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A comprehensive and continuous analysis of relevant phenotypic traits in broadly diffused crops such as tomatoes 
is extremely important to assess the status of plants, especially in the current scenario of extreme climate events, 
which can threaten the foundations of the food supply chain for large populations. However, these operations are 
extremely costly in human effort; therefore, automating these processes is of paramount relevance. To this end, 
this work first provides a systematic benchmark of different, well-assessed versions of the You Only Look Once 
(YOLO) object detector, identifying the most suited baseline in terms of iteration and model density. Afterwards, 
the effectiveness of attention-based mechanisms was evaluated, highlighting possible critical aspects which may 
undermine overall results and real-time applicability. Thus, to enhance the baseline performance, an Incremental 
Learning pipeline was assessed, evaluating domain adaptation via fine-tuning. Specifically, a YOLOv11-based 
object detector was incrementally trained on specific subsets of a larger dataset, with the aim of providing 
the resulting model with subset-specific knowledge to allow more generalisation capabilities. This procedure 
resulted in an overall improvement of mAP@0.5 of about 1.36%, and F1 score of 1.1%, while slightly lowering 
the computational burden during inference, with an improvement of 19 ms. The effectiveness of these capabilities 
was also tested against a scenario with a low number of samples available, yielding promising domain adaptation 
results even under adverse conditions, and providing a practical path for evolving phenotypical evaluation under 
real-world agricultural scenarios.

1. Introduction

Tomatoes are among the most consumed fruits in the world [12]. 
This crop is extremely popular in the United States, China, and Italy, 
accounting for about 65% of the overall global consumption due to tra

dition and cultural motivations. Still, tomato production is expected to 
shrink over the next few decades due to the negative impacts of climate 
change, with a projected decrease of 66% in the overall production com

pared to the levels of 1989 [2]. Consequently, assessing and evaluating 
these impacts is extremely valuable in providing an economically viable 
yet sustainable yield for this type of crop.

One of the main investigation methods researchers have used over 
the last few decades to assess the status of a plant subject to the stress 
of genotypical modification is phenotyping. Specifically, this term de

scribes a set of non-destructive tests, usually performed visually, which 
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can help the domain expert in assessing the status of a plant via its 
phenotypical traits. To gather statistical significance and properly char

acterise a data generation mechanism for certain aspects of phenotypic 
traits, gathering a significant amount of data is mandatory. To deal with 
these issues, high throughput phenotyping (HTP) platforms were largely 
developed and deployed over recent years [15], providing high quanti

ties of data which practitioners and researchers could use to develop a 
generalizable and effective tool for automating part of the evaluation of 
large cultivars and fields. Still, due to the amount of data generated by 
these platforms, an evaluation fully performed by domain experts is not 
viable. Consequently, the development of automatic systems supporting 
human operators is mandatory.

To this end, one of the most interesting applications is deep learning

based object detection, which can be used to localise and classify objects 
of interest within the scene. These types of networks can be broadly cate
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gorised as follows. First, there were two-stage detectors, which are based 
on two cooperating networks mainly based on convolutional layers. 
Specifically, the first network is often called a region proposal network, 
and its role is the identification of possible regions of interest within the 
image. As for the second network, its role is to identify the most relevant 
class for each proposed region of interest. These networks are usually 
highly accurate, but have significant inference costs due to the presence 
of two different networks. A significant reduction of the computational 
burden was achieved by single-stage detectors, which use a single net

work to perform localisation and classification in a single step. Among 
these classifiers, the most well-known are the ones belonging to the You 
Only Look Once (YOLO) family, which is currently being developed with 
numerous iterations. Newer approaches are called end-to-end detectors, 
and their aim is to fully automate the detection pipeline, removing man

ually set thresholds or the identification of an initial set of anchors, 
at a higher computational cost due to the presence of computationally 
intensive self-attention mechanisms. Therefore, detectors derived from 
YOLO are the most frequently used in the domain of plant phenotyping, 
mainly due to their balance in terms of speed and accuracy. Specifically, 
researchers have focused on improving the base architecture to deal 
with problems specific to plant phenotyping, such as the requirement to 
identify small phenotypical traits (e.g., flowers or fruit) which may not 
be gathered under optimal conditions. To deal with this issue, several 
works focused on adding attention mechanisms within the base YOLO 
network. For example, researchers in Chen et al. [4] integrated attention 
within the detection head, while researchers in Gao et al. [6] focused 
on the backbone of the base YOLOv5 model. In both cases, this targeted 
improvement allowed to achieve enhanced performance if compared to 
the baseline. Other works, such as Solimani et al. [14] and Sun [16], 
focused on integrating Squeeze-and-Excitation attention mechanisms in 
YOLOv8, also in this case improving the overall performance, especially 
when dealing with visually small phenotypical traits. Another issue is 
related to the deployment of object detectors on constrained hardware 
mountable on agricultural robots. This specific issue undermines the 
applicability of detectors based on transformers, which were proposed 
over the last few years and confirmed superior performance at the cost 
of a higher computational load, even if lightweight approaches were 
proposed, for example, in Wang et al. [18]. In other cases, the authors 
focused on improving well-assessed YOLO-derived detectors, for exam

ple, by using lightweight networks such as MobileNetV3 in the backbone 
of the model [23], or by reducing the computational burden of the fea

ture pyramid used for feature fusion in the neck of the network [25,21].

While effective, current approaches often overlook the underlying 
assumption that data belonging to phenotypical scenarios is static, that 
is, coming from the same data generation mechanism. This may be chal

lenging to demonstrate in complex, outdoor scenarios, where imagery 
may be gathered at different time points, representing different instants 
in the growth of the plant. Furthermore, the generalisation capability 
of a model should be tested not only at different growing stages but 
also when different settings and conditions are considered. To address 
these issues, researchers usually focus on gathering large, comprehen

sive datasets, collecting data over time to represent different fields, 
growth stages, or even sensors. However, training a model from scratch 
on these large datasets is computationally intensive and does not ad

dress the intrinsic non-stationarity in the data, as new information can 
be gathered and added at any given time.

These considerations highlight a gap for current research, that is, 
the requirement for an incremental update of existing models using 
only new data batches. To this end, this work proposes and evalu

ates an incremental transfer learning framework to solve this sequential 
adaptation problem. Furthermore, the impact of the integration of two 
attention mechanisms, that is, Convolutional Block Attention (CBAM) 
and Shuffle Attention (SA), is evaluated.

Consequently, the main contributions of this work are the following.

• First, a direct comparison between different versions of YOLO, that 
is, YOLOv5, YOLOv8, and YOLOv11, is proposed to identify the 
optimal model for the task at hand.

• Then, a novel Incremental Learning framework was proposed, 
demonstrating its effectiveness and significant improvements of 
both accuracy and training stability over standard methods.

• A critical analysis of CBAM and SA is provided, revealing that while 
these mechanisms are effective in the case of smaller models, they 
may not be relevant in the case of denser architectures.

• Finally, the practical applicability of the proposed Incremental 
Learning Framework is discussed, adapting the trained model to 
a loosely coupled scenario via domain adaptation and fine-tuning.

