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Abstract

The United States leads in corn production and consumption in the world with an esti-
mated USD 50 billion per year. There is a pressing need for the development of novel and
efficient techniques aimed at enhancing the identification and eradication of weeds in a
manner that is both environmentally sustainable and economically advantageous. Weed
classification for autonomous agricultural robots is a challenging task for a single-camera-
based system due to noise, vibration, and occlusion. To address this issue, we present a
multi-camera-based system with decision-level sensor fusion to improve the limitations
of a single-camera-based system in this paper. This study involves the utilization of a
convolutional neural network (CNN) that was pre-trained on the ImageNet dataset. The
CNN subsequently underwent re-training using a limited weed dataset to facilitate the
classification of three distinct weed species: Xanthium strumarium (Common Cocklebur),
Amaranthus retroflexus (Redroot Pigweed), and Ambrosia trifida (Giant Ragweed). These
weed species are frequently encountered within corn fields. The test results showed that the
re-trained VGG16 with a transfer-learning-based classifier exhibited acceptable accuracy
(99% training, 97% validation, 94% testing accuracy) and inference time for weed classifica-
tion from the video feed was suitable for real-time implementation. But the accuracy of
CNN-based classification from video feed from a single camera was found to deteriorate
due to noise, vibration, and partial occlusion of weeds. Test results from a single-camera
video feed show that weed classification accuracy is not always accurate for the spray
system of an agricultural robot (AgBot). To improve the accuracy of the weed classification
system and to overcome the shortcomings of single-sensor-based classification from CNN,
an improved Dempster—Shafer (DS)-based decision-level multi-sensor fusion algorithm
was developed and implemented. The proposed algorithm offers improvement on the
CNN-based weed classification when the weed is partially occluded. This algorithm can
also detect if a sensor is faulty within an array of sensors and improves the overall classifica-
tion accuracy by penalizing the evidence from a faulty sensor. Overall, the proposed fusion
algorithm showed robust results in challenging scenarios, overcoming the limitations of a
single-sensor-based system.

Keywords: CNN classification; weed identification; transfer learning algorithm; multi-sensor
fusion; Dempster—Shafer combination rule
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1. Introduction

Precision farming is a technique developed to improve crop yields, reduce chemical
usage, and keep environmental impacts at a lower level, and the inclusion of robotics into
conventional farming helps in achieving these goals. Researchers have been rigorously
studying autonomous weed detection techniques and herbicide application to minimize
cost and herbicide usage. There are evidences showing a rise in herbicide resistance among
diverse weed species over time [1]. Driven by the need to mitigate labor, cost, and herbicide
resistance associated with weed management, there has been significant increase in interest
in agricultural robots with autonomous capabilities for weed detection and eradication.
The Mechatronics and Autonomous Systems Research Lab (MARL) at Purdue University
in Indianapolis has developed one such robot, as shown in Figure 1. This autonomous
robot was built by retrofitting a Yamaha Wolverine 4 x 4 All-Terrain Vehicle with a variety
of sensors and actuators capable of GPS guided navigation, autonomous weed detection,
and herbicide application via a sprayer system [2].

Processing Unit
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Brake & Throttle

Figure 1. Retrofitted Yamaha Wolverine side-by-side with ATV AgBot.

Multi-sensor fusion seeks to overcome the limitations and uncertainties of a single
sensor, creates more extensive recognition of the environment around the sensors, and
improves the perceptual ability of the system [3]. As an example, a level 4/5 autonomous
vehicle can have 4-6 radars, 1-5 Lidars, 6-12 cameras, and 8-16 ultrasonic sensors [4].
Weed classification for autonomous agricultural robots is an equally challenging task for a
single-camera-based system due to noise, vibration, and occlusion. To address this issue,
we present a multi-camera-based system with decision-level sensor fusion to improve the
limitations of a single-camera-based system in this paper.

