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Abstract

The detection of plant constituents is a crucial issue in precision agriculture, as monitoring
these enables the automatic analysis of factors such as growth rate, health status, and
crop yield. Tomatoes (Solanum sp.) are an economically and nutritionally important
crop in Mexico and worldwide, which is why automatic monitoring of these plants is of
great interest. Detecting leaves on images of outdoor tomato plants is challenging due
to the significant variability in the visual appearance of leaves. Factors like overlapping
leaves, variations in lighting, and environmental conditions further complicate the task of
detection. This paper proposes modifications to the Yolov11n architecture to improve the
detection of tomato leaves in images of complex outdoor environments by incorporating
attention modules, transformers, and WIoUv3 loss for bounding box regression. The results
show that our proposal led to a 26.75% decrease in the number of parameters and a 7.94%
decrease in the number of FLOPs compared with the original version of Yolov11n. Our
proposed model outperformed Yolov11n and Yolov12n architectures in recall, F1-measure,
and mAP@50 metrics.

Keywords: object detection; tomato plant leaves; deep learning; convolutional neural
network; attention mechanism

MSC: 68T07

1. Introduction
The introduction of artificial intelligence in agriculture has revolutionized the way

problems are solved. Due to its ability to learn hierarchical representations of data, deep
learning (DL) is the most suitable technique for developing computer vision systems with
high performance and reliability, even on data very different from those used in training [1].
Detection and segmentation are fundamental tools in many vision systems [2]. An object
detector identifies and categorizes specific regions of pixels within the image, assigning
a class label to each object and drawing a box that encloses it. Segmentation classifies
each image pixel (considering features such as color, texture, and shape) and groups them
according to their class.

Detecting and counting leaves in RGB images is essential in precision agriculture (PA),
because it indicates the growth rate, health status, and crop yield of plants. Automated
detection and count reduce the need for manual inspections, which are costly and time-
consuming in extensive agricultural areas. We aimed to detect tomato (Solanum sp.) plant
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leaves in RGB images captured in uncontrolled conditions. Tomato plants have compound
leaves that vary in shape and size depending on the genetic characteristics of the variety
and the growing conditions. Each leaf has seven to nine leaflets, measuring 4 to 60 mm in
length and 3 to 40 mm in width. Generally, they are green in color, glandular pubescent on
the upper surface, and exhibit an ashen appearance on the underside [3].

Mexico is the world’s leading supplier of tomatoes, holding a 25.11% share of the
international market in terms of the value of global exports. In 2016, Mexican tomatoes
accounted for 90.67% of imports to the United States and 65.31% to Canada, contributing
3.46% to the gross domestic product (GDP). By 2030, global demand is estimated to in-
crease from 8.92 to 11.78 million metric tons, representing a cumulative growth of 32.10%.
Meanwhile, national tomato production may increase from 3.35 to 7.56 million metric tons,
yielding a cumulative increase of 125.80% [4].

Various DL models based on semantic segmentation have been used to determine leaf
regions. The images used in these works typically contain a single dominant leaf. A person
using a cell phone carefully captures an image of the leaf with a uniform background for
easy analysis [5–7], or the background may be complex [8]. However, when the camera
is handheld or mounted on a robot, semantic segmentation is no longer helpful, and we
must resort to instance-based segmentation, as the images contain different numbers and
types of leaves [9,10]. Nevertheless, we do not always require precise leaf segmentation
and only need the leaf’s location in the image. Object detection may be more appropriate
for robotic localization and inspection, as well as for monitoring systems and mobile device
applications in greenhouse and open-field growing environments.

Object detection is faster than semantic or instance-based segmentation, which makes
it ideal for real-time applications. In addition, image labeling for object detection is more
straightforward, as it involves only setting bounding boxes around objects, and there is
no need to apply a mask per object. Likewise, object detection could be the first stage of a
process to segment each leaf quickly and efficiently, thus avoiding the segmentation of the
entire image and generating a more accurate extraction of the leaf [11].

Images of leaves captured in real-world situations can be affected by changes in camera
pose, variability in illumination, and variations in the size, shape, and texture of the leaves.
Images may include several leaves overlapping and under different focuses or may contain
other background objects like weeds, soil, fruits, and branches. Table 1 lists the challenges
of detecting tomato leaves in images: [12–17]. In each case, we show the regions of interest
predicted (red boxes) by an object detector, which could be true positives, false positives, or
false negatives.

Table 1. Challenges in detecting plant leaves in uncontrolled environments.

Category Examples

Different tomato leaf shapes,
colors, and textures textures 

 



Mathematics 2025, 13, 2338 3 of 22

Table 1. Cont.

