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Abstract
Three object detectors for post-harvest diagnosis in tubers were compared under a unified 
protocol: two YOLO-family architectures and a transformer-based detector (RF‑DETR). We 
used a six-class public dataset (five diseases plus healthy). Lesions were manually annotated 
with bounding boxes in Roboflow and augmented with geometric/photometric transforms. 
Annotations were converted to COCO for RF‑DETR. We enforced identical splits (train/
val/test = 792/56/57), the same input size (640 px), and an identical training recipe (60 
epochs with early stopping). Evaluation on the held-out test set reported precision, reca-
ll, mAP@0.50, and mAP@0.50:0.95. On test images, YOLOv12 achieved P = 78.72%, R = 
96.86%, mAP@0.50 = 79.36%, mAP@0.50:0.95 = 73.26%; YOLOv26 reached P = 79.34%, 
R = 96.64%, mAP@0.50 = 78.48%, mAP@0.50:0.95 = 73.55% (experimental logs). RF‑DETR 
delivered P = 70.86%, R = 88.39%, mAP@0.50 = 85.61%, and mAP@0.50:0.95 = 82.64%. For 
high-sensitivity screening (high recall), the YOLO architecture is more convenient, while 
RF-DETR offers strict localization (superior mAP at 0.50–0.95) and simplifies post-processing 
by eliminating the need for an NMS. A two‑stage pipeline (YOLO → RF‑DETR) balances speed 
with spatial accuracy. Future work includes per‑class score calibration and multimodal fusion 
with NIR/HSI for subepidermal symptoms. 

Keywords: 
precision agriculture, deep learning, data 
augmentation, object localization, computer 
vision. 
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Introduction  
Potato (Solanum tuberosum L.) is one of 

the world’s most important food crops and ranks 
third in global consumption (Nagel et al., 2022). 
In 2022, global production exceeded 375 million 
tons, with China and India as the leading produ-
cers (95.5 and 56 million tons, respectively) (Gui-
llemette et al., 2024; Solankey, 2025). Its impor-
tance is supported not only by its nutritional value 
and culinary versatility but also by its strategic role 
in food security and the rural economy, particu-
larly in developing countries (Moreno Mayhuire & 
Herrera Quispe, 2023). However, productivity and 
postharvest quality are affected by fungal, bacte-
rial, and physiological diseases that directly impact 
tubers (Keithellakpam et al., 2025). 

Among the economically significant disea-
ses are blackleg (Pectobacterium spp.), pink rot 
(Phytophthora erythroseptica), dry rot (Fusarium 
spp.), common scab (Streptomyces scabies), and 
black scurf (Rhizoctonia solani) (Sharma et al., 
2024; Upeniece et al., 2025). These diseases can 
cause postharvest losses ranging from 30% to 
50% when they are not detected and managed in 
a timely manner (Aleinzi, 2025). 

Early diagnosis is an essential compo-
nent of the agricultural value chain. However, 
methods based on expert visual inspection are 
often subjective, slow, costly, and dependent on 
human expertise, limiting their scalability and 
reproducibility (Qin et al., 2024). In contrast, 
artificial intelligence (AI) approaches, particularly 
deep learning applied to computer vision, have 
emerged as valuable tools in precision agricul-
ture (Jayanthi & Kumar, 2024). Object detection 
models offer advantages over classification 
approaches by enabling not only the identifica-
tion of disease presence but also its localization 

on the surface of the tuber (Ma et al., 2022). 
In this context, Ultralytics YOLO (You Only 

Look Once) has demonstrated a balance between 
accuracy, speed, and computational efficiency, 
motivating its adoption in agricultural applications 
(Divyanth et al., 2024; Geoffrey Manurung et al., 
2024; LIU, 2024; Palacio Betancur & Bolaños 
Martínez, 2025; Redmon, 2016). Previous ver-
sions, such as YOLOv5, YOLOv8, and YOLOv12, 
have shown promising results in the detection 
of pests and diseases affecting crops such as 
tomato, strawberry, and potato (He et al., 2024; 
Manolo Muñoz-Espinoza et al., 2026; J. Zhang et 
al., 2024). 