Researchers have adopted different methodologies to address the challenge of weed
detection and classification. Several studies have been conducted [5-7] on the classification
of UAV-captured images for weed detection. Ahmed et al. [8] proposed an algorithm based
on Circular Mean Intensities (CMIs) of weed images to classify weeds into categories like
broad weed, narrow weed, and little or no weed. The study did not contain any study on
environments where both weeds and crops coexist. Ota et al. [9] proposed a model to detect
crops and weeds in a cabbage field using k-means clustering. Chen et al. [10] proposed a
multi-feature fusion and support vector machine (SVM) to detect weed and corn seedlings.

The CNN classifier has garnered significant interest in the problem of weed classi-
fication in recent years, primarily due to its superior performance in large-scale image
classification. For instance, Rodriguez-Garlito et al. [11] used several classification models
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to detect aquatic invasive plants on the Guadiana River in Spain via images captured
through the Sentinel 2-A satellite and found CNN as the best-performing model among
K-means classifier, random forest, and CNN. Garibaldi-Marquez et al. [12] studied several
SVM and CNN models to classify Zea mays L. (crop), narrow-leaf weeds (NLWs), and
broad-leaf weeds (BLWs) and concluded that CNNs were the better models for corn field
weed detection, yielding a 97% accuracy. Potena et al. [13] employed two distinct convolu-
tional neural networks (CNNs) to analyze RGB and near-infrared (NIR) images in order
to detect crops and weeds. The authors employed a reduced-scale convolutional neural
network (CNN) for the purpose of vegetation segmentation, while a more complex CNN
architecture was utilized for the categorization of crops and weeds. The classifier produced
the highest mean average precision of 98.7%. Sharpe et al. [14] tested a CNN model to
detect vegetation indiscriminately and detect and discriminate three classes of vegetation
commonly found within Florida vegetable plasticulture row-middles, finding a three-class
network outperforming a one-class network with a 95% F score. Reddy et al. [15] compared
the performance of the AlexNet architecture with different commonly used architectures
like inception-v3, ResNet50, DenseNet, MobileNetV3, etc., for the weedcrop, deepweed,
and plantseedlings-v2 databases and observed AlexNet outperforming all of the other
models. Espejo-Garcia et al. [16] proposed a crop/weed identification system combining
fine-tuning pre-trained convolutional networks like Xception, Inception-Resnet, VGNets,
Mobilenet, and Densenet with conventional machine learning classifiers like SVM, XGBoost,
and logistic regression. The authors tested the system on two crops (tomato and cotton) and
two weed species (black nightshade and velvetleaf) and observed a fine-tuned Densenet
and SVM achieving a micro F; score of 99.29% with minimal performance difference be-
tween train and test sets. Sunil et al. [17] compared SVM and VGG16 classification models
for four different weed species and six crop species and observed an average F; score of
the VGG16 model classifier between 93% and 97.5%, with a 100% F; score obtained for the
corn class in the VGG16 Weeds—Corn classifier. Yu et al. [18] used the VGGNet architecture
to detect weeds in Bermuda grass. They achieved over 95% F; score and outperformed the
GoogleNet architecture. Al-Badri et al. [19] proposed a three-extractor CNN consisting of
VGG-16, ResNet-50, and Inception-v3 to classify Rumex Obtusifolius in grasslands and
compared it with several different classification methods, obtaining an average of 95.9% F;
score. They conducted a comparative analysis of transfer learning efficacy using six distinct
convolutional neural network (CNN) architectures. The objective of their investigation was
to evaluate the performance of these designs in the context of sugar beet and volunteer
potato detection. The utilization of VGG19 with transfer learning yielded the most notable
performance in the context of this binary classification test, achieving an accuracy rate
of over 98%. However, according to Suh et al., it has been argued that categorization
represents just a single component within the broader process of weed detection. Conse-
quently, the real-time efficacy of an entire pipeline designed for weed detection may be
poorer. Olsen et al. [20] conducted training on InceptionV3 and ResNet50 convolutional
neural network (CNN) architectures using a dataset of 17,509 tagged pictures encompassing
eight distinct weed classes. The researchers attained a level of accuracy over 95%, and
the processing time required for their system was deemed suitable for real-time applica-
tions. Du et al. [21] compared different popular machine learning frameworks, and based
on considerable accuracy and low computational requirements, selected MobileNetV2 to
deploy on a Nvidia Jetson Nano-based mobile robot. Nevertheless, convolutional neural
networks (CNNs) with multiple layers are more vulnerable to the presence of blurring
and noise [22]. Consequently, the accuracy of their classification may decline significantly
when attempting to identify weeds from video footage under conditions such as blur, noise,
occlusion, vibration, and varying lighting circumstances. The studies discussed above did
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not explore the limitations derived from the real-time application of deep neural networks,
nor did they measure the effects of noise, vibration, or occlusion, or the ways to address
them. To ensure the accurate application of herbicides, it is imperative to have a consistent
signal from classifiers that can effectively withstand the harsh conditions indicated before.
One potential approach to attaining this objective is the utilization of several sensors in
conjunction with a sensor fusion framework. This framework facilitates the amalgamation
of categorization outcomes obtained from each sensor at the decision-making stage.