Category Examples

Green tomatoes

   

Densely overlapping

   

Insects

 

 

 

Green artificial objects
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This paper focuses on detecting tomato plant leaves using RGB images as a general
approach, which requires locating each complete leaf with bounding boxes without em-
phasizing plant pathological diseases or physiological disorders (such as environmental,
nutritional, or physical factors). The main contributions of this paper are as follows:

• An object detection model based on Yolov11n [18] is presented, incorporating attention
and transformer modules to detect leaves of tomato (Solanum sp.) plants in RGB
images. We generated a model with fewer trainable parameters and FLOPs (floating-
point operations per second), improving its performance compared with the original
Yolov11n and Yolov12n [19].

• A dataset of images of tomato plants obtained from various sources, with their respec-
tive ground truth (labels for leaf detection).

• A qualitative and quantitative evaluation of leaf images collected from the Inter-
net featuring various environments, changes in illumination, camera types and
poses, and conditions of the leaves (including spider webs, insects, diseases, and
partial occlusions).

The paper consists of the following sections: Section 2 reviews related work, Section 3
describes the proposed architecture, Section 4 presents an experimental evaluation, Section 5
draws a discussion, and Section 6 presents conclusions.

2. Related Work
Object detection in plant images using deep learning has been employed for various

purposes. For example, Miao et al. [20] detected the tips of leaves to determine the numbers
of leaves on maize and sorghum plants and to classify them as damaged or undamaged.
Hayati et al. [21] detected tip-burn stress in lettuce grown indoors, enabling the administra-
tion of quick treatment. Cho et al. [22] used a ground robot to detect flowers and branching
points by analyzing RGB and depth images to obtain plant growth indicators. Shu et al. [23]
detected polygonal regions of corn leaf areas infected by pests, with a special emphasis on
tiny areas. Hirahara et al. [24] estimated the distances between plant shoots in grape crops
in images captured both during the day and at night. All these studies demonstrate the
importance of object detection in plant development analysis, including the identification
of patterns associated with growth and the early detection of diseases. In contrast, our
state-of-the-art study focuses solely on detecting whole leaves.

Researchers generally categorize deep neural networks for object detection into two-
stage and one-stage models. Two-stage models divide the detection task into region
proposal and classification, resulting in higher accuracy at the cost of double processing.
In contrast, one-stage models perform these processes in a single step, allowing their use
in real time in resource-constrained device applications, albeit at the expense of accuracy.
Excellent reviews of state-of-the-art object detection for agriculture in general can be found
in the literature [25–27]. Both types of models have been used to detect leaves in images.
The most relevant related papers are outlined below, organized according to the previously
defined categories.

2.1. Two-Stage Models

In the two-stage models, Zhang et al. [28] used a Faster R-CNN to detect healthy
and diseased tomato leaves. They performed k-means clustering to determine the anchor
sizes and tested different residual networks as the backbone. The authors took the images
under laboratory conditions, with only one leaf per image. Wang et al. [29] also used a
modified Faster R-CNN model with a convolutional block attention mechanism and a
region-proposal network module to detect densely overlapping sweet potato leaves. The
attention mechanism enabled the extraction of highly relevant features from leaves by
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merging spatial and cross-channel information. In contrast, the region-proposal mechanism
reduced false detections, especially in cases with densely distributed leaves. Despite
improvements made to the original network, the model continued to produce many false
positives due to the presence of leaves with severe occlusions, and because the young
leaves of the plant of interest were very similar in size and appearance to weeds.

2.2. One-Stage Models

Many studies focus on designing models for leaf detection that consider feature extrac-
tion at multiple resolutions, since plants can be at different stages of growth. Lu et al. [30]
used the CenterNet network structure and adapted CBAM attention modules and ASPP
modules to detect rosette-shaped plant leaves grown in greenhouses. Although this model
can deal with plants of different ages and leaves of various sizes, the plant images lack
complex backgrounds, varied camera angles, and variable lighting conditions. Xu et al. [31]
proposed a vision system for estimating maize yield based on counting plant leaf growth
in the field using drone images. They first segmented the background plant using a Mask
R-CNN, and then the segmented image was passed to a one-stage model to detect and
count the leaves. They categorized the leaves into two classes: fully unfolded leaves and
newly emerged leaves, showing poor performance on the newly emerged leaves because
they were small regions of the image. The authors excluded cases of folded corn leaves
from their analysis and used only nadir imagery. Using a specific model for segmentation
and another for localization allowed the efficient detection of maize leaves. However, this
strategy requires more computational resources to be put into production.

The idea of integrating neural networks from the Yolo family with transformers has
gained considerable interest. Li et al. [32] detected sweet potato leaves in field conditions
by enhancing the Yolov5 neural network with the addition of two types of transformer
blocks, namely the Vision Transformer and Swin Transformer, which enabled combining
local and global features to improve detection accuracy. The authors considered different
heights at which the plants were captured, but they always maintained a zenith angle of
the camera. He et al. [33] detected maize plant leaves to compute the leaf azimuth angle as
a means of improving crop yield through aerial top-view images. The authors also used the
Yolov5 model as a basis, to which they added a Swin Transformer, successfully detecting
maize leaves with oriented bounding boxes under field conditions. We selected Yolov11n
as our base model because it has demonstrated better performance with fewer parameters
than Yolov5. In our case, we used horizontal bounding boxes because tomato leaves do not
have an elongated shape.

