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Abstract. Parcel damage detection poses a significant challenge in
warehouse automation and conveyor belt transportation, with a par-
ticular focus on leveraging the potential of Internet of Things (IoT)
technologies. With this purpose in mind, we introduce RPA R-CNN, an
improved deep learning-based object detection method that seamlessly
integrates IoT capabilities. Our proposed approach enhances the feature
extraction network of the Faster R-CNN model and utilizes advanced
post-processing techniques to further refine the extracted features. By
employing a meticulously curated dataset specifically designed for parcel
detection, we train our model and conduct rigorous experimental verifi-
cation. Encouragingly, the outcomes convincingly demonstrate that the
RPA R-CNN method surpasses the performance of the original model
in various metrics in domestic or cross-border logistics parcel detection.
These promising results not only offer a practical solution to the chal-
lenging problem of identifying parcel damage but also underscore the
immense potential of integrating IoT principles to optimize automation
and enhance operational efficiency within the domestic or cross-border
logistics industry.
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1 Introduction

With the rapid growth of e-commerce [4] and the domestic or cross-border logis-
tics industry, there are significant concerns regarding the detection and local-
ization of package damage in domestic or cross-border logistics environments,
including scenarios such as automated warehouse transport. The development
of efficient methods for accurately identifying and locating damaged parcels is
crucial for ensuring the safety of goods and achieving high delivery accuracy.
Traditional approaches relying on manual inspection and human judgment suf-
fer from limitations such as low efficiency, lengthy processing times, and poten-
tial errors. Meanwhile, there is a growing number of applications applying deep
learning techniques to object detection [3], including video object detection [8],
UAV location [5], crack detection [27], and so on. Thus, our objective is to pro-
pose an efficient object detection method for parcel damage detection through
the integration of deep learning and IoT technologies.

While Faster R-CNN [19] has demonstrated remarkable performance in gen-
eral object detection, it may not be the most suitable choice for parcel damage
detection due to feature extraction and localization precision limitations. We
propose improvements to the Faster R-CNN model to address these limitations
and enhance the efficiency and accuracy of parcel damage detection in logistics
scenarios. In our proposed RPA R-CNN model, we incorporate ResNet-101 [11]
and PANet [13] to enhance the extraction of image features from parcel images.
ResNet-101 excels at capturing detailed information within parcel images, while
PANet effectively handles features at different scales. We considered alterna-
tive models, including YOLOX-Tiny [6], but ultimately selected ResNet-101 and
PANet due to their superior accuracy and stability in parcel damage detection
tasks. Although lightweight models like YOLOX-Tiny may offer improved speed
in specific scenarios, their performance in complex scenes and with small-sized
targets falls short of that of ResNet-101 and PANet. To evaluate the efficacy of
our model, we conducted experiments using a parcel detection dataset provided
by Roboflow [20] and our self-compiled training dataset. Subsequently, we per-
formed verification tests. The results affirm the superiority of our proposed RPA
R-CNN model over the original Faster R-CNN, demonstrating higher precision
and accuracy in detecting parcel damage within logistics operations.

Our research endeavor aims to provide the e-commerce and logistics indus-
tries with an efficient and accurate method for parcel damage detection, thereby
enhancing the safety and delivery precision of goods. Furthermore, our proposed
methodology possesses a versatile nature that allows an extension to other detec-
tion problems, thereby offering practical value in real-world logistics applications.