The rest of the paper is organised as follows: Section 2 reports the 
materials and methods of the work, with focus on the dataset used, the 
reference architecture for the experiments, the attention modules imple

mented, as well as the learning approaches adopted and the evaluation 
metrics. Section 3 recaps the experimental results. Section 4 discusses 
the achieved results, highlighting the impact of Incremental Learning 
with the help of explainability methods. Finally, Section 5 draws the 
conclusions and future works.

2. Materials and methods

2.1. Dataset description

The datasets used in this work were originally proposed in Cardel

licchio et al. [3] and will be referred to as in-lab and infield in the 
following.

2.1.1. In-lab dataset

The in-lab dataset was gathered using the LemnaTec Scanalyzer3D 
system located at the HTP platform of the PhenoLab of the ALSIA 
Metapontum Research Center. The idea was to automatically convey 
tomato plants to imaging chambers, gathering three views for each 
plant, one top view and two 90 degrees displaced side-views. Overall, 
1673 RGB images were gathered, each with a resolution of 1624 × 1234
pixels. Afterwards, domain experts used the CVAT labelling tool to 
identify three relevant phenotypical traits in the dataset -- namely flow

ers, fruit, and nodes -- that were annotated using rectangular bounding 
boxes. Fig. 1 shows a sample of the labelled dataset.

2.1.2. Infield dataset

The infield dataset was collected at an experimental field set up 
on a commercial farm in Jolanda di Savoia, next to Ferrara, in Italy. 
The field included three tomato varieties, i.e., San Marzano, Mariner 
F1, and UC 82, organised according to a randomised block setup. Data 
were acquired at the ripening time, just before harvesting, in September 
2022, over a two-day campaign performed with the equipment shown in 
Fig. 2. After the experimental campaign, tomato berries were manually 
collected and counted to provide ground truth. Specifically, the plants 
located within a 1.5 m transect for each row were considered for man

ual counting. Colour images with a 1280×720 resolution were acquired 
using an Intel RealSense D435 camera at different daylight conditions. 
The camera was positioned with the optical axis orthogonal to the field 
plane. Among the overall dataset, 26 images were acquired in the areas 
where manual counting was performed and were used as an indepen

dent test set. Some sample images from the three varieties are shown in 
Fig. 3. Manual labelling was performed by domain experts to annotate 
ripe tomatoes, labelled as red berries (rb), and unripe tomatoes, labelled 
as other berries (ob). This kind of classification would be useful in auto

mated harvesting applications.

2.1.3. Datasets comparison

Even if both the in-lab and infield datasets hold images of tomato 
plants, they represent two distinct domains, making them suitable for 
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Fig. 1. A sample of the images collected in the lab with the PhenoLab HTP platform. 

Fig. 2. The setup for the field experiment. 

Fig. 3. Sample images collected in the field for each variety: (a) Mariner F1; (b) San Marzano; (c) UC 82. 

cross-domain generalisation analysis. The key differences, summarised 
in Table 1, are the following.

• Imaging setup: On the one hand, the in-lab dataset was collected 
within an HTP platform, which inherently guarantees consistent ac

quisition conditions throughout different experiments in terms of 
lighting, pose, occlusions, and background. On the other hand, the 
infield dataset was gathered under variable, daylight conditions, 
thus including shadowing effects, occlusions, and complex back

ground.

• Sensing technology: The in-lab dataset was captured with a Lem

naTec Scanalyzer 3D, which provided high-quality images with a 

resolution of 1624×1234. The infield dataset, instead, used a much 
more limited Intel RealSense D435, which provided lower resolu

tion images (1280 × 720), along with differences in colourimetry 
and lens characteristics. Therefore, the in-lab dataset represented 
an ideal condition using a high-end sensor, while the infield dataset 
represented a real-world scenario where a consumer-grade sensor 
was used. 

• Scope and semantics: The in-lab dataset includes three classes, that 
is, flowers, fruits, and nodes, aimed at plant phenotyping. The in

field dataset has two classes (ripe and unripe berries), aimed at a 
specific harvesting application.
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Table 1
Comparison of In-Lab and In-Field Datasets.

Characteristic In-Lab Dataset In-Field Dataset 
Lighting variability None High 
Background Uniform Complex 
Sensor LemnaTec Scanalyzer3D Intel RealSense D435 
Resolution 1624 × 1234 1280 × 720
Viewpoint Side Top-down 
Occlusion Low High 
Classes 3 (flower, fruit, node) 2 (ripe, unripe) 
Scope Phenotyping Harvesting automation 

2.2. YOLOv11 architecture

The models used in this work belong to the You Only Look Once 
(YOLO) family of single-stage detectors, originally proposed by Redmon 
in Redmon et al. [13]. YOLO is a single-stage object detector aiming 
to simultaneously locate and classify objects of interest within images. 
YOLO detectors share a common architecture composed of the following 
building blocks:

• Backbone: the backbone is the part of the network delegated to iden

tify relevant features in the image.

• Neck: the neck gathers the features extracted by the backbone and 
fuses them at different levels to embed local and global contextual 
information.

• Head: the detection head performs the final decision on the locali

sation and classification of objects within the image.

The YOLO family evolved through several iterations, reaching its 
11𝑡ℎ version in 2024 [9]. This iteration was a direct evolution of YOLOv8 
[8], which primarily used in its architecture a modified version of the 
Cross Partial Stage (CSP) [17] layer named CSP bottleneck with two convo

lutions (C2f). Specifically, YOLOv11 introduced a newer, more efficient 
version of the C2f layer named C3k2, whose main novelty was replacing 
large convolutions in the C2f block with two smaller convolutions (i.e., a 
smaller kernel size). Furthermore, the YOLOv11 architecture introduced 
the Cross Stage Partial with Spatial Attention (C2PSA) block in the neck, 
aiming to focus on the most relevant regions of the image. Finally, in 
the head, YOLOv11 introduced the Convolution-BatchNorm-SiLU (CBS) 
block, further refining feature maps used for detection, normalising 
the data flow through batch normalisation, and using a sigmoid linear 
unit activation function as the activation function to introduce non

linearities. The standard architecture of YOLOv11 is shown in Fig. 4.

In this work, YOLOv11 was selected as the primary architecture for 
two different reasons. First, it embeds recent components that are well

suited for challenges related to complex scenarios, such as plant pheno

typing. Specifically, the C3k2 module is designed for finer-grained fea

ture extraction, which improves the localisation of small phenotypical 
traits within the in-lab and infield datasets. Second, YOLOv11 demon

strated a superior accuracy trade-off when compared to older iterations, 
such as YOLOv5 and YOLOv8 [1], including in agricultural applications. 
These factors allowed the selection of YOLOv11 as a robust baseline ar

chitecture for the evaluation.

Thus, even if an attention mechanism is already embedded within the 
C2PSA block, it is worth pointing out that the objective of this work was 
to evaluate whether the use of attention mechanisms within the neck 
could further improve the detection performance of small, localized ob

jects, which are of great relevance in the context of the identification 
of phenotypic traits, especially in tomato crops images. In particular, 
the modifications to the standard YOLOv11 architecture aimed to as

sess whether a second attention mechanism, focused on both channel 
and spatial attention, could help the neck to improve the detection ca

pabilities of the whole network, thanks to the feature fusion approach 
implemented between the backbone and the neck. Consequently, the 

standard architecture was modified as shown in Fig. 5. Let us now dis

cuss the details of the attention modules chosen for the analysis.