Single-stage models are the ideal choice for developing applications that require real-
time operation. Ning et al. [34] improved the Yolov8 model to detect and count corn leaves.
The authors replaced the backbone of Yolov8 with a StarNet network and a CAFM fusion
module to combine local information obtained by convolutions and spatial information
generated by global attention mechanisms. A StarBlock module was also incorporated into
the neck section, and a lightweight shared convolutional detection header was used in the
final section of the network. Despite its inference speed and good performance, the model
was tested only with plants in indoor environments.

Currently, there is a trend toward using transformer elements to design architectures
for object detection in agriculture, such as detecting buds [35], fruit ripeness [36], or
entire weed plants [37]. However, we did not find any articles that described using this
type of neural network specifically for leaf detection. In general, the most representative
transformer-based architectures are RT-DETR [38], Yolo-world [39], and Yolov12. The
RT-DETR model uses a CNN as a backbone for feature extraction and a transformer-based
encoder-decoder to capture global context for real-time object detection. The smallest
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version of RT-DETR (R18) has 20 M trainable parameters and a count of 60 GFLOPS for
inference. Meanwhile, Yolov11n has only 2.6 M parameters and runs at 6.3 GFLOPS, making
this model 10 times lighter than the R18 version. Yolo-world is an open-vocabulary real-
time object detector that allows textual descriptions to be merged with the visual features
extracted by Yolov8. It can also specify new classes using text without retraining the
model. However, Yolo-world’s performance depends heavily on the quality of the prompts.
Yolov12 is the latest version of the Yolo’s family, which primarily incorporates an attention
mechanism to speed up the detection process, even more so than RT-DETR models.

3. The Proposed Architecture
This section presents the modifications made to the Yolov11n [12] network to reduce

the model size and address issues in leaf detection using plant images captured in uncon-
trolled natural environments. We decided to use Yolov11n as our base model because it
is an optimized version of version 8 that replaces the C2f modules with C3k2 modules,
which improve feature refinement at a lower computational cost, making it suitable for
implementation on devices with limited hardware resources.

3.1. Deep Learning Architecture for Detecting Tomato Plant Leaves

We adopted two MobileViT [40] architecture blocks: MobileNetv2 (MV2) and Mobile-
ViT. The original MV2 block extracts features with lower computational costs due to the
use of depthwise separable convolution and inverted residuals. In addition, similar to
previous research [23], we integrated a convolutional block attention module (CBAM) [41]
into this block; this improves the intermediate feature map through spatial and channel
attention submodules, thereby enhancing the inference of the convolutional neural network.
CBAM is a special attention module for feed-forward convolutional neural networks that
are easily integrable, lightweight, and end-to-end trainable. All other MV2 modules were
preserved. In the case of tomato leaf detection in complex environments, the channel
attention module analyzes each input channel, representing the extracted features (e.g.,
color, texture, shape). It prioritizes the most relevant channels to discriminate the leaf
regions from the background and among themselves. The spatial attention module enables
the detection of leaves regardless of their distribution or apparent size in the image.

The original MobileViT block integrates convolutional operations with a transformer
block containing self-attention layers and feed-forward modules to calculate local spatial
relationships, learn global spatial correlations, and generate more complex features. We
removed the first convolutional layer from this block, which used 3 × 3 filters, leaving two
convolutional layers of 1 × 1 filters before and after the transformer. This modification
reduced the number of training parameters by eliminating the need to calculate local
spatial relationships from the start. We observed that, although local dependencies were
not initially modeled, the performance of the architecture was not compromised; however,
the computational cost was significantly reduced. The 1 × 1 convolutional layers were
maintained to reduce the computational load on the transformer and subsequent modules.
The resulting feature map is concatenated with the input map and passed to a 3 × 3
convolutional layer to finally consider local spatial relationships. Figure 1 shows the
modified versions of the MV2 and MobileViT blocks used in our proposal. The words in the
figure represent the following abbreviations: ch_in: input channel, ch_out: output channel,
s: stride, L: number of stacking transformer blocks, d: latent vector size, P: resolution of
each image patch, and ks: kernel size.
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(a) MV2 (modified)  (b) MobileViT (modified) 

Figure 1. Blocks proposed for inclusion in the Yolov11n network: (a) MV2 (modified); (b) MobileViT
(modified).

