation

1. Introduction

Significant improvements have been achieved in convolutional neural network (CNN)-
based object detection methods. However, the conditions necessary for these methods
to achieve high accuracy are mostly limited to obeying the same feature distribution.
Even with superior results on large-scale benchmark tests, there is significant performance
degradation when testing in target domains with different feature distributions. The target
domain may have variations in image style, lighting conditions, image quality, camera
view, etc., which usually introduce a significant domain shift between the training and
testing data. Although this problem can be alleviated by collecting more training data, such
a solution is impractical due to the expensive and time-consuming data labeling process.

Addressing the domain shift between the source and target domain datasets is crucial
for cross-domain object detection. Typically, cross-domain object detection has been used
to learn robust and generalizable detectors using labeled data from the source domain and
unlabeled data from the target domain. The work by [1] is a landmark study in addressing
the domain shift problem in object detection. Most domain adaptive methods [2–4] have
been studied based on faster regions with CNN features (Faster R-CNN) [5]. Several recent
works [6,7] have proposed one-stage detector-based methods to implement cross-domain
object detection while considering the computational advantages of one-stage detectors.

Therefore, to address time-sensitive practical applications, such as the foggy weather
adaptive detection in road scenarios, we propose using YOLOv5 [8] as the base structure in
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the framework for the study of cross-domain object detection. On the one hand, one-stage
object detectors can achieve almost real-time levels and maintain comparable accuracy to
two-stage object detectors. On the other hand, few studies have explored the introduction
of a one-stage architecture.

In summary, to exploit the advantages of the one-stage architecture in cross-domain
detection, we propose a new one-stage detection framework that designs a cross-attention
strategy transformer to align features. This framework efficiently extracts the source
domain’s features using fully supervised learning. The samples in the source and target
domains belong to the same class but come from different domains. Since the target domain
samples are unlabeled, pseudo-labeling must be generated in the teacher model. We use
the Mean Teacher [9] guided teacher network to detect unlabeled target images. The core
concept of our work is to use a cross-attention strategy transformer, which constrains the
distribution distance between the source and target domains.

Specifically, we analyze the attention weights with more focus on the domain-invariant
features in different domains while ignoring the domain-specific features. Therefore, we
propose a novel improved YOLO based on a cross-attention strategy transformer (CAST-
YOLO) for source–target domain-invariant feature alignment.

The main contributions of this paper are as follows:
(1) A novel improved YOLO based on a cross-attention strategy transformer is pro-

posed, named CAST-YOLO. This method uses YOLOv5 as a base architecture, which
designs a transformer encoding layer and a convolutional block attention module in the
detector structure to obtain rich information. This detector is based on Teacher–Student
knowledge transfer.

(2) A cross-attention strategy transformer is proposed to implement the domain-
invariant feature alignment between source and target. This strategy consists of three
transformers with shared weights, identified as the source branch, target branch, and cross
branch, respectively. Feature alignment between the cross and target branch by knowledge
distillation allows better knowledge transfer from the source to the target domain.

(3) We conducted extensive experiments on public benchmarks to validate the effec-
tiveness of our method. The experimental results demonstrate that our method achieves a
significant performance improvement in the task of target domain detection.

2. Related Works

Object Detection. Early object detection methods were based on the sliding-window
methods, which applied handcrafted features and classifiers on dense image grids to
locate objects. However, the traditional handcrafted feature extraction method for object
detection has some limitations, such as poor robustness to changing objects, high time
complexity, and redundant detection windows. With the arrival of the deep convolutional
neural networks, it became possible to solve the problems of traditional handcrafted feature
extraction methods and improve the detection speed and accuracy of object detection. The
object detection task has quickly become dominated by CNN, which can be divided into
two-stage object detection [5,10,11] and one-stage object detection [12–14].

