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Abstract: Automated quality control in industrial production has the potential to reduce errors and provide
real-time information. However, the inspection of secondary packaging, such as counting boxes in crates,
still represents a challenge, since manual methods are slow and error-prone, while automatic methods are
limited by the scarcity of domain-specific datasets and the high cost of annotation. This paper proposes an
efficient and low-cost two-stage object detection workflow for automatic box counting. The central novelty lies
in the integration of the Segment Anything Model (SAM) to accelerate the creation of a high-quality dataset
from production line videos, making model specialization economically feasible. Initially, a generalist model
is trained on heterogeneous datasets to capture general visual features. Then, the model is fine-tuned with
the domain-specific dataset of approximately 750 images. Experiments with YOLOv11x and Faster R-CNN
achieved mAP@0.5 above 98%, with YOLOv11x showing higher accuracy and faster inference. These results
demonstrate the efficiency of the proposed approach, establishing it as a replicable and low-cost solution for
monitoring secondary packaging in industrial environments.
Keywords: industrial object detection — automated quality control — two-stage fine-tuning — computer vision

Resumo: O controle de qualidade automatizado na produção industrial tem potencial para reduzir erros e
fornecer informações em tempo real. No entanto, a inspeção de embalagens secundárias, como a contagem
de caixas em engradados, ainda representa um desafio, pois métodos manuais são lentos e suscetı́veis a
falhas, e métodos automáticos são limitados pela escassez de datasets de domı́nio especifico e pelo alto
custo de anotação. Este trabalho propõe um fluxo de trabalho eficiente e barato de detecção de objetos em
duas etapas para a contagem automática de caixas. A novidade central reside na integração do Segment
Anything Model (SAM) para acelerar a criação de um dataset de alta qualidade, a partir de vı́deos da linha
de produção, tornando a especialização do modelo economicamente acessı́vel. Inicialmente, um modelo
generalista é treinado em conjuntos de dados heterogêneos para capturar caracterı́sticas visuais gerais. Em
seguida, o modelo é refinado com o conjunto de dados especı́fico do domı́nio de aproximadamente 750 imagens.
Experimentos com YOLOv11x e Faster R-CNN resultaram em mAP@0,5 superior a 98%, com YOLOv11x
apresentando maior precisão e velocidade de inferência. Esses números demonstram a eficiência da abordagem
proposta, consolidando-a como uma solução replicável e de baixo custo para o monitoramento de embalagens
secundárias em ambientes industriais.
Palavras-Chave: detecção de objetos industriais — controle de qualidade automatizado — ajuste fino em duas
etapas — visão computacional
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1. Introduction

Among the technological advances of recent years, the in-
tegration of advanced digital technologies into production
processes has given rise to yet another industrial era [1]. In
this evolutionary process, progress in research on machine
learning, particularly in computer vision, has proven effective

across various industrial sectors. For example, Zribi et al. [2]
demonstrate that the application of image classification to plas-
tic consumables in laboratories can partially replace manual
inspection, increasing accuracy and reducing costs. Similarly,
Khan et al. [3] present a framework that combines camera
and sensor data with convolutional neural networks to create
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digital twins of factories, enabling object tracking and KPI
extraction in complex industrial environments. This implies
that computer vision can automate repetitive tasks, reduce
human errors, and provide real-time insights, highlighting its
transformative potential in production processes.

In the industrial sector, quality control stands out as one of
the most demanding and critical activities. Its implementation
is intended to guarantee that final products conform to pre-
defined standards, thereby reducing the incidence of defects
and fostering higher levels of operational efficiency. For this
reason, quality control has become an essential component of
most automated production lines [4]. Despite its importance,
many quality control processes still do not take full advan-
tage of recent advances in machine learning, particularly in
computer vision, due primarily to the limited availability of
datasets and the absence of robust, task-specific models.

In this context, a particularly relevant challenge concerns
verifying the correct quantity of items in secondary packag-
ing, such as boxes or crates. The large scale of contemporary
production makes traditional approaches, including manual
inspection, both inefficient and highly susceptible to human
error. These limitations underscore the importance of adopt-
ing automated monitoring systems based on computer vision
and machine learning, which can provide accurate, scalable,
and real-time solutions. Nevertheless, despite their potential,
existing applications in this domain remain limited, as few
studies address secondary packaging inspection, and publicly
available datasets or tailored models are still scarce.