YOLO26 is a recent real-time object detec-
tion model designed for edge devices and low 
energy consumption. It employs an optimized 
architecture that reduces computational comple-
xity, facilitating agile, lightweight, and accessible 
deployment (Jocher & Qiu, 2026; Sapkota et al., 
2025; Yurdakul et al., 2026). 

Similarly, RF-DETR is a real-time transfor-
mer-based object detection architecture belonging 
to the DETR (Detection Transformer) family. It 
is adaptable to different domains and datasets 
of varying sizes and is intended for applications 
requiring high speed and accuracy, even in en-
vironments with limited computational resources 
(e.g., edge devices or low-latency applications) 
(Robinson et al., 2026). 

Despite these advances, several challen-
ges remain: (1) the scarcity of local, public, and 
annotated datasets representing real field or 
postharvest conditions; (2) the need to adapt 
models to contexts with limited samples throu-
gh robust data augmentation; and (3) rigorous 
validation in multiclass detection tasks involving 
visually similar classes. 
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To compare complementary design prio-
rities, this study analyzed two representative 
detectors from the YOLO family—which prioritize 
speed and ease of deployment—and expanded 
the scope by incorporating the transformer-based 
detector RF-DETR, which formulates detection as 
set prediction based on queries and one-to-one 
assignment, reducing dependence on anchors 
and intensive post-processing (Robinson et al., 
2026). To ensure experimental fairness, the three 
detectors were trained using the same images, 
identical training/validation/test splits, and the 
same input resolution, while maintaining a unified 
evaluation protocol. The annotations were conver-
ted to the COCO format for training the DETR-ba-
sed model. 

The proposed approach employs an open 
potato tuber dataset (Faria et al., 2023), containing 
six classes (five diseases and one healthy condi-
tion), annotated in Roboflow (Roboflow: Compu-
ter Vision Tools for Developers and Enterprises, 
2025) and expanded through a data augmentation 
protocol designed to simulate realistic variability in 
orientation, illumination, and noise. 

The primary objective was to comparatively 
evaluate the performance of YOLO-family detec-
tors and transformer-based detectors (RF-DETR) 
for the early detection of diseases in potato tubers, 
with the aim of developing an automated, accu-
rate, and scalable tool that can be integrated into 
real-time monitoring systems and deployed in 
resource-constrained environments. 

Contributions 

•	 A comparative benchmark between 
CNN-based detectors from the YOLO 
family and a transformer-based detector 
(RF-DETR), using real agricultural potato 
images comprising six classes characteri-
zed by high visual variability and uncontro-
lled acquisition conditions. 

•	 A reproducible annotation and COCO 
conversion pipeline, with clearly defined 
comparability criteria, including identical 
data splits, uniform input resolution, and 
consistent data augmentation strategies. 

•	 A homogeneous comparative evalua-
tion focused on analyzing model beha-
vior, complementing standard metrics 
(mAP@0.5 and mAP@0.5:0.95) with 
precision, recall, and confusion matrices, 
enabling the identification of systematic 
errors and domain-specific challenges in 
agricultural applications. 
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Methods  
The study presents a comparative expe-

rimental design involving three object detectors 
(YOLOv12, YOLOv26, and RF-DETR) evaluated 
under a common protocol. The complete pro-
cessing workflow consisted of: (1) acquisition 
and manual annotation of lesions in 377 original 
images; (2) stratified splitting into training (70%), 
validation (15%), and test (15%) sets; (3) aug-
mentation applied exclusively to the training set; 
(4) conversion of annotations to COCO format for 
RF-DETR; (5) independent training of each model 

using the same input resolution (640 px), identical 
data splits, and identical evaluation criteria; and 
(6) final evaluation on the test set using standar-
dized metrics (precision, recall, mAP@0.50, and 
mAP@0.50:0.95). 

Original dataset and inclusion
/exclusion criteria 

The original dataset was obtained from the 
Kaggle platform (Faria et al., 2023).  