Cross-domain Object Detection. The concept of domain adaptive object detection has
been raised very recently for unconstrained scenes. The purpose of cross-domain object
detection is to detect objects in different domains. Research in this direction was first carried
out by Chen et al. [1], who proposed a domain-adaptive Faster R-CNN that reduced the
difference between image-level and instance-level distributions by embedding adversarial
feature adaptation in a two-stage detection pipeline. Saito et al. [15] proposed aligning
shallow local perceptual fields with deeper image-level features, i.e., strong local alignment
and weak global alignment. This proposal addressed the issue of adaptability from the
perspective of domain diversity. The work of [16] utilized the classification consistency of
image-level and instance-level predictions with the assistance of a multilabel classification
model. The work of [6] proposed a center-aware feature alignment method that enabled
the discriminator to focus on features from object regions.
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In contrast, several recent works have attempted to address the cross-domain object
detection problem with one-stage detectors [6,7,17–19]. Ref. [6] adapted [20] to explicitly ex-
tract objectivity graphs. I3Net [7] introduced a complementary module that was specifically
designed for the single-shot multibox detector (SSD) [14] architecture.

Google first proposed the Transformer model in 2017 [21]. It resulted in a large perfor-
mance improvement for various tasks in natural language processing (NLP). Moreover, [22]
proposed a Detection TRansformer (DETR) model for object detection that provided a real
end-to-end deep learning solution. In [23], the authors proposed a new sequence feature
alignment method specifically designed for the adaption of the Transformer detectors. The
work of [24] designed three levels of source–target feature alignment strategies based on
Transformer to improve the quality of the pseudo labels in the target domain.

In this paper, we aspire to exploit the advantages of the one-stage detector and the
transformer architecture to improve the performance of the cross-domain detection model.

3. Proposed Method
3.1. Framework Overview

This section presents our proposed improved YOLO based on a cross-attention strategy
transformer, named CAST-YOLO. In cross-domain object detection, the training data consist
of labeled source domain images and unlabeled target domain images. The purpose is to
train an object detector on the training data that can generalize to the target domain.

To exploit the advantages of the one-stage architecture in cross-domain detection,
we propose a new one-stage detection framework that uses a cross-attention strategy
transformer to achieve the source–target feature alignment, as shown in Figure 1. The
common feature extraction structure was used in Teacher and Student models, as shown in
Figure 2. In the feature extraction structure, we designed a TE-Layer (Section 3.4) based on
the Transformer concept to obtain rich global and contextual information. The objective
function mainly consisted of three parts, Lsup denoted the training loss of the source
domain samples with their corresponding ground truth labels, and Lunsup denoted the
training loss of the target domain samples with their corresponding pseudo label. Ladv

dis
denoted the distillation loss to align the features in the source–target domain. Specifically,
we propose a cross-attention strategy transformer, which implements the domain-invariant
feature alignment of the source and the target with knowledge distillation (Section 3.5).
In addition, we explore the effect of the channel and spatial attention modules in foggy
weather adaptive detection, which further improves the discriminability of our method in
the target domain by suppressing the noisy information in this domain.

We designed the feature extraction structure based on the YOLOv5 [8] architecture,
which consists of a Backbone, Neck, and Detect Head, as shown in Figure 2. We added
a TE-Layer and CBAM into the feature extraction structure based on the original model.
The TE-Layer was used to obtain rich global and contextual information, and we added
this structure into the Backbone and Neck. Extracting the attention region can help our
model to resist the noise interference; therefore, we integrated the CBAM into the Neck
to focus its attention on useful objects. Foggy weather adaptive detection requires a high
real-time performance. We found that the average precision (AP) difference between the
YOLOv5s and the YOLOv5x, YOLOv5l, and the YOLOv5m was only about 1.5%, but the
computational cost was much lower than the other models. Therefore, we used YOLOv5s
to pursue the best detection performance.
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Figure 1. The overall architecture of our proposed CAST-YOLO. The framework consists of a detection
model called the student model and a detection model called the teacher model. We alternate
between training the student model on a supervised source domain and a pseudo-supervised target
domain, and the teacher model generates pseudo labels of the target domain through exponential
moving average (EMA) updates from the student model. In particular, we propose a cross-attention
strategy transformer that achieves the domain-invariant feature alignment of the source–target by
knowledge distillation.