2.3. Attention modules

2.3.1. Motivation

One of the most assessed methods to improve the ability of models 
based on convolutional layers to focus on relevant information within 
the image is to use attention mechanisms. Broadly speaking, two main 
categories of attention exist: spatial attention, which helps the network 
in identifying the relevant spatial part of the feature map in defining the 
decision, and the channel attention, that is, attention mechanisms which 
allow the network to focus on specific features within the feature map.

Attention mechanisms were successfully integrated in YOLO-based 
detectors, demonstrating superior performance, for example, in Chien 
et al. [5], where the insertion of the CBAM [20] was shown to out

perform several other attention mechanisms for pediatric wrist fracture 
detection. Another interesting improvement was provided by the SA 
mechanism, originally proposed in Zhang and Yang [24], demonstrat

ing improved performance for fine-grained defect detection in the textile 
context if compared to the baseline. These mechanisms were also suc

cessfully tested and adopted in the agricultural context, for example, for 
pomegranate detection [26].

This work evaluates the impact of the integration of CBAM and SA 
attention within the YOLOv11 neck. Apart from the promising results 
achieved by other works, this was also motivated by the contextual use 
of spatial and channel attention proposed by these two methods. In other 
words, combining channel and spatial attention can improve the capa

bilities of the network to localise areas of the feature map where the 
phenotypical traits are available, therefore improving small object de

tection, while improving in discerning between similar and potentially 
ambiguous traits and levels of ripeness of the berries.

2.3.2. Convolutional block attention module

The CBAM attention mechanism was first proposed in Woo et al. [20]

to model both channel and spatial attention. Specifically, given an in

termediate feature map denoted as 𝐹𝑖 ∈ ℝ𝐶×𝐻×𝑊 , with 𝐶 number of 
filters, and 𝐻 and 𝑊 height and width of the attention map, respec

tively, the CBAM block provides a channel refined feature 𝐹𝐶𝑅 starting 
from the inferred single channel attention map 𝑀𝐶 ∈ℝ𝐶×1×1.

𝐹𝐶𝑅 =𝑀𝐶 (𝐹𝑖)⊗𝐹𝑖 (1)

In Equation (1) and in the following, the symbol ⊗ represents the 
element-wise multiplication. Let us underline how 𝑀𝐶 (𝐹 ) is computed 
as the element-wise summation of the descriptors extracted by a Global 
Average Pooling (𝐺𝐴𝑃 ) and a Global Max Pooling (𝐺𝑀𝑃 ) to aggregate 
the information via a multilayer perception 𝑀𝐿𝑃 , provided as an input 
to a sigmoid function.

𝑀𝐶 (𝐹 ) = 𝜎 [𝑀𝐿𝑃 (𝐺𝐴𝑃 (𝐹 ))⊕𝑀𝐿𝑃 (𝐺𝑀𝑃 (𝐹 ))] (2)

In Equation (2), the ⊕ symbol represents the element-wise summa

tion. Once 𝐹𝐶𝑅 is known, the final refined feature 𝐹𝐹𝑅 can be computed 
as follows:

𝐹𝐹𝑅 =𝑀𝑆 (𝐹𝐶𝑅)⊗𝐹𝐶𝑅 (3)

As for 𝑀𝑆 , it is computed using a convolutional layer with filter size 
7 × 7, as described in Equation (4).

𝑀𝑆 (𝐹 ) = 𝜎
[
𝑓 7×7(𝐺𝐴𝑃 (𝐹 ) ◦𝐺𝑀𝑃 (𝐹 ))

]
(4)

The overall output feature map of the CBAM block is then given by 
the element-wise summation of the input feature maps and their final 
refined version. 

𝐹𝑜 = 𝐹𝑖 ⊕ 𝐹𝐹𝑅 (5)

The structure of the CBAM module is shown in Fig. 6.
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Fig. 4. The standard YOLOv11 [9] architecture. 

Fig. 5. The modified YOLOv11 [9] architecture. The attention modules (SA [24] or CBAM [20]), highlighted within a yellow rectangle, were inserted after the C3k2 
blocks to enhance feature selection using channel and spatial attention.

2.3.3. Shuffle attention

The SA module was first introduced in Zhang and Yang [24] and 
proposes another way to combine channel and spatial attention through 
feature grouping and a shuffle mechanism, as shown in Fig. 7.

Specifically, the SA module starts from the assumption that an input 
feature map is composed of 𝐺 sub-features 𝑥𝑖, with 𝑖 ∈ 1,… ,𝐺, each 

one further splittable into two sub-features, namely 𝑥𝑖1 and 𝑥𝑖2 . Conse

quently, 𝑥𝑖1 is used to compute the channel attention 𝑥𝑖1𝐶 as follows:

𝑥𝑖1𝐶
= 𝜎

[
𝐹𝐶

(
𝐺𝐴𝑃 (𝑥𝑘1

)]
⊗𝑥𝑘1

(6)

In Equation (6), 𝐹𝐶 represents a fully connected layer. As for the 
spatial attention 𝑥𝑖2𝑆 it is computed as follows. 
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Fig. 6. The CBAM [20] block scheme. 

𝑥𝑖2𝑆
= 𝜎

[
𝐹𝐶

(
𝐺𝑁(𝑥𝑘2 )

)]
⊗𝑥𝑘2

(7)

In Equation (7), 𝐺𝑁 refers to a group normalisation layer. The 𝑆𝐴
module concatenates the channel and spatial attention, obtaining an 
overall sub-feature 𝑥′

𝑖
, which is finally aggregated using a channel shuf

fle operator to get the final output feature.

2.4. Evaluation metrics

The results were evaluated based on several metrics commonly used 
in object detection, that is, precision (𝑃 ), recall (𝑅), 𝐹1𝑠𝑐𝑜𝑟𝑒 (𝐹1), and 
mean Average Precision (𝑚𝐴𝑃 ). These metrics can be evaluated starting 
from the quantities defined afterwards.

2.4.1. Positives and negatives

For the sake of simplicity, let us briefly consider a problem where 
only two types of objects should be detected. In this case, the problem 
can be framed as binary classification, thus a positive and a negative class 
can be defined. Consequently, the following quantities can be specified.

• TP represents the true positives, the instances correctly identified by 
the model as belonging to the positive class.

• TN represents the true negatives, the instances correctly identified 
by the model as belonging to the negative class.

• FP represents the false positives, that is, the instances of the negative 
class incorrectly identified by the model as belonging to the positive 
class.

• FN represents the false negatives, that is, the instances of the pos

itive class incorrectly identified by the model as belonging to the 
negative class.

It is important to underline how these metrics should be enriched 
when evaluating object detection problems, such as in the YOLO case, 
by considering the so-called background quantities:

• B-FP represents the background false positives, i.e., the instances 
identified by the model on the background. In this case, the model 
output could be a correct instance (not labelled in the original 
dataset) or an incorrect one.