Figure 1

Complete experimental pipeline, from data acquisition to comparative evaluation 

Note. The stages include manual annotation in Roboflow, stratified splitting of the original data-
set (377 images), augmentation applied exclusively to the training set, conversion to COCO format for 
RF-DETR, training of the three detectors using the same baseline parameters (640 px, identical data 
splits), and final evaluation on the test set. 
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The dataset was compiled from multiple 
online sources and validated by the Bangla-
desh Agricultural Research Institute (BARI). 
It consists of 451 potato tuber images. In this 
study, 377 images were used after excluding 
the “miscellaneous” class to maintain a strictly 
phytosanitary focus. The six classes considered 
and their distribution were:  

•	 Blackleg: 60 images 
•	 Pink rot: 57 
•	 Dry rot: 60 
•	 Common scab: 62 
•	 Black scurf: 58 
•	 Healthy: 80 

Object annotation and 
quality control 

Manual lesion annotation was performed 
using Roboflow (Roboflow: Computer Vision Tools 
for Developers and Enterprises, 2025). Each 
lesion instance was defined by a bounding box, 
carefully adjusted to cover the visible lesion while 
minimizing the inclusion of adjacent healthy tissue. 
Annotation quality was controlled through the 
following procedures: 

•	 Representative examples of each class 
were visually reviewed by a plant pathology 
specialist to verify annotation consistency. 

•	 Bounding boxes that were excessively loose 
or did not correspond to the apparent lesion 
boundaries were corrected. 

•	 Annotations were managed in both YOLO 
and COCO formats, generated from the 
same base annotation set to ensure com-
patibility with the training and evaluation 
frameworks. 

Preprocessing 

Before training, the following transformations 
were applied: 

•	 Automatic orientation to normalize the rota-
tion of the main object (tuber). 

•	 Image resizing to 640 × 640 px while pre-
serving the aspect ratio through letterboxing 
when necessary (Ultralytics default beha-
vior). 

Stratified data splitting 

The original dataset of 377 images (before 
data augmentation) was stratified to preserve 
class proportions across all subsets:

•	 Training: 264 images (70%). 
•	 Validation: 56 images (15%). 
•	 Test: 57 images (15%). 

Data augmentation (applied 
only to the training set) 

To increase pattern diversity and mitigate 
overfitting, a data augmentation pipeline was 
applied exclusively to the 264 images in the 
training set. Transformations were performed in 
Roboflow while preserving geometric consistency 
between images and bounding boxes. 

Image transformations: 

•	 Horizontal flip. 
•	 Fixed 90° rotations (clockwise and counter-

clockwise). 
•	 Random rotation within the range [-15° to 

+15°]. 
•	 Random noise injection affecting up to 

0.65% of image pixels. 
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Bounding box transformations:  

•	 Horizontal flip synchronized with the image. 
•	 Rotation within the range [-15° to +15°]. 
•	 Horizontal and vertical shear of ±10°. 
•	 Limited positional noise (up to 0.16% of 

image pixels) to improve robustness to small 
annotation variations. 

This process produced an augmented 
training set of 792 images (approximately a 3× 
augmentation factor). The validation (56 images) 
and test (57 images) sets remained unaugmented. 

•	 Training: 792 images (~88%). 
•	 Validation: 56 images (~6%). 
•	 Test: 57 images (~6%).These percentages 

were calculated based on the total number 
of images used in the experiment (905 = 
792 + 56 + 57). 

The stratified split of approximately 
88%/6%/6% was selected following common 
practices in deep-learning object detection tasks, 
where a large training set is prioritized to promote 
model convergence and generalization. Given the 
limited dataset size, a reduced but representative 
validation set was considered sufficient for moni-
toring training and tuning hyperparameters, while 
an independent test set was reserved for the final 
evaluation. 

Stratification preserved class proportions 
across all subsets, reducing class imbalance bias 
and enabling a consistent comparison of model 
performance. 

Detection models: YOLOv12 and 
YOLOv26  

•	 YOLOv12 (nano) – yolov12n.pt. A recent 
detector focused on attention mechanisms 
to emphasize relevant features and improve 
the detection of small or partially occluded 
objects. The model was obtained from the 
official repository (Tian et al., 2025). 

•	 YOLOv26 (nano) – yolov26n.pt. A variant 
optimized for edge devices with limited com-
putational resources, prioritizing architectural 
simplicity and inference efficiency (Jocher & 
Qiu, 2026). 

•	 RF-DETR (base). A real-time transformer 
architecture for object detection and instan-
ce segmentation developed by Roboflow 
(Robinson et al., 2026). 