To address the scarcity of tailored datasets, a pragmatic
workflow is required to bridge the gap between general-purpose
models and specific industrial needs. The primary bottleneck
is often the prohibitive cost and time associated with man-
ually annotating data for the production environment. This
challenge causes even robust pre-trained models to fail to
achieve optimal performance without specialized fine-tuning.
Motivated by this, this paper proposes and validates a two-
stage fine-tuning pipeline for automated counting of boxes in
crates. The first stage involves training a generalizable model
on broad, heterogeneous datasets to learn visual features of
the target object - the juice boxes. Subsequently, the model
is fine-tuned on a high-quality, domain-specific dataset con-
sisting of approximately 750 images extracted from videos
recorded directly on the production line.

Although modest in size, the created dataset was suffi-
cient to achieve high performance since the model had already
learned general features from the previous stage and its a do-
main specific task. Furthermore, the creation of this dataset
made economically viable by using the Segment Anything
Model (SAM) [5] for semi-automated annotation, that sub-
stantially reduces manual labeling effort. Also, collecting
data directly from the production line exposes the model to
realistic variations in box positioning, lighting and crate con-
figurations, improving robustness without large operational
investments.

In our experiments, we trained two state-of-the-art mod-

els, YOLOv11x [6] and Faster R-CNN [7], following the
proposed methodology. The results demonstrate that both
models achieved outstanding performance in detecting pack-
ages within crates, thereby validating the effectiveness of the
two-phase training strategy. With mAP@0.5 metrics superior
to 98% for both architectures, the models exhibited a strong
ability to accurately localize the objects of interest. These
findings highlight the potential of the proposed approach to
yield specialized models adapted to real operating environ-
ments, enhancing robustness and ensuring greater reliability
in automated inspection processes.

2. Related Work
In this section, we highlight the datasets that enable the de-
velopment of this and other works related to the problem of
package counting in crates, as well as studies that integrate
computer vision techniques into the processes of industrial
production lines.

2.1 Datasets Applied to the Problem of Crate Count-
ing

When working in the field of machine learning, it is common
in many research endeavors to encounter scenarios where only
a limited amount of labeled data is available, this was indeed
the case for the problem of package counting in industrial
environments. In this context, platforms such as Roboflow [8]
provide an alternative means of addressing the issue of data
scarcity in specific domains, as they allow users around the
world to contribute to various projects by making their own
datasets publicly available. However, since it is a collaborative
platform, it is natural that not all of the datasets provided
present the same level of quality and standardization found in
more consolidated databases.

To address this challenge, and with a focus on object de-
tection for counting juice boxes in crates, we collected several
datasets that present generalist characteristics of packaging
in general. The datasets [9, 10] contain images of dairy prod-
ucts, aimed at identifying this specific type of packaging.
The datasets [11, 12] primarily focus on juice box packaging,
while [13] broadens this scope by including, in addition to
juice boxes, soda cans. Finally, [14] gathers images of various
products and packaging, offering a more diverse scenario that
combines juice boxes and dairy product packaging.

Although we did not find consolidated datasets specifically
addressing the problem of counting juice packages in crates,
it is relevant to highlight related initiatives that deal with
similar contexts. Yang et al. [15] provide a dataset composed
of over 16,000 images and approximately 250,000 instance
annotations of stacked boxes and bales in industrial scenarios,
aimed at object detection and semantic segmentation tasks.
Despite the fact that it represents an application domain close
to that of this work, most of the images were not captured from
a top-down perspective, which limits their suitability for our
context, as the models proposed here are applied directly to
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Figure 1. Overview of the proposed methodology for automated box counting. Stage 1 involves training a generalist object
detection model on aggregated heterogeneous datasets, while Stage 2 fine-tunes the model using a domain-specific dataset
collected from the production line to improve robustness and reliability in real-world conditions.

production lines. Furthermore, our focus is on counting items
within the packages, rather than specifically on the bales.

2.2 Computer Vision in Industrial Production Pro-
cesses

The adoption of technology within production cycles has
driven research that not only automates but also optimizes
industrial operations. In this scenario, computer vision plays
a strategic role, as it is capable of extracting relevant infor-
mation from images and videos, supporting monitoring and,
consequently, the quality control of production lines.