We placed the two modified blocks in the last layers of the Yolov11n backbone, the first
part of the neural network, contributing to refining the spatial features of the maps (MV2)
and merging local and global characteristics (MobileViT) to improve the performance of
the original model in the object detection task. Figure 2 illustrates the modifications made
to the backbone of the Yolov11n network, where the input feature maps’ sizes of each layer
are also specified.

 
(a) Original backbone  (b) Modified backbone 

Figure 2. Changes made to the backbone structure of Yolov11n: (a) original backbone; (b) modified
backbone. The arrows pointing to the right make connections to the neck part of the network, which
is not shown because we have not modified the neck or head sections.
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Table 2 presents the main differences between the original and modified modules in
the backbone section of the Yolov11n network. The changes made consisted of replacing a
Conv layer with an MV2 block, a C3K2 layer with a MobileViT block, and a C2PSA layer
with another MobileViT block. As a result, the number of trainable parameters has been
reduced by 65.34%, and the number of MFLOPs is decreased by 63.56%.

Table 2. Main changes made to the Yolov11n network.

Index and
Location

Original Yolov11n Modified Yolov11n

Module Nb. of Parameters FLOPs(M) New Module Nb. of Parameters FLOPs(M)

7 (Backbone) Conv 295,424 49.92 MV2 34,658 3.10
8 (Backbone) C3k2 346,112 58.49 MobileViT 83,648 17.85

10 (Backbone) C2PSA 249,728 47.68 MobileViT 190,656 35.94

Total 891,264 156.09 308,962 56.89

3.2. Replacement of the Loss Function

The original Yolov11n version uses distribution focal loss (DFL) and complete inter-
section over union (CIoU) loss functions during training, which evaluate the precision of
detecting the object of interest in the image. DFL allows handling the coordinates of the
bounding boxes as discrete distributions. DFL calculates the discrepancies between the
predicted and target distributions, significantly improving inference coordinates. On the
other hand, CIoU uses the distance between the centroids, the overlap, and the aspect ratio
of the bounding boxes to mitigate issues associated with the detection task.

The images from our study primarily consider complex scenarios where multiple
bounding boxes overlap due to dense clusters of leaves, which negatively impact the
training and performance of the model in locating targets. Figure 3 shows an image
containing a plant with numerous leaves, resulting in significant overlap between the
different bounding boxes being adjusted to fit each leaf. The areas with a more saturated
yellow color indicate instances that are more difficult to detect due to the presence of other
bounding boxes in the same image area. For this reason, we replaced the CIoU function
with WIoUv3 [42], an improved version of wise intersection over union (WIoU) [43]. The
WIoU loss dynamically adjusts the weights of the different components (distance, overlap,
and aspect ratio), thereby better adapting to the characteristics of the dataset and dealing
with the challenges of both large and small objects as well as low-quality labeled instances.
Unlike WIoUv1, the WIoUv3 metric incorporates a non-monotonic focal coefficient β.
The WIoUv3 loss focuses on quantifying the quality of anchor boxes, helping the model
to focus more on anchor boxes of ordinary quality. The WIoUv3 function is defined in
Equations (1)–(3). The WIoUv1 function is explicitly stated in Equations (4) through (6).
Figure 4 illustrates the variables required to calculate Equation (5).

LWIoUv3 = r × LWIoUv1 (1)

r =
β

δαβ−δ
(2)

β =
L*

IoU

LIoU
∈ [0,+∞) (3)

LWIoUv1 = RWIoU × LIoU (4)

RWIoU = exp


(

bgt
cx − bcx

)2
+

(
bgt

cy − bcy

)2(
(cw)

2 + (ch)
2
)

 (5)
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LIoU = 1 − IoU (6)

Figure 3. Overlapping bounding boxes occur when there are groups of leaves in the same image. The
bounding boxes with intense yellow tone areas are the most difficult to detect as they include parts of
other leaves.

Figure 4. Main variables used in the computation of WIoUv1: the smallest enclosing box (red dotted
box), and the distance between the ground truth and predicted bounding boxes’ centroids (blue line).

4. Experimental Evaluation
This section presents the analyzed dataset, an ablation study to demonstrate the

performance of the proposed model, and quantitative and qualitative analysis. We also
present cases where the models still performed poorly.

4.1. Dataset Creation

The PlantVillage dataset is one of the most popular datasets used in precision agricul-
ture for leaf classification and detection, due to its extensive collection of images of different
plant species, labeling, and accessibility. However, all its leaf images were captured indoors
under controlled lighting and background conditions.

We created the proposed dataset from various sources hosted on the Roboflow plat-
form and from an internet image search. Only a small sample from specific repositories
was considered, because many images were duplicated or did not meet the criteria of our
study. All image labels were reviewed or created manually. Table 3 details the distribu-
tion and characteristics of the images. Our complete dataset included 3,000 images and
27,397 instances of leaves. Our focus was on tomato (Solanum sp.) plants, where the images
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had the following features: diverse backgrounds, variable lighting, occlusions, different
camera types used during collection, and a variable distance between the leaves and the
camera’s lens. The leaf blades show diversity in color, texture, and shape. Figure 5 presents
a small set of images within the proposed dataset.

