
















Fig. 5. Sample misclassified images from the multi-task EfficientNetB0 
model, showing cases where minimal differences in texture, dryness, or color 
intensity confused closely related quality classes. 

Despite this complexity, assigning a higher loss weight to 
the quality branch helped the model focus on these fine-
grained cues. As a result, the multi-task network produced 
fewer quality-related mistakes and exhibited a cleaner 
diagonal structure in the quality confusion matrix, indicating 
more consistent predictions. 

The improvement is mainly due to the model’s ability to 
use contextual signals, such as how color and stalk position 
correlate with quality, to better resolve borderline cases. In 
summary, the multi-task framework demonstrates robust 
performance across all grading dimensions, while the 
remaining errors reflect intrinsic challenges in fine-grained 
tobacco leaf grading. Importantly, the absence of large off-
diagonal error clusters indicates that the model does not 
exhibit systematic bias toward any specific class, further 
supporting the robustness of the proposed framework. 

V. CONCLUSION AND FUTURE WORK

This study presented a Multi-Task Learning (MTL) 
framework to modernize the grading of Burley tobacco leaves. 
By modeling stalk group, quality, and color together, rather 
than treating them as separate predictions or combining them 
into a single flat label, the framework mirrors the way human 
graders evaluate leaves, but with the added benefits of 
consistency and speed. This shift from conventional single-
task and multi-class models represents a meaningful 
engineering improvement in automated agricultural 
assessment. The preprocessing pipeline, particularly coin-
based size normalization and orientation correction, also 
strengthened the consistency and reproducibility of feature 
extraction, supporting more stable model performance. 

The results demonstrate the value of this approach. 
EfficientNetB0, used as the shared backbone, achieved 
94.82%, outperforming both the multi-class baseline (89.94%) 
and the single-task approach (92.25%), while also reducing 
training time and delivering the fastest inference at 18 
ms/frame. These improvements translate directly into 

practical advantages in real-world grading environments, 
where decisions must be both reliable and efficient. 

Compared with existing studies, the proposed framework 
achieves substantial numerical gains across a more 
challenging grading space. Prior research addressed 
anywhere from 3 to 41 grades, yet often relied on small 
datasets (e.g., only 1588 and 1498 images for 41-grade 
evaluations) or large datasets covering only a few classes, 
such as 66,966 images for just six grades. Against this 
backdrop, the proposed model delivers higher accuracy while 
handling 35 expert-defined grades, demonstrating strong 
scalability and generalization. 

Along with strong predictive performance, this study 
contributes a clear pathway for improving tobacco grading 
practices. The combination of a controlled imaging setup, a 
large expert-annotated dataset, and an MTL-based 
architecture provides a foundation that can be expanded and 
refined over time. With further development, such systems 
could help reduce disputes in buying stations, support fairer 
pricing for farmers, and enhance quality control for 
manufacturers. 

In practical deployment scenarios, such as conveyor-belt 
grading systems, the operational design typically enforces 
single-leaf presentation per frame to ensure reliable 
inspection. Under this assumption, the current preprocessing 
pipeline based on the Largest Connected Component (LCC) 
segmentation remains effective and robust. However, in rare 
cases where partial overlap or occlusion may still occur due 
to handling or mechanical irregularities, adjacent leaves 
could be merged into a single region, potentially affecting 
segmentation quality and downstream classification. To 
enhance robustness in such situations, the proposed 
framework can be complemented with confidence-based 
rejection mechanisms, whereby samples producing low 
prediction confidence in one or more task branches (stalk 
group, quality, or color) are automatically flagged for manual 
review. This human-in-the-loop strategy allows ambiguous 
or non-ideal samples to be handled reliably without 
interrupting automated throughput, while preserving grading 
accuracy in high-volume industrial environments. 

While the results are promising, several limitations should 
be noted. The model was trained on only 35 of the 58 official 
Burley grades, as some rare classes lacked sufficient samples, 
which limits full-grade generalization. In addition, all images 
were collected under controlled indoor conditions, which 
may not fully capture the variability encountered in real 
grading environments, such as changes in lighting, 
background, camera type, or acquisition setup. The system 
also relies solely on RGB images and does not incorporate 
other potentially informative cues, such as moisture content, 
chemical attributes, or multispectral information that human 
graders may implicitly consider during manual assessment. 

Future work should address these limitations by expanding 
the dataset to include the complete 58-grade classification 
system, capturing images under diverse and uncontrolled 
field conditions, and exploring the integration of multimodal 
sensing, such as hyperspectral imaging or IoT-based leaf 
condition sensors. More advanced architectures, including 
Vision Transformers, hybrid CNN-ViT models, and self-
supervised feature learning approaches, may further improve 
robustness to domain shifts and enhance interpretability. 
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Additionally, on-field testing and deployment within real-
time IoT-enabled grading systems, such as conveyor-belt 
inspection units, would help transition the framework from 
controlled laboratory settings to practical use in tobacco-
buying stations and supply chains. Future implementations 
should also consider security aspects, including secure data 
storage, access control, and protected deployment within 
closed or on-premise networks, to ensure data integrity and 
trustworthy operation in real-world grading environments, 
supporting scalable, sensor-driven automated grading. 
Reliability-aware deployment strategies, such as confidence-
based decision thresholds and human-in-the-loop verification 
for borderline cases, will also be explored to further enhance 
dependable grading performance, supporting scalable, 
sensor-driven automated grading. 
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