Rahman et al.[4] highlight this premise by stating that it
is impractical to continue relying on traditional monitoring
carried out by humans, as it presents several limitations that
compromise quality control in large-scale production chains.
The authors review image-processing-based defect detection
methods applied to the beverage industry, demonstrating the
effectiveness of these techniques in identifying major issues
such as shape, color, and fill-level defects.

As mentioned earlier, Zribi et al.[2] propose an automated
monitoring system for plastic consumables used in analytical
laboratories, where a deep learning model based on computer
vision is employed to categorize different images of vials that
may be either empty or filled with an anticoagulant. The
results indicate that, in terms of accuracy, the proposal is com-
petitive with traditional models while requiring significantly
fewer resources.

In this regard, more recent works, such as that of Khan
et al.[3], extend the scope of computer vision beyond quality
inspection, exploring its integration with digital twins in in-
dustrial production lines. The proposed approach combines
camera and sensor data with advanced 3D reconstruction tech-
niques and convolutional neural networks to enable real-time
monitoring, object tracking, and the extraction of performance
indicators such as availability, efficiency, and Overall Equip-
ment Effectiveness (OEE). This approach highlights the po-
tential of computer vision not only as an inspection tool but
also as a support mechanism for strategic decision-making in
smart manufacturing environments.

3. Methods
In this section, we present the methodological approach em-
ployed to train a neural network for object detection, aimed
at supporting the automated counting of boxes in crates. The
proposed methodology is structured in two main stages, as il-
lustrated in Figure 1. In the first stage, heterogeneous datasets
were aggregated to capture the general visual characteristics of
the target object, the juice boxes, enabling the development of
a generalizable model. In the second stage, a domain-specific
dataset was constructed from videos recorded directly on the
production line of a company facing this problem, thereby
reflecting real-world packaging conditions and allowing the
fine-tuning of a specialized model to enhance robustness and
ensure greater reliability in automated inspection processes.
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3.1 Stage 1: General Model Training
To train a general object detection model for automated count-
ing of boxes in crates, the problem was approached in two
main steps: (i) constructing a representative dataset and (ii)
defining the deep learning environment and model architec-
ture.

3.1.1 Dataset Aggregation and Preparation
Given the specific nature of detecting packages within crates,
selecting an appropriate dataset represented a major challenge.
To address this, the first step of the methodology involved
constructing a generic and comprehensive dataset. After ex-
ploring public repositories, six datasets were selected from the
Roboflow [8] platform, encompassing juice, milk, and related
product boxes.

• milk-detector-v2 Computer Vision Project [9] - Con-
tains 156 images of dairy products, such as condensed
milk and milk cartons, annotated with bounding boxes.

• sort the trash V4 Computer Vision Project [10] - Pro-
vides 3,798 images across various classes, including
juice cartons, milk cartons, bottles, and cans, featuring
polygonal annotations.

• RetinaNet Computer Vision Project [14] - Comprises
1,681 images exclusively featuring Tetra Pak-style pack-
aging for milk, chocolate milk, and juice, all annotated
with bounding boxes.

• Slice Juice Computer Vision Project [11] - A focused
dataset with 339 images, all depicting mango juice car-
tons annotated with bounding boxes.

• juice-detection-4-items Computer Vision Project [12]
- Includes 234 images with two distinct classes, ’mr-
juicy-pineapple’ and ’mr-juicy-strawberry-banana’, an-
notated using polygons.

• Grocery Items Computer Vision Dataset [13] - A large-
scale dataset with 5,359 images of milk and juice pack-
ages on supermarket shelves, annotated with polygons.

The aggregated dataset, totaling approximately 11 thou-
sand images, presented two main challenges: i - inconsis-
tency in annotations and ii - lack of representativeness of
the target context. Firstly, the annotations were heteroge-
neous, with varied formats (polygons, corner coordinates)
and quality issues, such as null dimensions. To overcome
such problems, a pre-processing pipeline was implemented.
In it, all markings were converted to the normalized scheme
(xcenter,ycenter,width,height) and the original classes were uni-
fied into a single target class ”box”. Samples with empty
annotations or even with zeroed height or width were dis-
carded, ensuring the integrity of the final set.

