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A Coarse to Fine Detection Method for Prohibited Object in X-ray
Images Based on Progressive Transformer Decoder

Anonymous Authors

1 DETAILED DESCRIPTION OF SOME PARTS
IN EXPERIMENTAL RESULTS AND
ANALYSIS

1.1 Robustness Analysis
To validate the robustness of the method in this paper, the training
loss curve was compared with that of DAB DETR. Figure 6 shows
the comparison of the training loss curves of the method in this
paper and DAB DETR, where the first and second lines represent
regression loss, and the third and fourth lines represent classifica-
tion loss. (a) represents the overall regression loss, (b)-(f) represent
the regression loss for each category. (g) represents the overall clas-
sification loss, and (h)-(l) represent the classification loss for each
category. The red line represents the method of this paper, and the
blue line represents DAB DETR.

It can be seen that whether it is regression loss or classification
loss, the method in this paper can converge rapidly and maintain
a stable training state. For regression loss, although DAB DETR
can also converge quickly, the oscillation range is large in the later
training process, and the robustness is poor. As for the classification
loss, the advantages are more obvious, not only the convergence is
rapid, but also the training process is more stable in the later stage,
especially for each class of object. On the contrary, DAB DETR
maintains a large oscillation amplitude while converging slowly,
which fully demonstrates the excellent learning and generalization
ability of our method.

1.2 Effect of Different CTFF Parameters on
Model Performance

Different parameters are used during the coarse detection and fine
detection stages. To verify the impact of these parameters on model
performance, we conducted more detailed ablation experiments.
The experimental results are described below.

1.2.1 Effect of Different 𝛼 in Coarse Detection Stage. In order to re-
duce the computational complexity as much as possible and ensure
higher detection accuracy, in the coarse detection stage, this paper
uses the reduction coefficient 𝛼 to reduce the size of the feature
map. The larger the value of 𝛼 , the less information is lost. In this
paper, we tested three values, namely 1/3, 1/2, and 2/3. See Table 7
for the results.

It can be seen from the table that when 𝛼 = 1/3, about 61% of the
objects can be correctly detected only through the coarse detection
stage. As the reduction coefficient increases, the detection accuracy
gradually increases as the features become richer. When 𝛼 = 1/2,
the number of objects detected in the coarse detection stage tends
to be stable, and the rest of the complex objects should be sent to
the next stage for fine detection.

 

15 

H Deformable DETR[45] 2022 ResNet-50 0.0796 218.90 47.98 

Ours 2023 ResNet-50 0.0545 173.85 41.28 

从 Table 5可以看出，与其他方法相比，本文方法无论是在计算复杂度还是模型参数量

方面都可以取得非常大的优势。在推理速度上，本文方法可以超越大部分的类 DETR方法，

而不需要更多模型参数量。结合 Table 2到 Table 4可知，本文所提方法可以实现精度和速度

上的有效权衡。 

为了验证本文方法的鲁棒性，将其与 DAB DETR的训练损失曲线进行了对比。图 8所

示为本方法与 DAB DETR的训练损失曲线对比图，其中第一行和第二行表示回归损失，第

三行和第四行表示分类损失。(a)表示整体的回归损失，(b)-(f)表示每一类的回归损失。(g)表

示整体的分类损失，(h)-(l)表示每一类的分类损失。红色线条表示本文方法，蓝色线条表示

DAB DETR。 

   
(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

   
(j) (k) (l) 

图 8 不同算法的训练损失曲线对比 

从图中可以看出，无论是回归损失还是分类损失，本文方法都可以迅速收敛，并保持稳Figure 6: Comparison of training loss curves of different
methods.

Table 7: Effect of Different 𝛼 Values onModel Performance. 𝛼
denotes reduction coefficient, N.cd denotes the number that
passes the coarse detection.

𝛼 N.cd mAP Inference Time(s) GFLOPs
1/3 61% 90.31 0.0414 152.11
1/2 79% 92.39 0.0545 173.85
2/3 81% 92.41 0.0735 195.88

1.2.2 The Number of Large Regions Selected During the Fine De-
tection Stage. During the fine detection stage, more feature infor-
mation is utilized for the detection of complex prohibited objects.
Thus, the greater the number of large areas selected, the higher
the detection accuracy, but at the cost of increased complexity. To
achieve a balance between complexity and accuracy, we conducted
ablation experiments on the number of large areas selected, denoted
as 𝑁 . The results of these experiments are presented in Table 8.