• B-FN represents the background false negatives, i.e., the instances 
labelled in the original dataset but not identified by the model.

2.4.2. Precision, recall, and F1 score

Given these quantities, precision 𝑃 and recall 𝑅 can be computed as 
follows.

𝑃 = 𝑇𝑃 
𝑇𝑃 + 𝐹𝑃

(8)

𝑅 = 𝑇𝑃 
𝑇𝑃 + 𝐹𝑁

(9)

The formulation for the 𝐹1 score can be directly derived from Equa

tions (8) and (9).

𝐹1 = 2 ⋅ 𝑃 ⋅𝑅 
𝑃 +𝑅

(10)

2.4.3. Mean average precision

The evaluation of the mAP requires the introduction of the concept 
of Intersection over Union (𝐼𝑜𝑈 ), which is defined as:

𝐼𝑜𝑈 =
𝐴𝑂

𝐴𝑈
(11)

In Equation (11), 𝐴𝑂 is the overlap area between the ground truth 
from the labelling and the corresponding predicted box, while 𝐴𝑈 is 
the union between these areas. The value for the 𝐼𝑜𝑈 is defined within 
the range [0,1] and is directly proportional to the overlap between the 
predicted box and its corresponding ground truth. In practice, when 
𝐼𝑜𝑈 = 1, the predicted box completely overlaps the ground truth, while 
when 𝐼𝑜𝑈 = 0, no ground truth pixels are overlapped with the predicted 
bounding box.

Given a certain 𝐼𝑜𝑈 threshold, one can compute the average preci

sion (𝐴𝑃 ) as the area under the precision-recall curve for that threshold. 
As the AP value is computed for each class, the 𝑚𝐴𝑃 is the average 
value of the 𝐴𝑃 over all classes. In the experiments, the mAP@0.5 was 
evaluated. This was motivated mainly due to the small size of the phe

notypical traits, for which an overlap and a confidence above 50% may 
be considered acceptable.

2.4.4. Computational complexity

Finally, the computational complexity of the model is assessed via 
the inference time on a small-sized NUC used for the trial to simulate 
real-world settings.
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Fig. 7. The SA [24] block scheme. 

2.5. Incremental transfer learning

Real-world agricultural scenarios, ranging from infield deployments 
to controlled settings in HTP platforms, often imply several tempo

rally distributed data-gathering campaigns, which usually span different 
growth stages of the plants. This implies that the datasets are increas

ing over time to reflect novel phenotypical conditions. However, it is 
often computationally expensive to continuously retrain algorithms on 
the entire incremental datasets each time new data becomes available. 
Therefore, this work proposes an incremental transfer learning strategy, 
designed to allow sequential fine-tuning specifically in these situations, 
with the aim of updating existing models with novel information with

out the requirement for full retraining on all the past data.

To this end, the in-lab dataset, which contained samples of plants at 
different growth stages, was partitioned into 𝜅 disjoint, sequential sub

sets 𝑑𝑠1, 𝑑𝑠2,… , 𝑑𝑠𝜅 , of equal sizes, each one representing a contribu

tion from a different acquisition. The training process is then performed 
incrementally, starting from the initial subset 𝑑𝑠1 , and being repeated 
across all the 𝜅 subsets. The iterative update can be described by the 
Equation (12).

𝜔𝑖+1 = Φ(𝑑𝑠𝑖+1,𝜔𝑖) (12)

Here, 𝜔𝑖 represents the weights for the model obtained after training 
on subset 𝑑𝑠𝑖, while Φ represents the fine-tuning process, which extends 
the knowledge and the generalisation capabilities of the model by train

ing the weights 𝜔𝑖 on the new data subset 𝑑𝑠𝑖+1. This method allows, 
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Table 2
Baseline results achieved by training from scratch the standard ver

sions of YOLOv5, YOLOv8 and YOLOv11 with different densities. 
Results are reported in terms of mAP@0.5, 𝐹1 score, and inference 
speed.

Family Size mAP@0.5(%) F1 Score (%) Speed (ms, CPU) 
v5 S 56.9 ± 0.2 60.2 299 ± 12.7 
v5 M 55.8 ± 0.4 60.2 581.2 ± 23.8 
v5 L 56.4 ± 0.4 60.8 1057.0 ± 55.0 
v8 S 57.3 ± 0.4 61.3 285.6 ± 20.6 
v8 M 57.3 ± 0.3 61.9 652.8 ± 36.9 
v8 L 58.0 ± 0.1 61.9 1163.9 ± 2.3 
v11 S 55.8 ± 0.2 60.2 291.3 ± 8.5 
v11 M 58.7 ± 1.0 62.6 690.6 ± 45.5 
v11 L 56.2 ± 0.6 60.9 875.6 ± 65.9 

therefore, to improve the capabilities of the model to retain and adapt 
knowledge.

2.6. Experimental setup

As for the experimental setup, training and validation were per

formed using a DGX Station equipped with eight NVIDIA H100 GPUs, 
each with 96 GB of RAM. To evaluate the effectiveness of the approach 
on systems deployed directly in the field, possibly on self-moving robots, 
the inference speed was computed on an Intel Core i7 processor deploy

able on a small-sized NUC. All the source code was implemented using 
the Ultralytics library [9] with Python 3.12. Finally, it is important to 
underline how training and validation tests were performed on the in-lab 
dataset, while the infield dataset was mainly used for the final domain 
adaptation via fine-tuning.

As for hyperparameter selection, the optimal setup was found for 
training and validation, optimising mAP@0.5, and exploiting the Ray

Tune library [11] for implementing the Hyperband optimisation algo

rithm [10].

3. Experimental results

In this section, the results achieved by the proposed approach are 
discussed.

3.1. Baseline

The first set of experiments was aimed at establishing a baseline of 
the results achieved using the base YOLOv5, YOLOv8, and YOLOv11 
algorithms. To provide a fair comparison, all the proposed architec

tures were trained from scratch, not considering pretrained MS-COCO 
weights. For every model, all five densities, from nano to extra-large, 
were evaluated. Results for the three most well-performing densities are 
shown in Table 2; full results are reported in Appendix A. As expected, 
the best-performing model belongs to YOLOv11m, with an mAP@0.5 of 
58.7 ± 1.0%, and an F1 score of 62.6%. Therefore, this model will be 
selected as the base for the ablation study detailed in the next Section.

3.2. Ablation study

To assess the impact of the attention mechanism within the 
YOLOv11m neck, an ablation study, considering the effects of SA and 
CBAM, along with the combined effect of both mechanisms, was pro

posed. To provide further context, the results reported in Table 3 also 
highlight the impact on YOLOv11s, whereas the full report is available 
in Appendix A.

The most interesting aspect highlighted by the ablation study is that 
the introduction of SA mechanisms improves the results when the small 
version of YOLO is considered, with a positive absolute difference of 
1.6%, at the cost of a non-negligible impact in terms of inference speed 

Table 3
Impact of attention mechanisms on the base YOLOv11 model. The 
changes in mAP@0.5 and inference speed are reported as an absolute 
percentage difference.