The application of conventional chemical weeding involves the uniform spraying
of herbicides across the entire field, irrespective of the presence or absence of weeds.
This indiscriminate approach leads to significant expenses incurred on herbicides [23]
and contributes to severe environmental degradation [24]. However, existing evidence
indicates that the growth of weeds occurs in localized regions rather than uniformly
throughout agricultural fields. In their study on the occurrence of three distinct grass
species in agricultural fields, Marshall et al. [25] demonstrated that a range of 24% to 80%
of the sampled area exhibited an absence of grass weeds. Other authors conducted an
investigation on a total of seven maize fields and five soybean fields to assess the presence
and impact of weeds. According to the survey, around 30% of the cultivated land was found
to be devoid of broad-leaf weeds. It was also shown that approximately 70% of the area
within the inter-row spacing remained devoid of grass weeds in instances where herbicide
application was not implemented. According to Tian et al. [26] and Medlin et al. [27],
it was indicated that significant reductions in the quantity of herbicide sprayed may be
attained, ranging from 42% (for soybean and maize) to 84% (for maize), based on factors
such as weed pressure and number of patches. This implies that by accurately categorizing
different types of weeds through continuous video monitoring, farmers or autonomous
systems can effectively modify the application rate of herbicides. This endeavor will result
in a substantial reduction in the prevalence of herbicide-resistant weeds and a notable
decrease in associated treatment expenses.

The utilization of sensor fusion in the field of agricultural robots is significantly con-
strained. Both LIDAR sensors and vision systems have been employed either independently
or in a fused manner to facilitate crop row tracking in sugar beet [28] and rice rows [29].
Studies using LIDAR and a color camera device for detecting tree trunks [30] and au-
tonomous tractor guidance in some crops [31] have been previously published. Farooq
et al. [32] proposed a two-camera-based partial transfer learning (CNN) model for weed
classification with a 77.4% F; score. The objective of these endeavors is to establish a system
capable of accurately monitoring crop rows across various areas and under varying work-
ing conditions. A recent study at Iowa State University [33] employed depth and 2D color
data obtained from Microsoft Kinect v2 to detect Lettuce and Broccoli. The Adaboost-based
classification model demonstrated superior performance compared to a five-layer neural
network, with the lowest test error of approximately 6% for Iowa State. Nevertheless,
the utilization of this approach in outside real-time scenarios may require adjustments
since Kinect v2 is primarily designed for indoor use. Moreover, the classification task
at hand involves a straightforward binary categorization into two classes, namely, crop
and non-crop.

Table 1 provides a comparative analysis of the studies conducted in this field as
a summary.
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Table 1. Summary of weed detection and classification studies.