Figure 2. The architecture of feature extraction in the Teacher and Student model. (a) The Backbone
with transformer encoder blocks at the end. (b) The Neck uses the PANet structure. (c) The Detect
Heads use the feature maps from the transformer encoder blocks in the Neck.
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3.2. Update Teacher from Student

In cross-domain object detection, the Teacher model is very close to the Student model,
and the fact that the Teacher and Student are coupled is evident. Therefore, the Teacher
model is essentially the EMA of the Student model, and their weights are tightly coupled.
Our model followed the method of the Mean Teacher (MT) model [9], which consisted of
two knowledge distillation structures with the same architecture (Student and Teacher).

In cross-domain object detection, the Student model is updated by backpropagation
and the Teacher model is updated by the EMA weights of the Student model. Thus, the
Teacher model can be considered as a collection of multiple time-wise Student models.

Specifically, we assumed that the Student and Teacher weights were defined as Wt
and W ′t , respectively. In the continuous training step t, the Student weights Wt with a
smoothing coefficient were used to update W ′t , as shown in Equation (1).

W ′t ← αW ′t−1 + (1− α)Wt, (1)

where α ∈ [0, 1] denotes the smoothing coefficient. The weights of all the Teachers were
updated according to Equation (1).

3.3. Channel and Spatial Attention Module

In foggy weather adaptive detection, there is noisy interference contained in extensive
coverage areas, mainly from the fog itself. Extracting the attention region can help our
model to resist the interference of the noisy information and focus on the useful objects. In
object detection, both the category and localization accuracy of the object are important
for the final detection result. The channel attention mechanism is mainly used to inform
the network about what needs attention, while the spatial attention mechanism is mainly
used to inform the network where attention is needed. Therefore, we propose to add the
convolutional block attention module [25] into the Backbone; the structure is shown in
Figure 3.

Figure 3. The channel and spatial attention module.

We defined the input features as F ∈ RC×H×W and the final refined features as
F′′ ∈ RC×H×W . The channel attention was denoted as Mc, and the channel attention
formula is shown in Equation (2). Firstly, the input feature was passed through two
parallel MaxPool layers and AvgPool layers, which changed the feature from C× H ×W to
C× 1× 1; then, it was passed through the shared Multilayer Perceptron (MLP) module.
The two postactivation results were obtained in the MLP module. The two results were
summed element by element to obtain the output of the channel attention using the sigmoid
function σ. The output result was multiplied by the original, which changed the feature
map size back to C× H ×W.

Mc(F) = σ(MLP(AvgPool(F)) + MLP(MaxPool(F))) = σ(W1(W0(Fc
avg)) + W1(W0(Fc

max))), (2)



Appl. Sci. 2023, 13, 1176 6 of 15

where Fc
avg and Fc

max denoted the average-pooled features and max-pooled features, re-
spectively. W0 ∈ RC/r×C and W1 ∈ RC×C/r were shared for both inputs, and the ReLU
activation function was followed by W0; r was the reduction ratio.

Then, the spatial attention was denoted as Ms, and its formula as shown in Equation (3).
The output of the channel attention was pooled to obtain two 1× H ×W feature maps and
was then spliced by a Concat operation. The spliced output was converted into a 1-channel
feature map by the convolution operation f ; then, the spatial attention feature was obtained
using the sigmoid function σ. The output result was multiplied by the original, which
changed the feature map size back to C× H ×W.

Ms(F) = σ( f [AvgPool(F); MaxPool(F)] = σ( f [Fs
avg; Fs

max]), (3)

where f represented a convolution operation with a filter size of 7× 7.
Finally, the attention process of the convolutional block attention module can be

summarized as shown in Equation (4):

F′ = Mc(F)⊗ F
F′′ = Ms(F′)⊗ F′,

(4)

where⊗ denotes the element-by-element multiplication. F denotes the intermediate feature
as input; F′ denotes the channel-refined feature; and F′′ denotes the final refined feature.