2 Related Work

The R-CNN algorithm, introduced by Ross Girshick et al. [7] in 2014., was
a significant milestone for object detection. However, processing individual
regions separately resulted in slow performance and high computational com-
plexity, making it less practical for real-world applications. To address this chal-
lenge, Joseph et al. [16] introduced the YOLO algorithm, which revolutionized
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object detection by adopting a fully convolutional network structure. Notably,
YOLOv3 [18] expanded upon YOLOv2 [17] by incorporating multi-scale predic-
tion, residual connections, and a feature pyramid network, establishing it as a
crucial object detection algorithm in the field. In 2020, Ultralytics introduced
the YOLOv5-S [23] algorithm, which achieved a commendable balance between
lightweight network design and object detection performance. To further enhance
the accuracy of object detection, Wang et al. [24] proposed YOLOv7. This ver-
sion employed trainable bag-of-freebies techniques. Although YOLOv7 attained
higher accuracy compared to YOLOv5, it exhibited slower runtime performance.
Compared to the traditional YOLO series, Zheng et al. [6] introduced YOLOX-
Tiny in 2021, a lightweight version of the YOLOX series. This variant main-
tains high detection accuracy while reducing computational complexity. Simi-
larly, with a focus on one-stage detection, Yang et al. [29] proposed PDNet,
which established a more flexible detection paradigm by adopting pixel-wise
prediction. Tian et al. [22] proposed a fully convolutional one-stage approach for
object detection, eliminating the need for predefined anchor boxes and improving
detection accuracy and efficiency. Haq et al. [9] presents a monocular 3D object
detection method for autonomous driving, addressing the challenge of accurate
object localization in 3D space and achieving improved detection performance.
Wang et al. [25] proposed CrabNet, a fully task-specific feature learning method
for one-stage object detection, resulting in improved performance and higher
accuracy.

To accurately locate small-sized targets and improve detection performance,
Ren et al. [19] proposed Faster R-CNN. Unlike the above-mentioned model,
Faster R-CNN utilizes a two-stage detection strategy for accurate localization
and detection of small objects while maintaining high speed. It also offers flex-
ibility for future advancements in this field. Several variant algorithms derived
from Faster R-CNN, such as Mask R-CNN [10], Cascade R-CNN [2], and so on
[1,15,30,32], have also been developed. Tan et al. [21] proposed the Efficient-
Det object detector, which is built upon the EfficientNet backbone network and
introduces the BiFPN and composite scaling methods. These innovations enable
EfficientDet to achieve better efficiency in resource-constrained scenarios. ResNet
has been widely utilized in many object detection studies with impressive results.
Li et al. [12] introduced GFL, which employs ResNet-101 as the backbone net-
work and optimizes continuous labels using the GFL, leading to efficient dense
object detection. Another ResNet-based method is SOLO, introduced by Wang
et al. [26]. SOLO is a position-based object segmentation algorithm that accu-
rately segments objects by predicting their instance center points and generating
dense object segmentation masks. In 2022, Zhang et al. [31] proposed ResNeSt,
which utilizes the ResNet structure in the backbone network and enhances fea-
ture modeling capabilities through a segmentation attention module. Notably,
the Region Proposal Network (RPN) and Region of Interest (RoI) also play
critical roles in these algorithms. Xie et al. [28] developed Oriented R-CNN,
which focuses on RoI and introduces a direction-sensitive RoI alignment mod-
ule, resulting in improved directional object detection. Similarly, Ou et al. [14]
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proposed AD-RCNN, which enhances the performance and efficiency of small
object detection by incorporating a dynamic RPN, visual attention mechanism,
and adaptive dynamic training module. The aforementioned research endeavors
have made significant contributions to the advancement of technology in the
domain of object detection. These studies furnish valuable references for future
investigations concerning object detection and its integration with the IoT.

3 RPA R-CNN Framework

Within this section, we predominantly introduce our refined model for Faster R-
CNN, referred to as RPA R-CNN. Our RPA R-CNN approach primarily focuses
on modifying its feature extraction network while enhancing performance. This
adaptation facilitates more precise detection of logistics parcels and enhances
the overall detection rate. The structure of our RPA R-CNN model is illustrated
in Fig. 1.

Fig. 1. The proposed RPA R-CNN framework.

3.1 Feature Extraction Network

Our feature extraction process for parcel images primarily relies on ResNet-101
as the backbone network. It consists of 4 stages, each composed of several residual
blocks. These blocks extract feature vectors with different resolutions and seman-
tics, allowing the network to capture information at various scales and enhance
recognition and classification performance. However, to further optimize the fea-
ture propagation and leverage the interaction between features, we introduce the
PANet module. The PANet module processes and refines the extracted features,
promoting better contextual understanding and preserving relevant details.