Table 3. Sources of images used to create our custom dataset.

N.b. of Images Image Sizes Task Type Url

A4 906 416 × 416 detection http://bit.ly/4209xML (accessed on 6 July)
ACVP 20/27 3024 × 4032 detection https://bit.ly/4ikDUUU (accessed on 6 July)

T7 44/542 416 × 416 detection https://bit.ly/4bNEsAe (accessed on 6 July)
TT 48/94 416 × 416 detection https://bit.ly/4bD39zf (accessed on 6 July)
DC 50/133 2304 × 3456 classification https://bit.ly/4ij4UnR (accessed on 6 July)

NCVP 64/318 640 × 640 detection http://bit.ly/4bD3ulv (accessed on 6 July)
TCVP 105/1482 640 × 640 detection https://bit.ly/4iAJ6nl (accessed on 6 July)

TDL940 51/2255 640 × 640 detection No longer available
PCVP 100/380 640 × 640 detection https://bit.ly/4iFOcig (accessed on 6 July)
TLD 50/4132 640 × 640 detection https://bit.ly/4kALfRX (accessed on 6 July)

Internet search 1562 416 × 416 - -

Total 3000 variable detection

 

Figure 5. Examples of images that constitute the proposed dataset. Each column presents five images
from the respective dataset. The final column displays our dataset, which merges the other datasets.

To generate the ground truth for the dataset, we used the application CVAT (Computer
Vision Annotation Tool) available at [44] (UI version: 2.40.0). This process was carried out
carefully by hand so that each bounding box fitted perfectly to the boundaries of each leaf.
Multiple people validated all bounding boxes to minimize errors as much as possible. We
labelled all tomato leaves contained in each image, regardless of their size and distribution
in the image. In the special case of occluded leaves, we used the criterion that all visible
segments (regardless of their area size) of the leaf must be labeled. Figure 6 shows the
spatial and statistical characteristics of the 27,397 ground truth bounding boxes in our
dataset. Figure 6a illustrates the distribution of bounding boxes in a normalized space
between 0 and 1, indicating many objects of interest per image with significant overlap and
variability in size. Figure 6b shows that most bounding boxes are centered in the images,

http://bit.ly/4209xML
https://bit.ly/4ikDUUU
https://bit.ly/4bNEsAe
https://bit.ly/4bD39zf
https://bit.ly/4ij4UnR
http://bit.ly/4bD3ulv
https://bit.ly/4iAJ6nl
https://bit.ly/4iFOcig
https://bit.ly/4kALfRX
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with fewer objects located at the edges. Figure 6c indicates that most bounding boxes are
small (lower left corner) due to the presence of young leaves, leaves in the background,
and mainly overlapping leaves.

     

(a)  (b)  (c) 

Figure 6. Characteristics of the ground truth bounding boxes in our dataset. The figures show
the following distributions of the bounding boxes in a normalized space: (a) position and size,
(b) centroids, and (c) size (width vs. height).

4.2. Ablations and Configurations Study

We ran the experiments using Google Colab Pro, which uses a virtual environment
equipped with an Intel(R) Xeon(R) CPU @ 2.20 GHz, 15 GB NVIDIA T4 GPU, 12.7GB of
RAM, and 78 GB of hard disk space. We evaluated the performance of the proposed net-
work using ablations. The ablations involved modifying the Yolov11n original architecture
gradually to demonstrate the actual contribution of each of the proposed blocks. There-
fore, the following three ablations are proposed: Ablation 1: Conv → MV2, Ablation 2:
C3k2 → MobileViT, and Ablation 3: C2PSA → MobileViT, which represent the different
proposed replacements. Table 4 details the configurations of the proposed ablations and con-
figurations to examine which performs best. The c1 configuration represents the Yolov11n
original model.

Table 4. Experiments using Yolov11n as a base.

Nb. of Configuration CIoU WIoUv3 Ablation 1 Ablation 2 Ablation 3

1
√

X X X X
2

√
X

√
X X

3
√

X
√ √

X
4

√
X

√ √ √

5 X
√

X X X
6 X

√ √
X X

7 X
√ √ √

X
8 X

√ √ √ √

Table 5 presents the primary hyperparameters and data augmentation techniques
used to train the different models. The values for each variable were obtained through
experimentation. We used the same values for all experiments presented in this paper and
maintained the default values for the remaining.