3.4. Transformer Encoder Layer

We assumed that the transformer encoding layer would capture global information
and rich contextual information. Inspired by the visual transformer [6], we replaced some
convolutional and bottleneck blocks in the original YOLOv5 with the transformer encoding
layer. Its structure is shown in Figure 4.

Figure 4. Transformer encoder layer.

Each transformer encoder layer contained two stages: the first stage was a multi-
headed self-attention layer, and the second stage was an MLP layer. Each stage was
connected with residuals. The transformer encoding layer increased the model’s ability
to capture different local information and had better performance on objects with high-
density occlusion.

3.5. Cross-Attention Strategy Transformer

We propose a cross-attention strategy transformer to achieve domain-invariant feature
alignment in the source–target domain, and the structure is shown in Figure 5. This method
consisted of three transformers that shared weights. Cross-entropy was used for prediction
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in the source branch (Source) and the target branch (Target), while the distillation loss was
used to perform the domain-invariant feature alignment on the cross branch (Cross) and
the target branch.

Figure 5. The transformer encoder layer.

As shown in Figure 5, the source and target domain features were fed to the source
and target branches, respectively, and the multi-head self-attention module was used to
learn the features. The multi-head cross-attention module was used in the cross branch,
which received input from the other two branches. In the N-th layer, the query of the multi-
head cross-attention module came from the query of the N-th layer of the source branch.
The key and value came from the target branch. The output features of the multi-head
cross-attention module were summed with the output of the (N − 1)-th layer.

3.6. Objective Functions

In the cross-domain object detection, we had Ns source domains of labeled samples,
defined as DS = {xs

i , ys
i }

Ns
i=1, and Nt target domains of unlabeled samples, defined as

DT = {xt
i}

Nt
i=1. xs

i and xt
i denoted the input samples in the source and target domains,

respectively. ys
i = (cs

i , bs
i ) denoted the labels of the corresponding input samples in the

source domain; cs
i was the category label, and bs

i was the bounding box label.
Firstly, we trained the student model on the labeled source domain, as shown in

Equation (5).

Lsup(DS) = Lcls
sup(xs

i , ygt) + Lloc
sup(xs

i , ygt) + Lreg
sup (5)

where the source domain sample was denoted as xs
i , and its corresponding ground truth

labels were denoted as ygt. Lsup(DS) denoted the object detection loss under supervi-
sion, including the classification loss, bounding box regression loss, and the regular term.
Lcls

sup(xs
i , ygt) stands for the object detection classification loss for each xs

i source domain
sample with the corresponding ground truth label ygt. Lloc

sup(xs
i , ygt) stands for the object de-

tection bounding box regression loss for each xs
i source domain sample with corresponding

ground truth label ygt. Lreg
sup stands for the regular term, to prevent overfitting.

As a critical element of the Teacher–Student framework, pseudo labels were generated
in our method. We trained the Student model using the pseudo-labeling method in the
target domain. We alternated between training the Student model on a supervised source
domain and a pseudo-supervised target domain, and the Teacher model was updated by
the weights of the Student model, as shown in Equation (6):
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Lunsup(DT) = Lcls
unsup(xt

i , ŷgt) + Lloc
unsup(xt

i , ŷgt) + Lreg
unsup (6)

where the unlabeled target domain sample was denoted as xt
i , and its corresponding gener-

ated pseudo label was denoted as ŷgt. Lunsup(DT) is the pseudo-supervised object detection
for the target domain. Lcls

unsup(xt
i , ŷgt) stands for the object detection classification loss for

each xs
i target domain sample with corresponding pseudo label ŷgt. Lloc

unsup(xt
i , ŷgt) stands

for the object detection bounding box regression loss for each xt
i target domain sample with

corresponding pseudo label ŷgt. Lreg
unsup stands for the regular term, to prevent overfitting.