Model mAP@0.5(%) Diff (%) Speed (ms, CPU) Diff (%) 
YOLOv11s 55.8 ± 0.4 - 291.3 ± 8.5 -

+ SA 57.4 ± 0.7 + 1.6 424.0 ± 24.1 + 45.6 
+ CBAM 55.8 ± 0.4 0.0 527.6 ± 52.6 + 81.1 
+ CBAM + SA 57.4 ± 0.8 + 1.6 478.2 ± 17.3 + 67.3 
YOLOv11m 58.7 ± 1.0 - 690.6 ± 45.5 -

+ SA 58.0 ± 0.6 - 0.7 1190.7 ± 54.0 + 72.4 
+ CBAM 58.2 ± 0.1 - 0.5 1450.6 ± 52.4 + 110.1 
+ CBAM + SA 57.9 ± 0.2 - 0.8 1270.1 ± 35.7 + 83.9 

Table 4
Results achieved by training the YOLOv11m network with an incre

mental learning approach.

Training method mAP@0.5 (%) F1 Score (%) Speed (ms, CPU) 
Standard 58.7 ± 1.0 62.6 690.6 ± 45.5 
Incremental 60.06 ± 0.2 63.7 671.7 ± 16.4 

of 45.6%. The CBAM mechanism does not yield relevant improvements, 
while still having an impact on inference speed, as further demonstrated 
by the combined action of both attention mechanisms.

As for the selected YOLOv11m baseline, the impacts of the addition 
of attention mechanisms resulted in a net degradation of performance 
both in terms of mAP and inference speed.

Therefore, for the task at hand, considering the specific in-lab 
dataset, it can be concluded that the insertion of attention mechanisms 
within YOLOv11m does not provide relevant improvements; therefore, 
the baseline YOLOv11m architecture can be used for the evaluation of 
the impacts of incremental learning in the next Section.

3.3. Impact of incremental learning

Table 4 reports the results achieved when the incremental learning 
was considered using YOLOv11m as the base architecture. The impact 
of using incremental learning is extremely interesting and can be quan

tified in three aspects. First, there is a noticeable improvement in terms 
of quantitative metrics, such as mAP@0.5 and F1 Score, of about 1.36
and 1.1%, respectively. Second, the inference speed is slightly improved 
when incremental learning is considered. Finally, results appear to be 
much more stable, given the significant reduction in variance shown.

3.4. Domain adaptation via fine-tuning

To demonstrate the capability of generalising between loosely cou

pled domains, the incremental model discussed in Section 3.3 was fine

tuned for domain adaptation and validated on the infield dataset. In 
other words, the richer feature representation learned from the exten

sive in-lab data was used as the basis for fine-tuning for the specific 
infield conditions.

After the fine-tuning process, the model was able to achieve 60.45%
precision, 56.67% recall, and 55.95 mAP@0.5 on the problem posed by 
the infield dataset, that is, the identification of ripe (red) and unripe 
(other) berries.

Some examples of the results are shown in Fig. 8. From the confusion 
matrix, shown in Fig. 11, it is clear that the model achieves 85.56% score 
of red berry identification with respect to the labelled ground truth, even 
if there is a relatively high number of background false positives.

4. Discussion

The experimental results described in Section 3 highlighted the pos

itive outcome of the proposed Incremental Learning over the standard 
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Fig. 8. Results achieved by using fine tuning for domain adaptation on the infield dataset with the best-performing incremental learning model. 

Fig. 9. Confusion matrix for the baseline experiment using YOLOv11x with high 
resolution.

training procedure for YOLOv11m. Still, it is worth discussing some in

teresting aspects which were revealed by the investigation.

4.1. Effectiveness of incremental learning

Let us start with the impact of Incremental Learning on the baseline 
model. It is important to underline that the baseline model is exposed, 
during training, to the whole training set. This implies that the model 
will be more likely to learn features which minimise loss on this set and, 
therefore, are able to capture generic relationships and characteristics 
within the data. While desirable, this effect may impact the decision 
capabilities of the model in certain specific situations, therefore, under

mining its global performance. This is also demonstrated, on the case 
at hand, by the high variability (±1.0%) demonstrated by the baseline 
model. The Incremental Learning process mitigates this effect, exposing 
the model only to a smaller, and possibly more cohesive, data sample 

Fig. 10. Confusion matrix for Incremental learning using YOLOv11m. 

at each incremental step. By using this solution, the model is able to 
provide more effective and stable predictions, resulting in an overall in

crease of the provided metrics in terms of value and stability. In other 
words, the Incremental Learning steps can be seen as successive fine

tunings of the model, allowing it to retain generalisation capabilities, 
but continuously improving its performance on smaller and less present 
details in some subsets of the dataset.

4.2. Applicability of attention mechanisms

Another counterintuitive yet critical finding is that the effective

ness of attention mechanics is strictly related to the capacity of the 
baseline model. In other words, the performance of the model with 
attention mechanisms is strictly related to the intrinsic capacities of 
its corresponding baseline. Specifically, for the smaller-density smaller 
YOLOv11s model, the insertion of attention mechanisms provides the 
most noticeable effects if compared to the larger YOLOv11m, following 
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Fig. 11. Confusion matrix for the infield dataset using fine-tuning for domain 
adaptation.

Fig. 12. Comparison of automated berry counting with ground-truth counting 
provided by farmers in different tomato plots, with plots d, m, h referring to San 
Marzano tomato variety, a, c, l to UC 82 and i, g, n to Mariner F1.

the established trend that attention provides more relevant improve

ments on smaller architectures [19,7]. This is also related to the higher 
number of parameters resulting from the insertion of attention layers, 
which would require a significantly higher number of data samples for 
effective training. However, the improvements provided by attention 
mechanisms to YOLOv11s are still not enough to outmatch the perfor

mance of unmodified YOLOv11m. Furthermore, attention mechanisms 
also cause severe penalties to inference speeds, undermining the appli

cability of the models in real-time settings. These aspects suggest that 
YOLOv11m represents, in its core version, a ``sweet spot'' for the task at 
hand, with an optimal model capacity for the specific experiment.

4.3. Domain adaptation and practical implications

Another relevant finding was the effectiveness of domain adaptation, 
which involved fine-tuning the model resulting from incremental learn

ing on the in-lab dataset to the infield context. The effectiveness of the 
adaptation, demonstrated by the mAP@0.5 score of 55.95% achieved 
despite the extremely limited size of the infield dataset, suggests the vi

ability of a two-stage adaptation pipeline, where models trained using 
Incremental Learning on a controlled context can adapt their weights via 

fine-tuning to loosely coupled settings, retaining robustness and avoid

ing large data gathering and labelling procedures to be taken directly on 
the field. The effectiveness is also demonstrated by Fig. 12, where the 
predictions made by the network after fine-tuning are compared against 
the ground truth manually counted by the experts. Interestingly, it can 
be seen that the network provides consistent results with manual count

ing, showing significant differences only in one case (plot 𝑑), implying 
some misbehaviour in the data collection or preprocessing procedure.