Table 6 shows the performance of Yolov11n and its different modifications. We also
compared the performance of the proposed models with the recently published Yolov12n
model. We used the same training set, validation set, and hyperparameters during training
for this experiment. The values in bold indicate the best value obtained in each evaluated
network performance variable. As the defined ablations were incorporated, the number of
parameters decreased without compromising the model’s performance. We selected the
model generated from configuration c8 (3 ablations + WIoUv3) since the results of the recall,
F1 measure, and mAP@50 metrics were comparable with those obtained by the Yolov11n
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base model (configuration c1), but with a 26.75% reduction in the number of parameters
and a 7.94% reduction in the number of FLOPs. The main innovation of Yolov12 is the
incorporation of a module named attention-centric, based on ViTs [13].

Table 5. Main parameters used in the training process.

Used In Parameter Value

Model training

Batch size 47
Epochs 500

Image size (416, 416)
Optimizer SGD

Lr scheduler Cosine annealing
Initial and final learning rate (0.01, 0.0001)

Data augmentation

hsv_h 0.0
hsv_s 0.0
hsv_v 0.0

degrees 0.0
translate 0.12431

scale 0.07643
shear 0.0

perspective 0.0
flipud 0.63
fliplr 0.63

mosaic 0.63
mixup 0.0

Close mosaic 50

Table 6. Comparison of the performance of the Yolov11n base model versus its proposed modifica-
tions and Yolov12n.

Nb. of Configuration Nb. of
Parameters

FLOPs (G)
%

Precision Recall F1-Measure mAP@50 mAP@50-95

Yolov11n

c1 2,582,347 6.3 84.60 79.70 82.28 88.40 65.20
c2 2,289,069 6.1 83.80 79.40 81.53 88.10 65.20
c3 1,959,693 5.8 84.20 80.10 82.09 88.30 65.30
c4 1,891,501 5.8 85.00 79.90 82.37 88.50 65.60
c5 2,582,347 6.3 82.60 79.10 80.81 87.60 63.80
c6 2,289,069 6.1 84.80 78.80 81.68 88.00 64.80
c7 1,959,693 5.8 85.50 78.80 82.00 88.00 64.80
c8 1,891,501 5.8 83.80 81.70 82.73 88.50 65.40

Our model c8 was selected as the final model since it reduces the number of parameters
by 36.52% and the number of GFLOPs by 8.62% compared with Yolov11n.

4.3. Quantitative Analysis of Our Proposal

We evaluated our proposed model using k-fold cross-validation. We chose this tech-
nique due to the size of the dataset and the amount of hardware resources required for
training the model. The value of k was set to 5 to maintain an 80–20 partition for training
and testing, respectively, in all cases. Table 7 illustrates how the partitions were created,
with a different test set for each case. The entire dataset was divided into five subsets,
generating five splits; a subset was selected for testing and the rest for training. Each fold
had a different test subset.
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Table 7. Dataset separation using k-fold cross-validation. The green squares represent the test sets,
and the orange squares indicate the training sets.

Fold All Dataset
f1
f2
f3
f4
f5

Table 8 displays the performance of the proposed model (c8) trained and tested with
different folds. The mean values of recall, F1-measure, mAP@50, and mAP@50–95 metrics
show relatively low standard deviations, with values less than one in all cases. This behavior
indicates low dispersion in the evaluation results, thereby reinforcing the reliability of the
model across different test subsets. Although the precision metric maintains a high average
value, its standard deviation is slightly above one, which could be related to the model’s
greater sensitivity to specific variations in the test data.

Table 8. Performance of the proposed model when trained and tested on different image sets.

Fold
%

Precision Recall F1-Measure mAP@50 mAP@50-95

f1 81.70 79.30 80.48 87.20 63.70
f2 84.70 78.80 81.64 87.30 64.60
f3 84.30 78.50 81.29 87.30 64.30
f4 84.90 79.40 82.05 88.60 65.40
f5 83.90 79.60 81.69 87.40 64.30

mean ± std 83.90 ± 1.15 79.12 ± 0.40 81.43 ± 0.5 87.56 ± 0.50 64.46 ± 0.54

Table 9 presents the performance of our proposal compared to recent versions of Yolo.
Our model has the lowest number of parameters and GFLOPs, making it more suitable for
devices with limited hardware resources. Compared with Yolov12n, an architecture that
also has attention modules, our model reduces the parameters by 35.17% and GFLOPs by
8.62%. Additionally, the performance metrics obtained with our proposal are comparable to
those of versions of Yolov8n, Yolov11n, and Yolov12n. Our model showed a slight reduction
of 1.40% in precision compared to Yolov12n, suggesting an increase in the detection of
other objects that are not of interest being classified as leaves (false positives). However,
Yolov12n generated more false negatives than our proposal (low recall), leaving several
leaves undetected.

Table 9. Comparison of the performance of our proposal with recent versions of Yolo, such as Yolov8n,
Yolov10n, Yolov11n, and Yolov12n.