In our model, we associate the feature maps obtained from the four stages of
the ResNet-101 network with four scales of [256, 512, 1024, 2048]. These feature
maps are then fed into the PANet model. This process can be represented as:

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

F1 = R1(I)
F2 = R2(F1)
F3 = R3(F2)
F4 = R4(F3)
Fout = P (F1, F2, F3, F4)

(1)
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where I represents the input image, R1, R2, R3, R4 represent the upsampling
modules corresponding to the four stages of ResNet-101. The features obtained
from the four stages of ResNet-101, denoted as F1, F2, F3, F4, have scales of
S1 = 256, S2 = 512, S3 = 1024, S4 = 2048. These features are inputted into the
PANet model, resulting in a high-level abstract representation Fout of the input
image.

Fig. 2. Feature extraction network framework.

When features are input into PANet, we initially utilize FPN (Feature Pyra-
mid Network) to integrate feature maps from various levels. The feature maps
obtained from the four stages of the backbone network are individually passed
through a top-down downsampling path, where each feature map undergoes a
convolution operation and is downsampled:

Di = Ds(Di−1) + WiFi (2)

where Di represents the downsampled feature map at level i, Ds(·) denotes the
downsampling operation, and Wi represents the corresponding weight matrix.
Although this process may reduce some details in the image or feature maps, it
still retains important structures and features. Next, the feature maps go through
the bottom-up path for upsampling, and lateral connections are introduced to
obtain feature maps with different resolutions and semantic levels:

Ui = Us(Ui+1) + W ′
iFi (3)

where Ui denotes the upsampled feature map at level i, Us(·) represents the
upsampling operation, and W ′

i signifies the corresponding weight matrix. To
further optimize the performance, lateral propagation is used:

Ci = Ui + Di (4)
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where Ci represents the fused feature map at the i-th level, which effectively
captures object information across different scales. Subsequently, the processed
features are passed into PA (Path Augmentation) to enhance the feature pyra-
mid’s performance by incorporating lateral connections and bottom-up PA. This
process enables the extraction of high-level abstract representations from the
input image. Figure 2 illustrates our feature extraction network architecture.

3.2 RPN and RoI Network

After the feature extraction network, high-level abstract representations of the
input image are obtained. The RPN is essential for generating proposals. In our
approach, 1000 proposals per image are generated. These proposals are then
categorized as damaged parcels, undamaged parcels, or regions excluded from
training. We employ the Random Sample method to randomly select candidate
boxes for damaged and undamaged parcels. These samples constitute the train-
ing set used for model training. This strategy effectively addresses the issue of
imbalanced positive and negative samples during training, thereby enhancing
the efficiency and detection performance of the model.

We process the proposals generated by the RPN by feeding them, along with
the feature map, into the RoI layer. Here, we employ RoI pooling to pool the
proposals into equally-sized feature map blocks and generate feature vectors
using max pooling. Next, we feed the feature vectors, bbox (bounding box)
coordinates, and labels into the ROI Head for further processing. In this layer,
our primary focus is on regressing the predicted bbox coordinates using the
multi-task loss function:

{
Lcls(pi, p∗

i ) = 1
Ncls

∑
i Lcls(pi, p∗

i )
Lreg(ti, t∗i ) = 1

Nreg
p∗
i Lreg(ti, t∗i )

(5)

where Lcls and Lreg refer to the classification loss and regression loss, respec-
tively. Ncls and Nreg ensure a balanced influence of both losses in the overall
loss function. λ is a balance coefficient that adjusts the weight between the two
losses. pi and ti are the predicted values for proposal classification and bbox
regression, while p∗

i and t∗i are the ground truth labels. Finally, the output fea-
tures from the ROI Head undergo further refinement through the Box Head,
enhancing the accuracy of object detection and providing us with classification
results and predicted bboxes for the input image.