4.4. Limitations and drawbacks

Still, the experiments highlighted several shortcomings and chal

lenges which remain to be addressed. First, let us start by analysing the 
confusion matrix for the YOLOv11m baseline model, shown in Fig. 9, 
and compare it with the one for Incremental Learning, shown in Fig. 10. 
Let us recall that the matrix considered for object detection reports also 
background false positives, that is, detections which were not explicitly 
labelled by domain experts, as well as background false negatives, that 
is, labelled objects which were not identified by the network during 
the evaluation. When Incremental Learning is applied, correct predic

tions noticeably improve by 0.14% for fruit, 1.64% for flowers, and by 
1.49% for nodes. At the same time, the impact of background false nega

tives is reduced by 0.12% for fruit, 1.72% for flowers, and also by 1.72%
for nodes. Still, when background false positives are considered, a no

ticeable increment is in terms of flowers (2.02%), with a reduction of 
fruit (0.45%) and nodes (1.58%). While encouraging, the large number 
of background false positives is directly related to the aspects already 
described in Cardellicchio et al. [3], with the models yielding several 
background false positives for nodes, and significantly lower amounts 
for fruit and flowers. To discuss such effects, let us start with the follow

ing considerations for the labelling process.

• For fruit, most of the plants shown in the in-lab dataset were repre

sented during the growth stage; therefore, unripe berries were also 
visible, but not labelled by domain experts, as not deemed relevant 
in the phenotypical analysis.

• For nodes, most of the labels provided by domain experts were on 
the main stem, at this was the most important aspect identified by 
domain experts.

• For flowers, most of the items were extremely small and easily 
missed during labelling.

Given these starting points, it was clear how a large part of the back

ground positives could be qualitatively explained as follows.

• As for fruit, the model identified many unripe berries.

• As for nodes, the model identified many of them on secondary 
stems.

• As for flowers, the model was able to identify small flowers which 
domain experts missed during labelling.

These three effects are mainly related to the fact that all these mod

els use only visual information to provide localisation and classification. 
That is, there is no topological or contextual information which al

lows the model to distinguish between nodes on the primary or on the 
secondary stems, for example. Of these three effects, only the third is 
desirable from the phenotypical perspective, as the model is overcom

ing the limitations provided by the eye of the human expert. As for the 
other two, they add noise to the achieved results; therefore, future itera

tions of the model should deal with this issue, for example, by inserting 
topological information on the structure of the plants, thus allowing a 
proper processing pipeline to select only nodes on the main stem.

Smart Agricultural Technology 12 (2025) 101324 

10 



A. Cardellicchio, V. Renò, F. Cellini et al. 

Fig. 13. Class Activation Maps of the backbone computed using EigenCAM. Each row represents a specific image, while each column represents the CAMs extracted 
from a certain layer. Specifically, the first column represents the CAMs extracted from the second convolution layer, the second column the CAMs from the first C3K2 
layer, while the third and the fourth columns represent the CAMs extracted from the latest convolution and C3K2 layers, respectively. These CAMs were extracted 
for the baseline version of YOLOv11x.

4.5. Results interpretability

To properly highlight the decisions provided by the model, the class 
activation maps achieved via EigenCAM were used to visualise parts of 
the image considered by the model in performing its decisions. Specif

ically, the activation maps were extracted from the two initial C3K2 
layers of the backbone to assess the evolution of the gradients during 
the first stages of feature detection and the latest C3K2 layers of the 
neck, after feature fusion, and immediately before feeding the detec

tion head. Three specific samples were selected according to the density 
and the growth stage of the plant, specifically, an adult plant with high 
density of phenotypical traits (Figs. 13-15, first row), a medium den

sity (Figs. 13-15, second row), and a low density (Figs. 13-15, third 
row). The results were evaluated for the baseline model of YOLOv11m 
(Fig. 13), the Incremental Learning mode for YOLOv11m at its first it
eration (Fig. 14), and the Incremental Learning mode at the end of the 
final increment (Fig. 15). Let us start by evaluating the baseline model, 
as in Fig. 13. In this case, the network starts without any relevant infor

mation for object detection, and tends to focus its attention on the table 
(first column) and, immediately after, on the most relevant edges. Then, 
after feature fusion, the network shows varying behaviours: it focuses 
on the background in the case of medium and high phenotypical traits, 
and on the support in the case of low phenotypical traits. This suggests 
less reliability of the network, which may often focus on non-relevant 
patches of the image. When incremental learning is involved, the net

work starts immediately by focusing on edges, probably due to the lack 
of information concerning the support in the background. Then, after 
feature fusion, the network shifts its attention to the relevant part of the 
image, regardless of the density, as shown in Fig. 14. Finally, when the 
overall Incremental Learning procedure is complete, the network shows 
the immediate capability of shifting its focus from the background, look

ing for the overall context of the image, to the relevant object, already in 
the first backbone layers. Then, as in the initial step, it shifts its attention 
to relevant phenotypical traits, including also, in this case, a stronger fo

cus on the supporting table, which is, however, not considered during 
detection. This suggests that the Incremental Learning procedure forces 
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Fig. 14. Class Activation Maps of the backbone computed using EigenCAM. Each row represents a specific image, while each column represents the CAMs extracted 
from a certain layer. Specifically, the first column represents the CAMs extracted from the second convolution layer, the second column the CAMs from the first C3K2 
layer, while the third and the fourth columns represent the CAMs extracted from the latest convolution and C3K2 layers, respectively. These CAMs were extracted 
for the initial step of the federated version of YOLOv11m.

the network to focus on relevant details even in early iterations, and 
forces it to provide a more effective representation of the sample under 
investigation.

5. Conclusions and future works

This work proposed a refined Incremental Learning strategy for plant 
phenotyping in tomato crops. Specifically, the work highlighted how the 
YOLOv11m single-stage object detector outperforms the other members 
of its family, thus providing a sweet spot for the task at hand. Further

more, it was demonstrated how the insertion of attention mechanisms 
may not always provide improved results, as these are highly dependent 
on the density of the original model and the overall extension of the 
dataset. To provide more robust performance, the Incremental Learn

ing strategy was applied to the baseline YOLOv11m model, achieving 
relevant improvements in both quantitative metrics, with an increase 
of 1.36% in terms of mAP@0.5, and 1.2% in terms of F1 score, and 
computing efficiency, with a reduction of 19 ms in inference speed. 

Domain adaptation was also demonstrated on small datasets by using 
fine-tuning.

Several limitations still remain, mainly due to the dataset itself. First, 
current labelling shows flaws, specifically in the infield dataset, which 
produces a high number of background false positives. This should be 
properly addressed in future versions. Furthermore, it is important to 
underline how the limited cardinality of even the in-lab dataset under

mines the applicability of attention mechanisms. Finally, to provide a 
proper integration of attention mechanism in an effective fashion, fur

ther and more extensive modifications to the base networks should be 
proposed, optimising the computational load and the number of pa

rameters to allow the network to improve achieved results while still 
retaining competitive quantitative performance.