Model Nb. of
Parameters

FLOPs (G)
%

Precision Recall F1-Measure mAP@50 mAP@50-95

Yolov12n 2,556,923 6.30 85.20 78.30 81.60 87.60 64.70
Yolov11n 2,582,347 6.30 84.60 79.70 82.28 88.40 65.20
Yolov10n 2,265,363 6.50 83.20 79.30 81.20 87.10 64.20
Yolov8n 3,005,843 8.10 83.40 80.50 81.92 87.70 64.80

Our proposal 1,891,501 5.80 83.80 81.70 82.73 88.50 65.40
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4.4. Qualitative Analysis

The main objective of this analysis is to evaluate the inference quality of our proposal,
the Yolov11n and Yolov12n models, across five case studies for detecting tomato plant
leaves in different uncontrolled natural environments.

Table 10 displays the detections made in the images by the different models, con-
sidering different shapes, colors, and textures of the leaves. The tomato plant in the first
row has diseased leaves, showing varying degrees of overlap and discoloration. In the
background, the leaf blades are partially visible due to the camera’s field of view. Yolov12n
and Yolov11n have issues detecting the central leaves correctly due to overlap and leaf
shape. The proposed model performs better as it detects the region of each leaf more
accurately. A leaf that shows both its upper and lower surfaces because it is slightly folded
is typically detected by all models in two parts. In the second row, the plant leaves are
curling, which significantly alters the shape of the leaf. This condition may result from
various factors such as water stress, extreme temperatures, nutrient deficiency, pests or
diseases, agrochemical damage, or it could even be a natural feature of the leaf [45]. Though
the leaves are visible, Yolov12n and Yolov11n struggle to detect the leaves (overlapping and
inaccurate bounding boxes). The proposed model do not have the superposition problem.
Nevertheless, a blade leaf was not detected.

Table 10. Evaluation of the model’s performance on images with different tomato leaf shapes, colors,
and textures.

Models

Yolov12n Yolov11n Our model
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Table 11 shows the results of detections in images of plants with many overlapping
leaves and the presence of green tomatoes. Row one illustrates a scene that is too complex
for the models to detect each leaf and exclude the green tomatoes properly [46]. In this
case, the image was captured at a greater distance from the plant, and the tomatoes also
caused partial occlusions of the leaves. Our model was more precise, correctly detecting
more leaves than the other two.

Table 11. Evaluation of the models’ performance on images with green tomatoes and dense
leaf overlap.

Models

Yolov12n Yolov11n Our Model

Other elements, like worms, may also be found in plants. Depending on the lighting
conditions and the position of the insect, it can be very similar in color and shape to the
leaves. In the first row of Table 12, Yolov12n detects a worm as a leaf, while Yolov11n and
our proposal do not [15]. In the second case, both Yolov12n and Yolov11n detect part of the
worm as a leaf [47]. In both cases, our method correctly excluded the regions of the images
occupied by worms, but it presented a false positive when detecting a tiny green tomato in
the first case.

Table 13 shows the results obtained in the presence of green artificial objects. In the
first row, the inference of Yolov12n is inaccurate due to the detection of green sacks as
leaves in certain regions [48]. Moreover, Yolov12n and Yolov11n detect a different category
of leaf, which result in false positive cases. In contrast, Yolo11n and the proposed model
successfully discard these objects. In the second case, both Yolov11n and Yolov12n fail to
consider part of the pot as a leaf [49]. The attention modules used in our proposal enable
the highlighting of more relevant features learned in the convolutional layers.
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Table 12. Evaluation of the models’ performance on images with insects.

Models

Yolov12n Yolov11n Our Model

   

Table 13. Evaluation of the model’s performance on images with green artificial objects.

Models

Yolov12n Yolov11n Our Model
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Table 13. Cont.

Models

Yolov12n Yolov11n Our Model

4.5. Limitations of the Models

Although our model generated good qualitative results compared with other versions
of Yolo, we identified some limitations in the following cases, as shown in Table 14. Distant
views: All models failed when images were captured from a long distance. Yolov12n and
Yolov11n generated many bounding boxes, but most were false positives, detecting green
tomatoes and groups of leaves. Mixed leaf species: The three models failed to differentiate
between tomato leaves and those from other plant species. Row 3 shows an image with a
weed plant in the foreground and tomato leaves in the background. Artificial leaf prints: In
the third row, the image shows a plastic bag with some printed leaves and arrows (recycling
symbol). Both Yolov12n and Yolov11n detect the arrows, but the proposed model does not
detect other different shapes. In conclusion, the three models demonstrate inaccuracies and
the presence of false positive cases, as the targets do not correspond to natural leaves.

Table 14. Performance of the models analyzed in problematic cases.

Models

Yolov12n Yolov11n Our Model
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Table 14. Cont.

Models

Yolov12n Yolov11n Our Model

5. Discussion
The study of the state of the art revealed a trend toward improving or proposing new

one-stage models over two-stage models, due to their ease of deployment on devices with
limited hardware resources, as evidenced by a greater number of publications on this topic.
We used Yolov11n as the base architecture and replaced different elements to compress it,
both in terms of the number of parameters and computational cost (FLOPs). This modified
version extracts better features by fusing local and global spatial relationships.