To achieve the domain-invariant feature alignment of the source and target domains,
we propose a cross-attention strategy transformer to train the cross branch and target
branch by the distillation loss Ldis, as shown in Equation (7):

Ldis(Ic, It) = ∑
k
LCE(Ic

k) logLCE(It
k), (7)

where Ic
k and It

k denote the features of category k in the cross branch and the target branch,
respectively. LCE stands for the cross-entropy loss.

To summarize, the final training objective is defined as shown in Equation (8).

L = Lsup + λunsupLunsup + λdisLdis, (8)

where λunsup and λdis are the tradeoff parameters.

4. Experiments and Analysis
4.1. Datasets and Implementation Details

In the scenario of weather adaptive detection, we used Cityscapes [26] as the source
dataset. Cityscapes is a semantic segmentation dataset consisting of 2975 training images,
500 validation images, and 1525 testing images. Each image was annotated at the pixel
level and could be used for target detection tasks after conversion. The images in the
dataset were all urban scenes of different cities under normal weather. We used Foggy
Cityscapes [26] as the target dataset, which was created by adding synthetic fog into the
Cityscapes dataset; therefore, the annotation information was exactly the same as the
original Cityscapes dataset.

Our method was implemented on Pytorch 1.8.1. All our models were trained and
tested using NVIDIA RTX3090 GPUs. We used the Adam optimizer for training and
3× 10−4 as the initial learning rate with the cosine lr schedule. The learning rate of the
last epoch decayed to 0.12 of the initial learning rate. The number of total epochs was 80.
The size of the input image of our model was very large: the long side of the image was
1504 pixels, which led to the batch size being only 4.

4.2. Comparisons with the State-of-the-Art Methods

Foggy weather adaptive detection is a common and challenging task for cross-domain
object detection, and the object detector must be robust in all conditions. Therefore, we
evaluated the robustness of the model under foggy weather variations by converting the
Cityscapes dataset to the Foggy Cityscapes dataset.

The Cityscapes dataset was used as the source domain, while the Foggy Cityscape
dataset was used as the target domain. In the experiments, the model was trained with
the labeled images from Cityscapes and the unlabeled images from Foggy Cityscapes. We
report the testing results on the validation set of Foggy Cityscapes.

We performed Source only and Oracle experiments with YOLOv5 (marked by ∗).
Source only indicates the model was trained with only the source domain data, and Oracle
indicates the model was trained with labeled data from the source and target domains.
Ours w/Lcls indicates the cross-entropy loss was used in the cross attention strategy to
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align the source and target features. Ours w/trans indicates the model was trained with
the transformer encoder layer only.

As shown in Table 1, our method outperformed other advanced methods. The state-
of-the-art method SFA [23] achieved a 41.3% mAP, while our method achieved a 43.3%
mAP, gaining a +2.0% improvement. This result shows that our method had a stable
ability to solve foggy weather adaptive detection. Our method did not achieve the highest
performance in the ‘truck’ and ‘bus’ categories. Although it did not perform better than
the state-of-the-art methods in these categories, our results were very close to these meth-
ods. In addition, the AP of a few categories was relatively lower but CAST-YOLO(Ours)
was substantially improved compared to the Source only detection, and the confusion
matrix in Figure 6 confirms this. Meanwhile, compared with Ours w/Lcls and Ours w/trans,
CAST-YOLO(Ours) was also substantially improved in these categories. We attributed
this to the proposed cross-attention strategy transformer and the use of a more advanced
convolutional block attention module.

Table 1. The results of different methods on the Foggy Cityscapes validation set for Cityscapes→
Foggy Cityscapes transfer.