Study Sensor/Method Approach/Architecture  Crop/Weed Type Performance Metrics
Ahmed et al. Image-based Circular Mean g;ii;&_efef; ¢ Classification
(2022) [8] Intensity (CMI) No Weed accuracy: 96%
F, score for crop
. detection: 0.919;
Otaetal. (2022) [9] RGB camera K-means Clustering Cabbage + Weeds

Fy5 score for weed
detection: 0.999

Chen et al.
(2020) [10]

RGB camera

SVM + Multi-feature
fusion

Corn + Weeds

Detection accuracy:
97.5%

Rodriguez-Garlito  Satellite CNN vs. RF vs. Aquatic Plants CNN best
et al. (2022) [11] (Sentinel-2A) K-means 9 performance
Garibaldi-Marquez Zea mays, oo
etal. (2022) [12] RGB CNN vs. SVM NLW, BLW CNN accuracy: 97%
Potena et al Dual CNNs
' RGB + NIR images  (segmentation + Crops and Weeds ~ mAP:98.7%
(2016) [13] oo
classification)
Sharpe et al. 3 Vegetation aro
(2020) [14] RGB camera CNN Clasees F1 score: 95%
Weedcrop,
Reddy et al. AlexNet, ResNet, AlexNet
RGB camera Deepweed,
(2022) [15] DenseNet X performed best
Plantseedlings
. . . Tomato, Cotton,
Espejo-Garcia et al. Fine-tuned CNN + . ! / ) o
(2020 [16] RGB camera SVM /XGBoost \l\fzﬁtttslz:fde, F1 score: 99.29%

Sunil et al.
(2022) [17]

RGB camera

VGG16 vs. SVM

Corn + 10 Total
Classes

F1 score: 93-97.5%,
Corn: 100%

Yu et al. (2019) [18]

RGB camera

VGGNet vs. GoogLeNet

Weeds in
Bermuda Grass

F1 score > 95%

Al-Badri et al.
(2022) [19]

RGB camera

VGG-16, ResNet50,
Inception-v3

Rumex
Obtusifolius
in Grassland

F1 score: 95.9%

Olsen et al. ) .
(2019) [20] RGB camera InceptionV3, ResNet50 8 Weed Classes Accuracy > 95%
Du et al. (2021) [21] RGB camera MobileNetV2 on General Weeds High accuracy,
Jetson Nano low latency
Dodge et al. RGB camera with  CNN noise robustness Accuracy decline
General

(2016) [22]

simulated noise

study

under blur/noise

Farooq et al.

Dual-camera

Partial transfer

Weed classes

F1 score: 77.4%

(2021) [32] learning (CNN)
Gai et al. Kinect v2 Adaboost vs. Lettuce. Broccoli Test error ~6%
(2016) [33] (depth + RGB) Neural Net ! (Adaboost)

This paper introduces a technique that tackles challenges commonly encountered in
single-sensor systems such as noise, vibration, and partial occlusion, and implements a
sensor fusion algorithm that addresses scenarios like faulty inputs from a sensor or partial
occlusion in multi-sensor systems. The proposed approach involves the implementation of
a robust CNN model with a real-time, multi-camera-based sensor fusion algorithm. Firstly,
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we demonstrate the efficacy of a transfer-learning-based CNN in developing a real-time
weed classification system. Secondly, we evaluate the performance of the CNN model using
a single camera providing real-time video feed, while discussing the inherent limitations
of a single-sensor setup. Finally, we introduce a decision-level sensor fusion algorithm,
capable of integrating information from multiple sensors to overcome the limitations of a
single-camera system. This research contributes to the field of agricultural technology by
providing valuable insights into the advantages and challenges associated with employing
sensor fusion techniques in real-time applications.