4 Experiment

4.1 Dataset

Our dataset comprises 2400 images, meticulously curated to encompass a wide
range of packaging scenarios commonly encountered in real-world logistics oper-
ations. These images were initially collected through web scraping using a cus-
tom web scraper and were subsequently augmented by incorporating images
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from Roboflow. The dataset is thoughtfully labeled with four distinct categories:
Box, Box broken, Open package, and Package, ensuring comprehensive coverage
of logistics-related packaging conditions. The training, validation, and test sets
consist of 1600, 400, and 400 images, respectively.

Table 1. The parameters used during the training process.

Batch size Epoch Learning rate Optimizer Loss function

4 120 0.0003 Adam Multi-Task Loss Function

4.2 Experimental Setup

We used MMDetection, a comprehensive framework for object detection, which
supports various algorithms and components. It simplifies experimentation for
researchers by providing a configuration-based approach for efficient model con-
struction, training, and customization. The training parameters used are pre-
sented in Table 1.

Table 2. Model performance comparison of different models.

Model mAP mAP 50 mAP 75 Epoch

YOLOv3 0.45 0.791 0.493 120

YOLOX-Tiny 0.498 0.841 0.576 120

YOLOv5-S 0.501 0.853 0.587 120

Faster R-CNN (ResNet101) 0.632 0.867 0.758 120

Faster R-CNN (ResNeSt) 0.696 0.879 0.785 120

RPA R-CNN 0.74 0.906 0.827 120

4.3 Model Performance Comparison

To evaluate the effectiveness of our model, we compared the mAP values of sev-
eral models, including YOLOv3, YOLOX-Tiny, YOLOv5-S, Faster-RCNN with
ResNet101, Faster-RCNN with ResNeSt, and RPA R-CNN, at different confi-
dence threshold levels. As shown in Table 2, it is evident that the RPA R-CNN
model achieved the highest mean Average Precision (mAP) score of 0.74 during
the same epoch. Furthermore, we examined precision values at mAP thresholds
of 0.5 and 0.75. Under the more lenient matching criterion (mAP threshold of
0.5), the RPA R-CNN model reached an mAP 50 value of 0.906, confirming its
high level of accuracy. Additionally, under the stricter matching criteria (mAP
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threshold of 0.75), the model consistently delivered commendable performance,
maintaining an mAP 75 value of 0.827. These results demonstrate the consistent
superior accuracy of our RPA R-CNN model across different confidence thresh-
olds. These results show that our RPA R-CNN model consistently achieves the
highest accuracy among the six models at different confidence thresholds. It is
important to note that YOLO series models, such as YOLOX-Tiny, offer faster
inference speeds and can be more suitable for real-time applications, but they
may compromise accuracy to some extent. In contrast, models from the RCNN
series, including our proposed RPA R-CNN, exhibit higher accuracy but may
require more computational resources. Our choice of RPA R-CNN is driven by
the specific needs of logistics parcel inspection, where accuracy is paramount,
and real-time performance can be balanced with available computing resources.
Therefore, we emphasize that the efficiency of our model aligns with the preci-
sion requirements of the task. RPA R-CNN’s superior accuracy, as demonstrated
in the comparison results, makes it a suitable choice for damaged logistics parcel
inspection tasks where high accuracy and stability are of utmost importance.

Fig. 3. PR curve of Faster R-CNN (FPN) and RPA R-CNN for parcel damage detec-
tion.

4.4 Evaluation of Model Enhancement

To validate the enhancement of our RPA R-CNN model, we compared the PR
curves of the Faster R-CNN (FPN) and RPA R-CNN. As shown in Fig. 3. Sub-
figures (a), (b), (c), (d), and (e) depict the detection of parcels using Faster
R-CNN(FPN) for various categories: allclass, box broken, box, open package,
and package respectively. Similarly, subfigures (f), (g), (h), (i), and (j) depict
the detection outcomes using RPA R-CNN for the corresponding categories.