Methods Detector Person Rider Car Truck Bus Train Motor Bike mAP

DA-Faster [1] Faster R-CNN 31.9 41.6 46.4 20.1 32.0 17.5 23.1 34.6 30.9
GPA [27] Faster R-CNN 32.9 46.7 54.1 24.7 45.7 41.1 32.4 38.7 39.5
SFA [23] Faster R-CNN 46.5 48.6 62.6 25.1 46.2 29.4 28.3 44.0 41.3
DIR [28] Faster R-CNN 36.9 45.8 49.4 28.2 44.6 34.9 35.1 38.9 39.2
MS- DAYOLO [17] YOLOv4 8.6 45.5 55.9 - - - 28.8 36.5 41.1
SSDA-YOLO [29] YOLOv5-s 43.8 44.9 53.8 27.3 45.6 34.7 34.3 38.8 40.4

Source only YOLOv5-s 37.6 38.7 59.7 14.3 33.5 11.3 2.9 31.5 28.7
Ours w/Lcls YOLOv5-s 48.0 50.0 67.5 18.8 42.8 12.5 22.2 42.1 38.0
Ours w/trans YOLOv5-s 52.9 56.5 70.0 17.6 39.7 13.8 28.2 48.0 40.9
CAST-YOLO(Ours) YOLOv5-s 54.0 58.9 70.1 21.4 43.2 19.2 28.6 51.1 43.3

Oracle YOLOv5-s 51.2 49.2 71.9 40.1 57.7 56.3 40.1 42.3 51.1

4.3. Ablation Studies

In this section, we describe the investigation of the performance of the various pro-
posed strategies. The Cityscapes converted to Foggy Cityscapes were used to evaluate our
model. The Cityscapes dataset was used as the source domain, while the Foggy Cityscapes
dataset was used as the target domain. For fair comparison, all experiments were performed
under the same settings, and we refer the to Gain columns.

(a) Source only (b) Ours

Figure 6. Confusion matrix. The horizontal axis from left to right indicates the ground truth for ‘car’,
‘truck’, ‘person’, ‘mbike’, ‘train’, ‘rider’, ‘bike’, ‘bus’, and ‘False Positive’, respectively. The vertical
axis from top to bottom indicates the prediction of ‘car’, ‘truck’, ‘person’, ‘mbike’, ‘train’, ‘rider’,
‘bike’, ‘bus’, and ‘False Negative’, respectively.
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4.3.1. Loss for the Cross-Attention Strategy Transformer

We investigated the effect of different losses on the cross-attention strategy transformer.
We present the results of the ablation study in Table 2. Source only indicates a model was
trained with only source domain data. Ours w/Lcls indicates the cross-entropy loss was
used in the cross-attention strategy to align the source and target features, and Ours w/Ldis
indicates the distillation loss was used in the cross-attention strategy to align the source
and target features.

Table 2. Comparison among the different loss functions on the cross-attention strategy transformer.

Methods mAP(%) Gain AP0.5:0.95(%) Gain

Source only 28.7 +0.0% 15.7 +0.0%
Ours w/Lcls 38.0 ↑ +9.3% 21.8 ↑ +6.1%
Ours w/Ldis 43.3 ↑ +14.6% 25.8 ↑ +10.1%

As shown in Table 2, Ours w/Ldis achieved the best performance. Both its mAP and
AP0.5:0.95 outperformed those of Ours w/Lcls, gaining +5.3% and +4.0% improvements,
respectively. This finding illustrates that the distillation loss used in the cross-attention
strategy transformer was beneficial for foggy weather adaptive detection.

4.3.2. Validity of the Proposed Module

We investigated the effect of our proposed structures. We present the results of the
ablation study in Table 3. Ours w/o trans indicates the model was trained without the trans-
former encoder layer and convolutional block attention module. Ours w/trans indicates
the model was trained with the transformer encoder layer only. Ours w/trans+attention
indicates the model was trained with the cross-attention strategy transformer and the
convolutional block attention module.

Table 3. The validity of the proposed module on the Cityscapes to Foggy Cityscapes scenario.
‘trans’ and ‘attention’ represent the transformer encoder layer and convolutional block attention
module, respectively.