Although the images portrayed the objects of interest, the
scenarios were diverse (tables, floors, shelves) and did not
correspond to the industrial environment with crates, where

Table 1. Hyperparameters used in the first training phase for
Faster R-CNN and YOLOv11x.

Parameter Faster R-CNN YOLOv11x

Initial Weights COCO weights COCO weights
Optimizer SGD AdamW
Learning Rate 1×10−4 1×10−4

Batch Size 4 8
Epochs 40 50
Model Size ∼ 158,04 MB ∼ 114,4 MB

the packages tend to be adjacent to one another. Despite this
contextual limitation, the objective of this dataset was to serve
as a robust knowledge base, generalizing the models’ ability
to detect the ”box” object under different lighting, angle, and
partial occlusion conditions. Finally, the dataset was divided
into 80% for training, 10% for validation, and 10% for testing.

3.1.2 General Model Training with the Aggregated Dataset
In the first training phase, we tested two model options for box
detection using the aggregated generic dataset: Faster R-CNN
and YOLOv11x. Faster R-CNN was implemented in PyTorch,
and YOLOv11x was trained using the official Ultralytics API.
Both architectures were initialized with weights pre-trained
on the COCO dataset.

The principal hyperparameters employed for each model
are comprehensively presented in Table 1. For Faster R-
CNN, the training protocol comprised 40 epochs with a fixed
learning rate of 1× 10−4 and a batch size of 4. In contrast,
YOLOv11x was trained for 50 epochs, initialized with a learn-
ing rate of 1×10−2 that underwent linear decay to 1×10−4

throughout the training duration, using a batch size of 8. This
scheduling strategy for YOLOv11x facilitated complete model
adaptation while mitigating potential instability during later
training phases. Optimization algorithms were selected fol-
lowing established best practices for each respective archi-
tecture: stochastic gradient descent (SGD) with momentum
was employed for Faster R-CNN, while AdamW was utilized
for YOLOv11x, both configurations promoting stable con-
vergence characteristics. All network layers for both models
remained unfrozen during the training process to enable com-
prehensive parameter optimization.

Testing these two model options allowed us to compare
their performance and select the most suitable architecture
for subsequent domain-specific fine-tuning, ensuring robust
detection of boxes in the target production environment.

3.2 Stage 2: Domain-Specific Fine-Tuning
The second stage of the methodology focuses on adapting
the generalist model to the target production environment.
This stage is divided into two sequential steps: first, the con-
struction of a domain-specific dataset from videos recorded
directly on the production line, capturing the real-world vari-
ability of packaging conditions; second, the fine-tuning of
the pre-trained generalist model on this dataset, enabling the
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Figure 2. Overview of the domain-specific dataset construction pipeline. Video frames from the production line are extracted,
filtered, and cropped to isolate the crate region. The Segment Anything Model (SAM) is applied for semi-automated
annotation, followed by manual curation and quality control to produce the final dataset.

network to specialize for the operational context and improve
robustness and reliability in automated box counting and in-
spection tasks.

3.2.1 Domain-Specific Dataset
The domain-specific dataset was created following a multi-
step pipeline based on video recordings of the production
environment. Eleven videos, ranging from 25 to 100 seconds,
captured a robotic arm placing packages into crates. The over-
all process is illustrated in Figure 2 and can be summarized in
the following steps:

1. Frame Extraction and Filtering: Frames were ex-
tracted from all videos, yielding over 8,000 images.
Manual screening was applied to select only images
with clear visibility of the crate and packages, discard-
ing frames with significant occlusion from the robotic
arm or during crate changes. Approximately 1,000
candidate images were retained.

2. Isolation of the Region of Interest (ROI): Each se-
lected image was cropped to isolate the crate region,
removing irrelevant background information.

3. Semi-Automated Annotation with SAM: The Seg-
ment Anything Model (SAM) [5] was used to gener-
ate segmentation masks for all potential objects in the
cropped images, accelerating the annotation process.

4. Curation and Quality Control: The masks produced
by SAM were manually verified to retain only those
corresponding to the target packages, discarding incor-
rect detections such as crate parts or wires. Images
containing more than one annotation error, defined as
either a missed package or a mislabeled object, were
removed.