To ensure comparability, all models were 
trained and evaluated using the same dataset, 
identical train/validation/test partitions, the same 
input resolution (640 × 640 px), and the same 
training and evaluation protocol.

Software and hardware 
environment

The experiments were conducted in Google 
Colab using an NVIDIA Tesla T4 GPU (parame-
ters shown in Figure 2). All software used was 
open-source and freely available: Ultralytics YOLO 
(AGPL-3.0 license), RF-DETR (Apache 2.0 licen-
se), and Google Colab (free version). Annotations 
were performed using Roboflow (free version for 
academic use). 
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Figure 2

Google Colab training parameters 

Training protocol 

Initial weights: Pretrained weights were used 
for each corresponding “nano” variant (yolov12n.pt 
and yolov26n.pt) and the RF-DETR “base” model. 

For the YOLO architecture (both models), 
the hyperparameters were: 

•	 Epochs: 60 
•	 Image size (imgsz): 640 px 
•	 Batch size: 16 
•	 Patience (early_stopping_patience): 10 (tra-

ining stopped if the validation metric did not 
improve for 10 consecutive epochs) 

•	 Configuration file (data.yaml): train/valida-
tion/test paths and six-class definition 

•	 Data augmentation: as described in the 
“Stratified Data Splitting” section (applied 
consistently) 

For the RF-DETR architecture, the hyperpa-
rameters were: 

•	 Epochs: 15 
•	 Image size (imgsz): 640 px 
•	 Batch size: 4 
•	 Patience (early_stopping_patience): 5  

The differences in batch size and number of 
epochs reflect the characteristics of each architec-
ture and memory constraints, which is common 
practice in comparative studies using different 
frameworks, while maintaining the dataset, input 
resolution, and evaluation criteria constant. 
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Evaluation and Metrics 

The evaluation was performed exclusively 
on the test set (57 images). Standard Ultralytics 
metrics for object detection tasks were reported: 

•	 mAP@0.5: mean average precision per 
class using an IoU threshold of 0.5. 

•	 mAP@0.5:0.95: mean of AP at multiple 
IoU thresholds [0.5: 0.95] with a step of 
0.05, more demanding and sensitive to 
localization. 

•	
•	
•	
•	
•	
•	 F1-score: combines precision and recall.
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Results   
Overall performance metrics  

The three models were evaluated on the 
test set (n = 57 images) under identical conditions. 
Figure 3 shows the detections produced by each 

YOLOv12 YOLOv26 RF-DETR  

model, and Table 1 summarizes the overall re-
sults. 

Figure 3

Visual comparison of the different models 
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Table 1 
Overall results 

Confusion matrix 

Figure 4 (YOLOv12) and Figure 5 (YO-
LOv26) show the resulting confusion matrices; 
the diagonal axis displays the correct predictions 
for each class. In addition to the six study classes 
(blackleg, pink rot, dry rot, common scab, black 
scurf, and healthy), both matrices include a back-
ground row/column that aggregates: 

•	 False positives (detections in regions without 
an assignable lesion). 

•	 False negatives (missed lesions counted 
against the expected class as background). 

Modelo Precision Recall mAP50 mAP95

RF-DETR 70,86 % 88,39 % 85,61 % 82,64 %

YOLOv12 78,72 % 96,86 % 79,36 % 73,26 %

YOLOv26 79,34 % 96,64 % 78,48 % 73,55 %



Revista Científica CEDIA - ISSN:  3151-8435p - 286

Figure 4

Confusion matrix – YOLOv12  
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Figure 5

Confusion matrix – YOLOv26  

Performance by class  

Based on the confusion matrices, precision 
and recall were calculated for each class.
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Table 2 
Class-wise metrics – YOLOv12  

Class Precision Recall

Blackleg 50,00 % 75,00 %

Pink rot 61,54 % 66,67 %

Dry rot 35,71 % 41,67 %

Common scab 33,33 % 90,00 %

Black scurf 60,00 % 52,94 %

Healthy 92,31 % 86,96 %
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Table 3 
Class-wise metrics – YOLOv26   