Overall, this work provides a robust proposal based on Incremental 
Learning to improve the effectiveness of baseline models, which could 
be potentially applied even to other unrelated fields, and yield practical 
advancements in the application of deep learning object detectors in 
plant phenotyping.
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Fig. 15. Class Activation Maps of the backbone computed using EigenCAM. Each row represents a specific image, while each column represents the CAMs extracted 
from a certain layer. Specifically, the first column represents the CAMs extracted from the second convolution layer, the second column the CAMs from the first C3K2 
layer, while the third and the fourth columns represent the CAMs extracted from the latest convolution and C3K2 layers, respectively. These CAMs were extracted 
for the last fine-tuned step of the Incremental Learning version of YOLOv11m.
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Appendix A. Experimental report

In this Appendix, a full report of the performed experiments is pro

vided. Each result, apart from F1 scores, is reported as the arithmetic 
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Table A.5

Full baseline results for detection accuracy (mAP scores) and 
inference speed.

Model mAP@0.5 (%) mAP@.5-.95 (%) Speed (ms) 
v5n 52.10 ± 0.21 17.93 ± 0.06 166.0 ± 15.3 
v5s 56.85 ± 0.17 20.50 ± 0.07 299.9 ± 12.7 
v5m 55.77 ± 0.45 20.15 ± 0.30 581.2 ± 23.8 
v5l 56.44 ± 0.42 20.42 ± 0.34 1057.0 ± 55.0 
v5x 54.98 ± 0.46 19.73 ± 0.18 1718.1 ± 34.8 
v8n 53.27 ± 0.17 18.74 ± 0.10 165.8 ± 23.9 
v8s 57.25 ± 0.42 20.22 ± 0.10 285.6 ± 20.6 
v8m 57.28 ± 0.29 20.83 ± 0.20 652.8 ± 36.9 
v8l 58.04 ± 0.13 21.09 ± 0.19 1163.9 ± 2.3 
v8x 56.91 ± 0.34 20.06 ± 0.28 1823.4 ± 103.3 
v11n 52.11 ± 0.30 18.10 ± 0.19 168.8 ± 32.4 
v11s 55.82 ± 0.36 19.54 ± 0.15 291.3 ± 8.5 
v11m 58.70 ± 0.96 21.51 ± 0.42 690.6 ± 45.5 
v11l 56.20 ± 0.64 20.07 ± 0.23 875.6 ± 65.9 
v11x 57.30 ± 0.60 20.71 ± 0.28 1564.1 ± 21.8 

Table A.6

Full baseline results for classification metrics (Precision, 
Recall, F1 Score).

Model Precision (%) Recall (%) F1 Score (%) 
v5n 57.51 ± 0.25 56.62 ± 0.21 57.05 
v5s 60.15 ± 0.54 60.23 ± 0.45 60.19 
v5m 60.40 ± 0.51 60.09 ± 0.55 60.22 
v5l 60.90 ± 1.09 60.72 ± 0.53 60.81 
v5x 60.31 ± 0.28 60.57 ± 0.64 60.44 
v8n 58.58 ± 0.56 57.22 ± 0.18 57.89 
v8s 63.83 ± 0.86 58.94 ± 0.28 61.26 
v8m 62.14 ± 0.49 61.63 ± 0.38 61.89 
v8l 62.40 ± 0.29 61.40 ± 0.09 61.90 
v8x 61.93 ± 0.73 62.52 ± 0.55 62.22 
v11n 56.45 ± 0.35 57.69 ± 0.41 57.06 
v11s 59.45 ± 0.50 60.99 ± 0.69 60.21 
v11m 62.31 ± 1.24 63.00 ± 0.63 62.64 
v11l 61.46 ± 0.68 60.42 ± 0.81 60.90 
v11x 61.04 ± 1.07 61.45 ± 0.38 61.24 

Table A.7

Full results for models with CBAM attention, showing detection accuracy 
(mAP scores) and inference speed.

Model mAP@0.5 (%) mAP@0.5-0.95 (%) Speed (ms, CPU) 
v5n+CBAM 53.59 ± 0.13 18.58 ± 0.08 223.1 ± 3.9 
v5s+CBAM 57.39 ± 0.34 20.74 ± 0.16 529.1 ± 51.9 
v5m+CBAM 56.88 ± 0.09 20.70 ± 0.06 1197.1 ± 68.9 
v5l+CBAM 56.86 ± 0.17 21.05 ± 0.08 1823.1 ± 54.3 
v5x+CBAM 54.45 ± 0.66 19.16 ± 0.37 3232.2 ± 202.0 
v8n+CBAM 55.31 ± 0.13 19.80 ± 0.03 308.1 ± 46.8 
v8s+CBAM 58.05 ± 0.16 21.48 ± 0.12 738.2 ± 60.3 
v8m+CBAM 58.11 ± 0.44 21.25 ± 0.08 1529.5 ± 75.9 
v8l+CBAM 56.14 ± 0.42 20.14 ± 0.19 2841.4 ± 178.4 
v8x+CBAM 54.89 ± 0.30 19.34 ± 0.16 4144.4 ± 66.8 
v11n+CBAM 54.35 ± 0.89 19.18 ± 0.23 213.7 ± 47.7 
v11s+CBAM 55.84 ± 0.41 20.12 ± 0.22 527.6 ± 52.6 
v11m+CBAM 58.20 ± 0.14 21.49 ± 0.24 1450.6 ± 52.4 
v11l+CBAM 56.69 ± 0.34 20.73 ± 0.25 1722.0 ± 57.9 
v11x+CBAM 56.54 ± 0.59 20.76 ± 0.22 3190.1 ± 64.4 

mean ± standard deviation from 3 independent training runs. (See Ta

bles A.5--A.12.)

Table A.8

Full results for models with CBAM attention, showing classifi

cation metrics (Precision, Recall, F1 Score).

Model Precision (%) Recall (%) F1 Score (%) 
v5n+CBAM 58.72 ± 0.39 57.11 ± 0.47 57.89 
v5s+CBAM 61.72 ± 0.68 59.81 ± 0.29 60.74 
v5m+CBAM 61.37 ± 0.52 60.03 ± 0.26 60.68 
v5l+CBAM 61.30 ± 0.50 61.30 ± 0.12 61.30 
v5x+CBAM 60.12 ± 0.30 60.89 ± 0.67 60.50 
v8n+CBAM 60.52 ± 0.50 58.15 ± 0.25 59.30 
v8s+CBAM 61.75 ± 0.69 60.84 ± 0.11 61.29 
v8m+CBAM 64.08 ± 0.94 61.54 ± 0.43 62.77 
v8l+CBAM 60.78 ± 0.85 60.72 ± 1.06 60.74 
v8x+CBAM 61.24 ± 0.95 59.97 ± 0.45 60.59 
v11n+CBAM 60.20 ± 1.17 57.81 ± 0.34 58.96 
v11s+CBAM 59.89 ± 0.55 60.53 ± 0.36 60.20 
v11m+CBAM 61.30 ± 0.72 63.32 ± 0.81 62.24 
v11l+CBAM 60.12 ± 0.55 61.29 ± 0.77 60.70 
v11x+CBAM 60.18 ± 0.30 62.30 ± 0.18 61.21 

Table A.9

Full results for models with SA attention, showing detection accuracy 
(mAP scores) and inference speed.