This rigorous process resulted in a final dataset of 752
images, specifically tailored for box detection within crates.

3.2.2 Domain-Specific Fine-Tuning
With the models already trained on the aggregated dataset, the
second and last training phase consisted of another fine-tuning,
this time using the specific industrial dataset. The objective of
this stage was to specialize the architectures for the scenario

of adjacent boxes in crates by continuing the training process
on this highly representative data.

The changes were applied specifically for each model. For
the Faster R-CNN, the learning rate was maintained at 1×
10−4, a low value that allows for a more delicate adjustment
of the weights. In addition, from tests, it was observed that
the unfreezing of all layers brought greater learning gain. Due
to the reduced size of the dataset (752 images), it was possible
to extend the training for 100 epochs to ensure convergence.

For the YOLOv11x, the model was fine-tuned using the
weights obtained from the previous training stage, with all lay-
ers unfrozen to allow full adaptation to the target domain. The
optimization employed AdamW with an initial learning rate
of 1×10−2, linearly decayed to 1×10−4 over 50 epochs, and
included a 3-epoch warm-up phase. Training was conducted
with a batch size of 8, input resolution of 640×640, momen-
tum of 0.937, weight decay of 5×10−5, and mixed precision
enabled. In addition, data augmentation strategies such as
horizontal flips, mosaic, random erasing, and RandAugment
were applied to enhance robustness given the reduced dataset
size.

The new configurations for this fine-tuning phase for both
networks are summarized in Table 2.

4. Experiments
This section presents the experimental setup used to evaluate
the performance of the proposed object detection models. The
experiments aim to assess both the accuracy and efficiency of
the models in detecting boxes in crates, using both generalist
training and domain-specific fine-tuning. The evaluation con-
siders standard detection metrics as well as inference speed

Table 2. Hyperparameters used in the second training phase
for Faster R-CNN and YOLOv11x.

Parameter Faster R-CNN YOLOv11x

Initial Weights Stage 1 Weights Stage 1 Weights
Optimizer SGD AdamW
Learning Rate 1×10−4 1×10−4

Batch Size 4 8
Epochs 100 50
Model Size ∼ 158,04 MB ∼ 114,4 MB
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to determine the suitability of each model for real-time auto-
mated inspection applications.

4.1 Evaluation Metrics
To quantitatively evaluate and compare the models on the test
set, the following metrics were used:

• Mean Average Precision (mAP@0.5): Measures the
precision of bounding box detection, considering a de-
tection correct if the Intersection over Union (IoU) is
greater than or equal to 0.5.

• Mean Average Precision (mAP@0.75): A stricter met-
ric that considers a detection correct only if the IoU is
greater than or equal to 0.75.

4.2 Experimental Environment
All experiments were conducted on two hardware platforms
running Ubuntu, with the choice of platform based on the
computational requirements of the model being evaluated:

• Faster R-CNN: Desktop with NVIDIA GeForce RTX
4090 GPU (24 GB VRAM), Intel Core i7-12700K CPU,
and 128 GB RAM.

Figure 3. Qualitative comparison of Faster R-CNN and
YOLOv11x detections on the test set. Both typical and
challenging scenarios are shown to illustrate differences in
model performance.

Table 3. Comparative performance results on the industrial
test set.

Metric Faster R-CNN YOLOv11x

mAP@.50 0.9890 0.9939
mAP@.75 0.9662 0.9841

• YOLOv11x: Desktop with NVIDIA GeForce 4070 Ti
GPU (12 GB VRAM), Intel i7-12700F CPU, and 64
GB RAM.

5. Results
To assess the effectiveness of the proposed two-phase training
strategy, both models were systematically evaluated through
quantitative and qualitative analyses. This section presents
the experimental results obtained on the industrial dataset.
The discussion that follows seeks not only to compare the
numerical outcomes of Faster R-CNN and YOLOv11x, but
also to interpret their practical implications for the detection
of packages in crates within real industrial conditions.

5.1 Quantitative Analysis
After the conclusion of the second fine-tuning stage, both
models were evaluated on the test set of the industrial dataset.
Table 3 summarizes the main performance metrics for the
Faster R-CNN and the YOLOv11x.