Class Precision Recall

Blackleg 78,57 % 64,71 %

Pink rot
61,54 % 66,67 %

Dry rot 35,71 % 41,67 %

Common scab 33,33 % 90,00 %

Black scurf 60,00 % 52,94 %

Healthy 92,31 % 86,96 %
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Table 4 
Class-wise metrics – RF-DETR   

Class Precision Recall

Blackleg 67,00 % 35,00 %

Pink rot 100,00 % 75,00 %

Dry rot 53,00 % 75,00 %

Common scab 50,00 % 100,00 %

Black scurf 93,00 % 82,00 %

Healthy 92,00 % 88,00 %
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Key Findings: Comprehensive 
Comparison Between Models 

Based on Tables 1, 2, 3, and 4, several im-
portant findings enable a comprehensive compa-
rison between the models. 

Overall comparison (accuracy and 
localization) 

Based on the results (Table 1), the following 
observations can be made:

•	 Overall precision (P): YOLOv26 achie-
ved the highest value (79.34%), followed 
by YOLOv12 (78.72%) and RF-DETR 
(70.86%). 

•	 Overall recall (R): YOLOv12 performed 
slightly better (96.86%), followed closely by 
YOLOv26 (96.64%) and above RF-DETR 
(88.39%). 

•	 mAP@0.50: RF-DETR achieved the 
highest score (85.61%), outperforming YO-
LOv12 (79.36%) and YOLOv26 (78.48%). 

•	 mAP@0.50:0.95 (more stringent): RF-DE-
TR also ranked first (82.64%), while YO-
LOv26 (73.55%) and YOLOv12 (73.26%) 
achieved similar results. 

The YOLO models exhibited higher point 
precision and overall sensitivity at the default 
threshold (high capability to avoid missing 
lesions and to control false positives at a fixed 
operating point). 

RF-DETR achieved higher Average 
Precision at both relaxed IoU (0.50) and strict 
IoU (0.50–0.95), suggesting that throughout the 
threshold sweep the model better preserves 
the area under the precision–recall curve and 
produces more consistent bounding boxes in 
terms of localization. 

Practical implication: If the application 
requires maximum sensitivity and a low cost 
of missed detections (screening), either YOLO 
model is an appropriate option using the default 
threshold. If localization quality is the priority 
(e.g., severity estimation by lesion area, lesion 
cropping for segmentation, or integration into a 
downstream pipeline), RF-DETR offers a consis-
tent advantage in mAP, particularly across the 
0.50–0.95 range. 

Class-wise comparison (precision, 
recall and F1) 

Class-wise results

•	 Blackleg 
•	 YOLOv26: P = 78.57% (highest), R = 

64.71%, F1 ≈ 71.00% (best balance). 
•	 YOLOv12: P = 50.00%, R = 75.00% (hi-

ghest recall), F1 ≈ 60.00%. 
•	 RF-DETR: P = 67.00%, R = 35.00%, F1 ≈ 

46.00%. 
•	 Conclusion: YOLOv26 provides the best 

balance for this class; YOLOv12 recovers 
more true positives (higher R), making it 
useful when minimizing missed cases is 
critical; RF-DETR requires threshold calibra-
tion or additional training samples. 

Pink Rot 

•	 RF-DETR: P = 100.00%, R = 75.00%, F1 ≈ 
86.00% (best). 

•	 YOLOv12/YOLOv26: P = 61.54%, R = 
66.67%, F1 ≈ 64.00%. 

•	 Conclusion: RF-DETR is superior, combi-
ning zero false positives with high sensitivity 
for this class. 
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Dry Rot  

•	 RF-DETR: P = 53.00%, R = 75.00%, F1 ≈ 
62.00% (best). 

•	 YOLOv12/YOLOv26: P = 35.71%, R = 
41.67%, F1 ≈ 39.00%. 

•	 Conclusion: The morphological variability of 
this lesion (diffuse/subepidermal bounda-
ries) negatively affects the YOLO models 
using bounding boxes; RF-DETR handles 
localization better and detects more cases.

Common scab  

•	 RF-DETR: P = 50.00%, R = 100.00%, F1 ≈ 
67.00% (best). 

•	 YOLOv12/YOLOv26: P = 33.33%, R = 
90.00%, F1 ≈ 48.00%. 

•	 Conclusion: RF-DETR reduces the 
over-detection typically observed in the 
YOLO models (low P) while maintaining 
maximum recall. 