The incorporation of CBAM and transformer modules into the Yolov11n architecture
enables a better combination of local and global dependencies, which is of great importance
for addressing the problem at hand. CBAM helps to give greater relevance to the areas
of the image belonging to the leaves. The integration of modified MobileViT attention
modules into the original backbone enabled the refinement of feature maps. The MV2 block
helped reduce the model size, the storage required, and the number of FLOPs. Meanwhile,
replacing the original function (CIoU) with WIoUv3 allowed us to modify the way the
target location is estimated based on a strategic selection of anchor box quality, which
improves performance in detecting leaves that are heavily overlapping.

The ablation study helped identify the strengths and weaknesses of each of the ele-
ments analyzed. For example, the c5 configuration in Table 6 indicates that the WIoUv3
function alone is insufficient to improve model performance. We achieved the best perfor-
mance by using the three selected modules to extract better features (CBAM, MobileViT,
and MV2), alongside WIoUv3. With an effective feature description, WIoUv3 enables the
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efficient discrimination of highly atypical or low-quality anchor boxes, and consequently,
better estimation of leaf locations.

As noted in the qualitative analysis, accurately detecting tomato plant leaves in
images, considering complex environments, remains a challenging problem because the
physical characteristics of leaves, such as size, color, texture, and shape, vary significantly
depending on the environment. Furthermore, a cluster of leaf blades can give rise to
countless ambiguities due to partial occlusions and shadows that alter the visual appearance
of the leaf.

For images containing leaves with diverse shapes, colors, and textures, Yolov12n has
trouble correctly locating objects of interest, generating redundant bounding boxes on the
same leaf, albeit with a much lower confidence level. This problem occurs to a lesser extent
in the proposed model or Yolov11n.

In the specific case of dense leaf overlap, both Yolov11n and Yolov12n presented
problems in correctly detecting the occluded leaves, even though images were captured at a
short distance from the plant. These models generated bounding boxes that included more
than two objects, while the proposed model better resolved these cases, achieving a 60.50%
mAP@50-95. All models failed when there were leaves with folds near the apex, decreasing
the precision metric. The models perform better when the entire leaf blade region is visible
in the image.

The performance of the proposed model is comparable to that of the Yolov12n,
Yolov11n, Yolov10n, and Yolov8n models, but requires much less storage space and fewer
floating-point operations to make inferences. This feature allows our model to be more
easily implemented on devices with limited resources, such as cell phones or robots that
can be easily transported to agricultural environments. Our model showed 1.2% and 3.4%
increases in recall compared with Yolov8n and Yolov12n, respectively. The presence of
fewer false negatives when using our model reduces the probability of ignoring leaves that
are present in the images.

Several issues still need to be addressed to achieve better leaf detection, such as
considering distant shots, differentiating leaves of interest from those of other plant species,
and discarding non-natural plant representations. Likewise, our proposed model and the
others analyzed still presented high numbers of false positives due to all the issues described
above. We plan to modify the input of our architecture in the future to integrate additional
information, such as depth maps and synthetic or real near-infrared (NIR) imaging, similar
to [16,50]. The addition of a fourth channel to the RGB images, incorporating information
from the NIR sensor, would provide a better representation of feature maps, as all artificial
objects that reflect less radiation would be immediately excluded. Similarly, data from
the depth sensor would help the model learn to differentiate leaves on different planes.
We could even explore combining NIR and depth information to determine whether the
problem can be better modeled.

6. Conclusions
Detecting tomato leaves in uncontrolled environments is a challenging task because

plants are naturally subject to a variety of biotic and abiotic factors, resulting in leaves of
different sizes, shapes, colors, and textures. Additionally, the leaves of plants are arranged
in various ways to minimize the shade produced between them, thereby optimizing
photosynthesis. This phenomenon is known as phyllotaxy, which causes partial or total
occlusion of the leaves, further increasing the difficulty of correctly detecting them.

This paper presents a deep learning architecture based on Yolov11n for tomato leaf
detection in images in uncontrolled environments. We propose incorporating an attention
module into the original Yolov11n architecture. The proposed architecture was evaluated
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both qualitatively and quantitatively by creating a dataset comprising a diverse range
of tomato leaf images captured under various conditions and cameras. The proposed
model performed comparably to Yolov11n and Yolov12n but required fewer trainable
parameters and performed fewer floating-point operations. The incorporation of attention
into the Yolov11n architecture enabled it to focus on the relevant features and regions of
the leaves, leading to better results in challenging and varied scenarios. We identified other
challenging cases that need to be addressed to achieve better detection of plant leaves, such
as distant views, mixed leaf species, and artificial leaf prints.
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