From the PR curves of the two models, RPA R-CNN demonstrates signif-
icant advancements in various performance metrics across different parcel cat-
egories. Comparing Fig. 3(a)–(e) with (f)–(i) concurrently, we can observe the
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following: the “allclass” category exhibits a notable improvement with a 5.7%
increase in the C75 metric. Similarly, for the “box broken” category, RPA R-
CNN achieves the maximum enhancement with a 3% boost in the C50 metric.
Remarkably, the “box” category showcases the highest improvement among all
categories, displaying a remarkable 14.4% increase in the C75 metric. Evaluating
the “open package” category, both the C75 and C50 metrics display relatively
similar percentage improvements of 5.1% and 4% respectively. On the other
hand, in the “package” category, the C75 metric demonstrates the most sub-
stantial improvement, with an impressive 8.3% increase. Additionally, despite
being relatively modest, the improvements in the Loc, Oth, BG, and FN met-
rics, which take into account various confounding factors, indicate that these
metrics have either remained stable or exhibited slight enhancements. To sum-
marize, our findings indicate that RPA R-CNN outperforms the original model
across all evaluated metrics. Furthermore, the enhanced model exhibits a PR
curve that closely approximates the standard curve, indicating excellent training
performance. In addition, the improved model outperforms the original model
in terms of PR curve performance.

Table 3. Parcel damage detection precision comparison.

Ground Truth Label→Prediction Label Precision

RPA R-CNN Faster R-CNN(FPN)

Box→Box 85% 83%

Box Broken→Box Broken 66% 51%

Open Package→Open Package 83% 62%

Package→Package 77% 71%

Background→Box 29% 46%

To intuitively observe the improvement of our RPA R-CNN model, we plotted
the key data as a confusion matrix, as shown in Fig. 4. By analyzing the key data
presented in the confusion matrix (Table 3), we observed that our RPA-RCNN
surpasses Faster-RCNN (FPN) in detecting Box, Box Broken, Open Package,
and Package tasks. Despite both models showing a tendency to misclassify back-
ground labels, our RPA-RCNN exhibits significant improvements, especially in
Box Broken and Open Package tasks, with a boost of 15% and 21% respectively.
These results show that RPA R-CNN achieves higher precision across various
parcel inspection tasks. Notably, the significant enhancement in detecting Box
Broken and Open Package tasks specifically suggests that our model is particu-
larly suitable for inspecting damaged packages. However, it’s worth noting that
the RPA R-CNN model’s size increased to approximately 747 MB compared to
around 470 MB for the Faster R-CNN (FPN) model. This increase in model size
was a trade-off for improved detection accuracy.
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(a) RPA R-CNN (b) Faster R-CNN(FPN)

Fig. 4. Confusion matrix of parcel damage detection on different models.

5 Conclusion

In this study, we propose RPA R-CNN, a deep learning-based object detec-
tion method for detecting parcel damage in IoT environments such as ware-
house automation and conveyor belt transportation. Our approach improves
upon Faster R-CNN by modifying the feature extraction network to ResNet-
101 with PANet for accurate parcel image feature extraction, then leveraging
RPN and ROI techniques for processing the extracted features. To evaluate our
model’s effectiveness, we employ parcel detection datasets from Roboflow and
internet-crawled images for training. We conduct comparative experiments with
commonly used object detection models, and our results indicate that RPA R-
CNN excels in mean average precision. Through model enhancement evaluation,
we demonstrate that RPA R-CNN achieves superior detection rates for domestic
or cross-border logistics parcels compared to the original model.

We observe the relevance of parcel damage localization detection in IoT sce-
narios like warehouse automation and conveyor belt systems. In practical appli-
cations, our model can provide real-time monitoring, data transmission, and
analysis for detecting parcel damage. This can significantly improve efficiency
and service quality in the logistics industry. Future research directions include
expanding our findings to other detection problems and developing practical
methods and techniques for the IoT field. By leveraging the advantages of IoT,
we can further enhance real-time monitoring and analysis capabilities, contribut-
ing to the improvement of logistics operations.
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