Methods mAP(%) Gain AP0.5:0.95(%) Gain

Ours w/o trans 36.1 +0.0% 21.3 +0.0%
Ours w/trans 40.9 ↑ +4.8% 23.7 ↑ +2.4%
Ours w/trans+attention 43.3 ↑ +7.2% 25.8 ↑ +4.5%

The Ours w/trans method achieved a result of 40.9% mAP, surpassing the Ours
w/o trans method and gaining a +4.8% improvement. This finding proves that the cross-
attention strategy transformer was effective for foggy weather adaptive detection. Ours
w/trans+attention achieved the best performance, mAP, and AP0.5:0.95, outperforming Ours
w/trans, gaining +2.4% and +2.1%, respectively. The effectiveness of the convolutional
block attention module was demonstrated.

4.3.3. Scale Shift for Foggy Weather Adaptive Detection

There was a potential scale shift between the source and target domain datasets. To
investigate the effect of image scale on our method, we changed the size of the image in the
target domain, and the scale in the source domain was fixed at 1504 pixels.

In Figures 7 and 8, the loss variation and performance comparison of different cases in
the training stage are illustrated, respectively. We analyzed the effect of the scale shift on
the detection performance in these three cases.
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Figure 7. The training loss variation between the different cases. We chose three kinds of experimental
setup for comparison: (1) Ours w/trans (Orange), (2) Ours w/trans+attention (Green), and (3) Source
only (Blue).
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Figure 8. The performance comparison between different cases in the training stage. We chose three
kinds of experimental setup for comparison: (1) Ours w/trans (Orange), (2) Ours w/trans+attention
(Green), and (3) Source only (Blue).

We plotted the detection performance at different image scales by changing the scales
of the target domain images in Figure 9. As shown in Figure 9, by changing the scales
under the same experimental conditions, the model achieved better results at all scales.
Hence, our method was effective at solving the scale shift problem.
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Figure 9. Scale shift for foggy weather adaptive detection. The results are from Cityscapes→Foggy
Cityscapes. The scale of the image is fixed in the source domain, and we resize the different scales of
image in the target domain, as shown in the X-axis.

4.4. Visualization Results

Several qualitative results are shown in Figure 10. We selected some representative
images for the presentation of the test results. Figure 10 shows (a) a clear image (source
domain) and (b) a foggy image (target domain), both detected with the YOLOv5 model.
(c) Our proposed method (CAST-YOLO) was used for detection in foggy images.

(a) Oracle(YOLOv5) (b) Source(YOLOv5) (c) Ours(CAST-YOLO)

Figure 10. Several visualization results in the target domain.
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Although YOLOv5 achieved excellent detection performance on the source domain,
there were significant missing or false detections in the target domain for foggy weather
adaptive detection. However, our method alleviated the limitations of YOLOv5 in foggy
weather adaptive detection, which improved the classification and localization accuracy.

5. Conclusions

In this paper, we addressed the problem of foggy weather adaptive detection in
cross-domain object detection by presenting a novel improved YOLO based on a cross-
attention policy transformer, called CAST-YOLO. We proposed the cross-attention strategy
transformer, which eliminated the effect of the domain-invariant feature shift on cross-
domain object detection, improving the accuracy of foggy weather adaptive detection by a
large margin. Current domain adaptive methods mostly learn feature representations from
the domain or category level, which are usually too noisy for accurate feature alignment.
Here, we introduced a cross-attention strategy. This strategy made the model more robust
when it included noisy input and enabled better domain-invariant feature alignment. The
experimental results on the Cityscapes and Foggy Cityscapes datasets demonstrated that
our model achieved a performance comparable to advanced methods with improved
robustness. The experimental results also showed that our detector was highly effective
and advantageous in foggy weather adaptive detection.

At present, our method has only been tested in the foggy weather adaptive condition.
Despite the superior detection performance achieved in foggy weather adaption, there were
some limitations. For example, various tasks include cross-camera adaptation and cross-
style adaptation in practical applications, but we have not yet verified the generality of our
method in these adaptive conditions. Therefore, future work could consider conducting
experiments under various adaptive conditions to analyze the effectiveness and generality
of the proposed method.
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