Black scurf 

•	 RF-DETR: P = 93.00%, R = 82.00%, F1 ≈ 
88.00% (clearly superior). 

•	 YOLOv12/YOLOv26: P = 60.00%, R = 
53.00%, F1 ≈ 56.00%. 

•	 Conclusion: RF-DETR better distinguishes 
the texture and tonal characteristics of this 
lesion, minimizing confusion with common 
scab and background. 

Healthy 

•	 RF-DETR: P = 92.00%, R = 88.00%, F1 ≈ 
94.00%. 

•	 YOLOv12/YOLOv26: P = 92.00%, R = 
87.00%, F1 ≈ 89.00%. 

•	 Conclusion: All three models are robust, with 
RF-DETR showing a slight advantage.
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Table 5 
Best model by class    

Class Best
recall

Best
F1 Key comment

Blackleg YOLOv12
(75,00 %)

YOLOv26
(~71.00 %)

YOLOv26 provides better
balance; YOLOv12 maximizes

sensitivity.

Pink rot RF-DETR
(75,00 %)

RF-DETR
(~86.00 %)

RF-DETR achieves zero
false positives with high recall.

Dry rot RF-DETR
(75,00 %)

RF-DETR
(~62.00 %)

RF-DETR handles
diffuse/subepidermal boundaries

better.

Common
scab

RF-DETR
(100.00 %)

RF-DETR
(~67.00 %)

Reduces YOLO
overdetection.

Black
scurf

RF-DETR
(82,00 %)

RF-DETR
(~88.00 %)

Better distinguishes texture
and dark tones.

Healthy

Best
precision

YOLOv26
(78.57 %)

RF-DETR
(100.00 %)

RF-DETR
(53.00 %)

RF-DETR
(50.00 %)

RF-DETR
(93.00 %)

RF-DETR
(92.00 %)

RF-DETR
(88.00 %)

RF-DETR
(~90.00 %)

Marginal differences; all
models are robust.
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Discussion 
General overview and consistency 
with the literature 

Under a common protocol (same data split, 
input resolution, and training protocol), the three 
detectors achieved competitive performance, with 
parity between YOLOv12 and YOLOv26 in the 
overall metrics (P/R and mAP) and an advanta-
ge in mAP for RF-DETR (both at IoU = 0.50 and 
across the 0.50–0.95 range). According to the 
results, YOLOv12 achieved precision = 78.72%, 
recall = 96.86%, mAP@0.50 = 79.36%, and 
mAP@0.50:0.95 = 73.26%, whereas YOLOv26 
obtained precision = 79.34%, recall = 96.64%, 
mAP@0.50 = 78.48%, and mAP@0.50:0.95 = 
73.55%. In numerous contemporary agricultural 
applications, the YOLO family has become pre-
dominant because of its balance between speed 
and accuracy and its practical adoption in the field 
(including tubers and postharvest tasks), which 
is consistent with recent systematic reviews and 
benchmarking studies (Badgujar et al., 2024; Div-
yanth et al., 2024). 

The DETR family—and particularly its 
real-time variants—eliminates the need for NMS 
and leverages query-based bipartite matching, 
which often results in better localization consis-
tency at strict IoU thresholds and precision–recall 
curves with greater area (AP) across a wide range 
of thresholds (Dahiya et al., 2025). This behavior 
has been documented for RT-DETR (CVPR 2024) 
(Zhao et al., 2024) and its implementations, which 
demonstrate simultaneous improvements in speed 
and AP compared with one-stage detectors and 
other classical DETR architectures. In addition, 

agricultural applications using RF-DETR have be-
gun to appear, reinforcing the relevance of inclu-
ding a transformer-based detector in this compari-
son (Blok et al., 2025; Öztürk & Şin, 2026).

Overall metrics: Point P/R vs. Inte-
grated AP (IoU = 0.50 and 0.50–
0.95)

Point metrics (P and R) depend on the 
confidence threshold and post-processing 
(e.g., NMS in YOLO), whereas mAP@0.50 and 
mAP@0.50:0.95 integrate the area under the 
precision–recall curve across threshold sweeps 
(and, in COCO, across multiple IoU thresholds), 
providing a threshold-independent measure of 
classification and localization. This difference ex-
plains why a model may exhibit superior AP while 
simultaneously showing lower P/R at a given ope-
rating point: the global optimum of the curve does 
not necessarily coincide with the threshold used 
during validation or inference (Thibaut, 2023). 