It can be seen from the table that as the number of large areas
selected increases, the detection accuracy also increases. When 𝑁

is greater than 4, the detection accuracy tends to be flat, while the
computational complexity continues to increase, which shows that
for X-ray images, choosing 4 large regions can achieve accurate
detection of prohibited object. Therefore, in order to achieve a
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（2）确定 PTD的两个阈值 

 
(a)          (b) 

图 9 不同置信度下 TP和 FP的分布 

为了确定适当的阈值，当不使用 PTD时，根据第四个 Transformer Decoder的输出，计

算 TP和 FP与所有预测框的比率，如图 9 (a)所示。可以看出，当置信度分数大于 0.7时，

几乎所有的输出边界框都是 TP。这意味着，当检测器的置信度分数大于 0.7 时，继续将

bounding box 送入后续的细化过程就没有必要了。因此，第一个阈值被设定为 0.7。在第四

个 Transformer Decoder中加入分流机制后，继续根据第五个 Transformer Decoder的输出计

算 TP和 FP对所有预测框的比率，结果如图 9 (b)所示。可以看出，对于第五个 Transformer 

Decoder，当置信度分数大于 0.6时，输出中几乎所有的检测框都是 TP。因此，为了保护高

分查询不受低分查询的影响，第二个阈值被设定为 0.6。 

5 Conclusions 

本文提出了一种基于渐进 Transformer 解码器的 X 射线图像违禁品由粗到细检测方法，

在 SIXray、OPIXray和 HiXray等三个公共基准数据集上对所提方法的性能进行了广泛的评

估。通过对比分析大量的实验结果，可以得出以下结论： 

（1）X 射线图像的背景复杂度存在很大的差别，因此根据样本的难易程度给予不同的

计算资源，有利于兼顾检测精度和速度； 

（2）在 object queries初始化时，引入尽可能多的违禁品先验知识可以帮助模型快速收

敛，并提升检测精度； 

（3）Transformer 解码阶段包含大量的低分 queries，这些 queries 通常对应遮挡最为严

重的目标，通过高低分 queries分流机制，可以有效降低训练过程中低分 queries对高分 queries

的影响，同时使模型将更多的精力放到低分 queries 的解码中，因此可以有效提高遮挡严重

的违禁品检测精度。 

与现有方法相比，本文方法可以达到当前最优的检测精度。然而由于该方法是基于

Transformer 框架实现的，虽然采用由粗到细的策略有效提升了计算效率，但是仍然需要较

高的模型复杂度才可以获得较好的检测效果。此外，该方法需要大量的标注数据作为支撑。

在未来的工作中，将考虑使用弱监督或无监督的方式来解决模型对于大规模标注数据的依

赖。 
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Figure 7: The distribution of TP and FP at different confidence score.

Table 8: Effect of Different Number of Large Regions on
Model Performance. N denotes the number of large areas
selected.

N mAP Inference Time(s) GFLOPs
2 86.47 0.0418 155.12
3 90.90 0.0489 162.98
4 92.39 0.0545 173.85
5 92.43 0.0723 190.21
6 92.48 0.0883 201.11
7 92.48 0.1001 224.98
8 92.49 0.1318 266.10
ALL 92.49 0.1552 298.32

compromise between precision and complexity, 𝑁 = 4 is set in this
paper.

1.3 Effect of different PTD parameters on model
performance

To determine the appropriate thresholds, when not using PTD, the
ratio of True Positives (TP) and False Positives (FP) to all predicted
boxes is calculated based on the output from the fourth Transformer
Decoder, as shown in Figure 7(a). It is evident that nearly all the
output bounding boxes are TP when the confidence score is greater
than 0.7. This implies that there is no need to continue refining the
bounding box through subsequent processes when the detector’s
confidence score exceeds 0.7. Hence, the first threshold is set at 0.7.

After introducing a shunt mechanism in the fourth Transformer
Decoder, the ratio of TP and FP to all predicted boxes is recalculated
based on the output from the fifth Transformer Decoder, as depicted
in Figure 7(b). For the fifth Transformer Decoder, it can be observed
that nearly all the detection boxes are TP when the confidence score
exceeds 0.6. Therefore, in order to protect the high-score queries
from the low-score queries, the second threshold value is set to 0.6.


	1 Detailed description of some parts in Experimental Results and Analysis
	1.1 Robustness Analysis
	1.2 Effect of Different CTFF Parameters on Model Performance
	1.3 Effect of different PTD parameters on model performance