Model mAP@0.5 (%) mAP@0.5-0.95 (%) Speed (ms, CPU) 
v5n+SA 50.19 ± 0.43 17.28 ± 0.17 169.4 ± 18.8 
v5s+SA 55.43 ± 0.34 19.82 ± 0.14 336.9 ± 24.2 
v5m+SA 57.24 ± 0.35 20.29 ± 0.26 738.0 ± 24.6 
v5l+SA 57.31 ± 0.32 20.46 ± 0.16 1381.0 ± 2.4 
v5x+SA 55.78 ± 0.23 19.90 ± 0.13 2274.3 ± 149.4 
v8n+SA 55.59 ± 0.21 19.73 ± 0.06 240.0 ± 34.8 
v8s+SA 57.11 ± 0.11 20.57 ± 0.11 633.6 ± 33.8 
v8m+SA 56.46 ± 0.30 20.52 ± 0.24 1365.3 ± 16.9 
v8l+SA 57.29 ± 0.65 20.73 ± 0.32 2230.9 ± 208.7 
v8x+SA 56.66 ± 0.11 19.62 ± 0.07 3620.6 ± 53.1 
v11n+SA 53.65 ± 0.49 18.63 ± 0.13 177.7 ± 7.7 
v11s+SA 57.42 ± 0.75 21.12 ± 0.46 424.0 ± 24.1 
v11m+SA 58.00 ± 0.58 21.27 ± 0.21 1190.7 ± 54.0 
v11l+SA 56.76 ± 0.22 20.91 ± 0.15 1484.4 ± 155.1 
v11x+SA 56.26 ± 0.19 20.57 ± 0.21 2520.0 ± 42.9 

Table A.10

Full results for models with SA attention, showing classifi

cation metrics (Precision, Recall, F1 Score).

Model Precision (%) Recall (%) F1 Score (%) 
v5n+SA 55.35 ± 0.14 55.57 ± 0.61 55.46 
v5s+SA 60.56 ± 0.23 58.91 ± 0.51 59.72 
v5m+SA 60.55 ± 0.34 60.29 ± 0.60 60.42 
v5l+SA 62.00 ± 0.39 61.75 ± 0.42 61.87 
v5x+SA 60.91 ± 0.14 61.34 ± 0.52 61.12 
v8n+SA 60.72 ± 0.58 58.64 ± 0.21 59.65 
v8s+SA 61.01 ± 0.44 61.33 ± 0.24 61.17 
v8m+SA 59.61 ± 0.49 61.82 ± 0.21 60.68 
v8l+SA 61.56 ± 0.75 63.19 ± 0.50 62.36 
v8x+SA 62.13 ± 0.19 63.09 ± 0.23 62.60 
v11n+SA 58.06 ± 0.44 57.32 ± 0.55 57.72 
v11s+SA 61.71 ± 1.23 60.80 ± 0.32 61.26 
v11m+SA 61.61 ± 0.81 62.62 ± 0.42 62.11 
v11l+SA 60.73 ± 0.70 61.35 ± 0.70 61.06 
v11x+SA 61.19 ± 0.60 61.72 ± 0.61 61.42 
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Table A.11

Full results for models with combined CBAM & SA attention, showing detec

tion accuracy (mAP scores) and inference speed.

Model mAP@0.5 (%) mAP@0.5-0.95 (%) Speed (ms, CPU) 
v5n+CBAM&SA 52.46 ± 0.34 18.29 ± 0.13 198.3 ± 13.9 
v5s+CBAM&SA 57.40 ± 0.44 20.67 ± 0.17 487.2 ± 17.3 
v5m+CBAM&SA 56.76 ± 0.45 20.37 ± 0.17 1270.1 ± 35.7 
v5l+CBAM&SA 57.19 ± 0.26 20.61 ± 0.14 1392.2 ± 38.6 
v5x+CBAM&SA 57.06 ± 0.22 20.57 ± 0.22 2854.1 ± 173.2 
v8n+CBAM&SA 52.46 ± 0.34 18.29 ± 0.13 198.3 ± 13.9 
v8s+CBAM&SA 57.40 ± 0.44 20.67 ± 0.17 487.2 ± 17.3 
v8m+CBAM&SA 56.76 ± 0.45 20.37 ± 0.17 1270.1 ± 35.7 
v8l+CBAM&SA 57.19 ± 0.26 20.61 ± 0.14 1392.2 ± 38.6 
v8x+CBAM&SA 57.06 ± 0.22 20.57 ± 0.22 2854.1 ± 173.2 
v11n+CBAM&SA 53.67 ± 0.63 18.80 ± 0.33 198.3 ± 13.9 
v11s+CBAM&SA 57.35 ± 0.79 20.58 ± 0.37 487.2 ± 17.3 
v11m+CBAM&SA 57.95 ± 0.20 21.20 ± 0.10 1270.1 ± 35.7 
v11l+CBAM&SA 56.96 ± 0.66 20.75 ± 0.27 1392.2 ± 38.6 
v11x+CBAM&SA 55.47 ± 0.64 20.40 ± 0.29 2854.1 ± 173.2 

Table A.12

Full results for models with combined CBAM & SA attention, show

ing classification metrics (Precision, Recall, F1 Score).

Model Precision (%) Recall (%) F1 Score (%) 
v5n+CBAM&SA 56.41 ± 0.50 57.28 ± 0.28 56.84 
v5s+CBAM&SA 60.51 ± 0.41 61.32 ± 0.47 60.91 
v5m+CBAM&SA 59.90 ± 0.50 61.30 ± 0.36 60.59 
v5l+CBAM&SA 60.91 ± 0.48 61.52 ± 0.51 61.21 
v5x+CBAM&SA 60.65 ± 0.35 61.78 ± 0.29 61.21 
v8n+CBAM&SA 56.41 ± 0.50 57.28 ± 0.28 56.84 
v8s+CBAM&SA 60.51 ± 0.41 61.32 ± 0.47 60.91 
v8m+CBAM&SA 59.90 ± 0.50 61.30 ± 0.36 60.59 
v8l+CBAM&SA 60.91 ± 0.48 61.52 ± 0.51 61.21 
v8x+CBAM&SA 60.65 ± 0.35 61.78 ± 0.29 61.21 
v11n+CBAM&SA 57.75 ± 1.37 57.79 ± 0.27 57.77 
v11s+CBAM&SA 60.45 ± 0.96 60.72 ± 0.26 60.58 
v11m+CBAM&SA 61.58 ± 0.37 61.84 ± 0.40 61.71 
v11l+CBAM&SA 61.96 ± 0.74 61.35 ± 0.23 61.65 
v11x+CBAM&SA 59.55 ± 0.23 61.47 ± 0.71 60.48 

Data availability

It is important to underline that one of the most relevant limita

tions of the current works in the research community is the possibility 
of performing a thorough comparison between a proposal and other 
state-of-the-art models. This is mainly related to an extremely important 
aspect, that is, the need to provide access to the dataset used for the eval

uation, along with the need to provide access to the models proposed 
for the advancement, which some authors cannot provide for copyright 
issues [4]. For this reason, several works propose ablation tests and com

parisons with baseline models [22], highlighting the improvements in 
those terms. In this work, the authors decided to provide a similar per

spective while discussing the achieved results; however, to allow other 
researchers to reproduce their results and provide transparency, they 
will make their dataset and trained models available upon request by 
the scientific community.
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