In the present results, RF-DETR achie-
ved higher mAP at both 0.50 and 0.50–0.95, 
consistent with the literature reporting improved 
localization at strict IoU thresholds, elimination 
of NMS, and larger precision–recall areas due 
to higher-quality queries and efficient decoders 
(Parlak, 2026; Rahaman Sams et al., 2026). In 
contrast, YOLOv12 and YOLOv26 retained slightly 
better point recall and precision at the default Ul-
tralytics threshold, a common pattern in one-stage 
detectors with NMS and highly optimized calibra-
tion for agricultural applications (Badgujar et al., 
2024; Divyanth et al., 2024). 
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Class-wise performance: compa-
rative interpretation and probable 
causes

Blackleg. YOLOv26 achieved the highest 
F1-score (P ≈ 79.00%; R ≈ 65.00%), providing 
the best balance between precision and sensi-
tivity, whereas YOLOv12 retained the highest 
recall (75.00%), making it suitable for scree-
ning. The lower recall of RF-DETR suggests a 
suboptimal threshold or the need for additional 
samples for this specific class. This type of 
precision–recall trade-off between architectures 
has been observed in agricultural benchmarks, 
where texture and moisture influence inter-class 
confusion (Badgujar et al., 2024). 

Pink Rot. RF-DETR performed best (P = 
100.00%; R = 75.00%), achieving zero false po-
sitives and high recall at the selected operating 
point. The precision–recall curve for this class 
tends to dominate across thresholds, consistent 
with the advantages of transformers in con-
textual representation and spatial consistency 
(Zhao et al., 2024). 

Dry Rot. RF-DETR outperformed YOLO 
in recall and F1-score. Its superior performance 
with diffuse lesion boundaries and subepidermal 
manifestations suggests that the cost function 
(L1 + GIoU) and one-to-one matching reduce the 
penalty at high IoU thresholds. Nevertheless, the 
literature agrees that internal or incipient lesions 
require NIR/SW-NIR/HSI imaging to improve sen-
sitivity, reinforcing a future multimodal approach 
(Prasetyo et al., 2024; F. Zhang et al., 2024). 

Common Scab vs. Black Scurf. The YOLO 
models exhibited over-detection of common scab 
(low precision, high recall), whereas RF-DETR 
improved the balance (higher precision and recall), 
probably because it better captures the granular 
texture and spatial context of Rhizoctonia solani 
sclerotia (black scurf) and their variability (AG-3, 

etc.), which are known to produce visual ambi-
guities in potato tubers (Chaudhary et al., 2023; 
Potato - Rhizoctonia Solani (Stem Canker & Black 
Scurf), 2025). 

Healthy. All three models were robust (high 
precision and recall, with a slight advantage for 
RF-DETR), a result consistent with applications 
involving tubers and postharvest inspection as well 
as reviews of YOLO-based agricultural applica-
tions (Badgujar et al., 2024; Divyanth et al., 2024). 

Statistical validity 
and transparency

Given the size of the test set (n = 57), small 
differences (≤1 percentage point) may not be 
statistically significant. It is recommended to apply 
image- or instance-level bootstrapping to obtain 
95.00% confidence intervals for precision, recall, 
mAP, and F1-score, as well as permutation tests 
to evaluate the null hypothesis of “no difference.” 
In addition, reporting precision–recall curves toge-
ther with the points of maximum F1 (overall and 
per class) is recommended to align the operating 
point with the desired risk policy (cost of false 
negatives versus false positives). These practices 
are consistent with the COCO evaluation protocol 
and recent guidelines for mAP and precision–reca-
ll analysis (Thibaut, 2023; F. Zhang et al., 2024). 