The results indicate that both models achieved exceptional
performance in the task of detecting packages in crates, val-
idating the effectiveness of the two-phase training strategy.
With mAP@0.5 metrics superior to 98% for both architec-
tures, the models’ ability to locate the objects of interest with
precision becomes evident.

The YOLOv11x model, however, established itself as su-
perior in all accuracy metrics. It reached an mAP@0.75 of
0.9841, surpassing the 0.9662 of the Faster R-CNN, which
denotes a greater robustness in more rigorous detection thresh-
olds. The performance of the YOLOv11x at IoU=0.5 is almost
perfect, with an mAP@0.5 of 99.40%. The evaluation on the
industrial test set after the second fine-tuning stage demon-
strates that both architectures achieved excellent detection
performance, with mAP@0.5 greater than 0.98. Notably,
YOLOv11x outperformed Faster R-CNN at stricter localiza-
tion thresholds (mAP@0.75 of 0.9841 vs. 0.9662), indicating
superior robustness under more demanding IoU criteria and a
greater precision in bounding-box placement. These results
corroborate the effectiveness of the two-phase fine-tuning
strategy and suggest that the architectural and training differ-
ences of YOLOv11x provide an advantage for this specific
industrial scenario. To complement these aggregate metrics,
further analyses such as precision–recall curves and a de-
tailed error analysis (false positives/false negatives) are rec-
ommended to fully characterise model behaviour and failure
modes.
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5.2 Qualitative Results
To complement the quantitative analysis and understand the
performance differences between the models, a visual inspec-
tion of the detections on the test set was performed. Fig-
ure 3 illustrates good detections of both models in typical
and challenging scenarios. To further exemplify model be-
havior within the production-line domain, eight representative
images were selected, among them, the third row presents
two distinct images per model showing a case in which the
juices inside the crate have spilled, an especially challenging
condition that nonetheless yields robust performance from
both models.

In parallel, Figure 4 shows incorrect detections from both
models, either predicting boxes where none exist or failing to
detect some boxes.

Both models demonstrated an excellent ability to correctly
identify and locate the packages in scenarios with full crates,
which corroborates the high mAP@0.5 values obtained. How-
ever, the small discrepancies observed in the rigorous mAP
metrics are explained by subtle differences in the precision of
the bounding boxes or by failures in isolated cases of more
complex detection.

Figure 5 shows a test scenario with high object density,
where occlusion and the proximity between boxes required
greater model precision. The right displays the detections of

Figure 4. Examples where YOLO and FASTER made
detection errors, either predicting boxes incorrectly or failing
to detect them.

the YOLOv11x model, which managed to accurately delimit
all packages, even those partially covered. In contrast, the
left reveals a weak point of the Faster R-CNN, which, in this
specific case, failed to detect one of the boxes and presented
an imprecise bounding box for another, resulting in a lower
score at the IoU threshold of 0.75.

5.3 Conclusion
This work proposed a cost-aware, two-stage fine-tuning ap-
proach for automated detection of boxes in crates. In the first
stage generalist model is trained on heterogeneous datasets to
learn broad visual priors of the target objects. In the second
stage the model is adapted to the production environment by
fine-tuning on a compact, domain-specific dataset extracted
from production-line videos and semi-automatically anno-
tated with SAM. This staged strategy preserves generalization
learned from diverse data while enabling precise adaptation
to real operational conditions, substantially reducing manual
annotation effort and improving robustness to variations in
box placement, occlusion, and lighting.

Experiments with YOLOv11x and Faster R-CNN demon-
strated the effectiveness of this strategy, with both models
achieving mAP@0.5 above 98% and robust performance in
scenarios with high object density. YOLOv11x outperformed
Faster R-CNN in precision and inference speed, indicating its
suitability for real-time industrial inspection.

Future work includes expanding the dataset to account
for variations in lighting and reflections, as well as exploring
lighter model architectures for deployment on cost-effective
embedded systems. Overall, the proposed methodology pro-
vides an accurate, efficient, and practical solution for auto-
mated monitoring of secondary packaging in industrial envi-
ronments.

Figure 5. Comparison of Faster R-CNN and YOLOv11x
detections on a challenging image. YOLO correctly predicts
the bounding boxes, while Faster R-CNN duplicates one
detection (indicated by the arrow).
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