Practical ICT implications 

•	 1. System architecture (edge ↔ cloud) 

The results support a hybrid design con-
sisting of edge inference (cameras/SoC/Jetson) 
for real-time response and event-driven trans-
mission of ambiguous cases to the cloud for 
auditing and re-annotation. The YOLO family 
is widely adopted in agriculture because of its 
low latency and ease of deployment, whereas 
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RF-DETR provides end-to-end detection without 
NMS, simplifying the post-processing pipeline 
on resource-constrained devices while offering 
superior AP at strict IoU thresholds (Badgujar et 
al., 2024; F. Zhang et al., 2024). 

2. Model selection according to the use case 
(operating points) 

For high-throughput screening (avoiding 
missed lesions), a YOLO model calibrated with a 
low confidence threshold maximizes recall. For 
diagnosis requiring severity quantification (high 
IoU), RF-DETR provides higher mAP@0.50:0.95 
and more consistent bounding boxes throughout 
the threshold sweep. Precision–recall curves and 
COCO mAP are the recommended tools for selec-
ting class-specific thresholds according to the cost 
of errors (Thibaut, 2023; Zhao et al., 2024).

•	 3. Two-Stage Pipelines (Screening → Refi-
nement)

A YOLO → RF-DETR workflow reduces 
computational cost on edge devices (fast detec-
tion) while increasing precision and IoU for posi-
tive detections (NMS-free refinement), a strategy 
already suggested in agricultural computer vision 
benchmarking and consistent with the real-time 
RT-DETR evidence (Zhou et al., 2025). 

•	 4. Multimodality for internal lesion

For dry rot and other subepidermal le-
sions, integrating NIR/SW-NIR/HSI into the ICT 
pipeline improves early detection, overcoming 
the limitations of RGB imaging. Late fusion 
or routing suspicious samples to an NIR/HSI 
inspection station are scalable strategies for 
processing plants operating under cycle-time 
constraints (Prasetyo et al., 2024; F. Zhang et 
al., 2024). 
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Conclusions 
1. Comparative Performance and 
Operational Feasibility 

Under the same experimental protocol—
identical dataset, stratified split, and input resolu-
tion (640 px)—the YOLO family detectors and the 
transformer-based RF-DETR model proved to be 
viable for the early detection of diseases in pos-
tharvest potato tubers. YOLOv12 and YOLOv26 
showed comparable performance in terms of 
precision and recall, whereas RF-DETR achieved 
higher mAP values at both IoU = 0.50 and across 
the 0.50–0.95 range. These results indicate the 
suitability of both paradigms for integration into 
automated agricultural inspection systems with 
moderate computational resources.

2. Sensitivity, localization, and se-
lection according to the use case

The comparative analysis revealed a 
systematic trade-off between sensitivity and 
localization accuracy. The YOLO models exhibi-
ted slightly higher recall at the default threshold, 
making them suitable for large-scale screening 
scenarios where minimizing false negatives is 
a priority. In contrast, RF-DETR demonstrated 
stricter and more consistent localization, reflec-
ted in its advantage in mAP@0.50:0.95, attri-
buted to its one-to-one assignment mechanism 
and the absence of non-maximum suppression. 
This behavior is particularly relevant when 
precise lesion delineation is required for severity 
estimation or subsequent classification.

3. Class-wise Behavior and Limita-
tions of the RGB Approach

The confusion matrix analysis identified 
error patterns specific to the agricultural domain. 
In particular, the confusion between common scab 
and black scurf is explained by phenotypic simi-
larities in surface texture and coloration, as repor-
ted in the phytopathological literature. Likewise, 
subepidermal lesions associated with Fusarium 
spp. exhibited higher false-negative rates and 
lower spatial overlap, highlighting an inherent 
limitation of using RGB images alone for the early 
detection of internal damage.

4. Practical implications and 
recommended architecture

Based on the obtained results, a two-stage 
functional architecture is proposed: an initial YO-
LO-based detection stage aimed at maximizing 
sensitivity and enabling rapid screening, followed 
by a second stage using RF-DETR for localiza-
tion refinement and IoU improvement. This com-
bination balances computational efficiency and 
spatial precision and can be further enhanced 
through calibration techniques and, when the ob-
jective is to reduce missed detections of incipient 
lesions, by late fusion with NIR or HSI spectral 
information. Overall, the findings suggest the 
feasibility of developing an automated, accurate, 
and scalable tool aligned with the requirements of 
real-time monitoring systems and edge compu-
ting in postharvest environments.
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