2. Materials and Methods
2.1. CNN and Transfer-Learning

CNN is a classification model that relies on deep neural networks. This approach
constructs image features at various levels of abstraction across multiple layers inside the
network. In each layer, a set of kernels (also known as filters) is employed to identify
particular forms or objects inside the image representation from the preceding layer. These
kernels are structured as matrices with dimensions of either 3 x 3 or 5 x 5. The process
involves sliding the kernels over the 3D input feature map. The sliding process involves
the extraction of a feature that represents a 3D local patch of an image. This is achieved
by performing element-wise multiplication of the image data with kernel matrices, which
is essentially a convolution operation. Subsequently, the resulting values are summed to-
gether [34]. The utilization of layers of convolution allows the model to acquire knowledge
about local visual characteristics in a progressively more abstract manner.

In a supervised classification framework, a convolutional neural network (CNN) is
composed of a convolutional base, comprising many convolutional layers, followed by
fully connected layers at the final stage. The convolutional base generates a feature repre-
sentation vector for the image, while the fully connected layer transforms this vector into a
corresponding class label. The convolution characteristic of convolutional neural networks
(CNNs) imparts two noteworthy properties that distinguish them from conventional neural
networks [35]:

*  CNNs have the ability to acquire translation-invariant characteristics. This implies that
when a Convolutional Neural Network (CNN) acquires knowledge about a certain
feature located in the upper right corner of one picture, it possesses the capability to
identify the same feature in the lower left corner of a different image.

* (NN is capable of acquiring knowledge pertaining to spatial hierarchies of patterns.
The initial convolution layers are responsible for acquiring basic visual features such as
edges and colors. The second convolutional layer will acquire knowledge of patterns
that are composed of patterns from the first layer, such as edges and colors. These
patterns may include colored edges and other similar features. The upper layers
will acquire a greater understanding of intricate aspects. When the training images
pertain to cats, the upper layers of the network will acquire knowledge of distinctive
features such as eyes and ears. The aforementioned attribute of CNN allows for the
effective utilization of transfer learning, a topic that will be further explored in the
subsequent discussion.

In the context of convolutional neural networks (CNNs), transfer learning refers to
the process of utilizing the pre-trained convolutional base of an existing network. This
involves employing new training data to retrain the last layers of the CNN, resulting in the
creation of a novel classifier that is built upon the existing network. The primary rationale
behind employing transfer learning in convolutional neural networks (CNNs) stems from
the observation that the initial layers of the network acquire fundamental patterns such as
edges and colors, which are commonly present across a wide range of images. Consequently,
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it is possible to immobilize the weights of these layers and construct a new classifier by
solely retraining the latter layers of the CNN. This approach allows the CNN to acquire
more advanced features from the input images by leveraging the pre-trained rudimentary
features obtained from the early (base) layers. Transfer learning has numerous advantages.
One notable benefit is the significant reduction in computation time achieved by leveraging
a pre-trained network. This network possesses well-optimized weights in its early layers,
resulting in enhanced efficiency. Consequently, favorable training performance can be
achieved. Crucially for our objective, achieving satisfactory performance requires only a
limited number of training occurrences.

A comprehensive analysis of convolutional neural networks (CNNs) and transfer
learning can be found in F. Chollet [35]. Figure 2 shows a simple representation of the
architecture of transfer learning.

Deep CNN trained on ImageNet dataset

New ‘ N
Training i> ; :>o:“:ct
Images | classification

Weights are Frozen Retraining final layers (changing

. weights)
Frozen base convolution layers Retrained luti
Filters: Simple Edge and Color textures etralnc‘a convolution
layers Filters

g

Figure 2. A simplified representation of the transfer learning process.

2.1.1. CNN Model

In this study, we considered a VGG16 [36]-based model architecture with transfer
learning. This model is re-trained using a small weed dataset and the final layers are
rearranged to classify three different weeds. Transfer learning re-trains the final layers of
the VGG16 model to classify new objects from a new dataset by using the large number of
features already learned from the Imagenet database. Prior studies [37-39] have demon-
strated that transfer learning offers significant computational advantages over learning
from scratch, and its applicability extends to diverse categorization tasks. The training
simulations are executed on a workstation equipped with an Intel Core i7 processor, 8 GB
of RAM, and an Nvidia GTX 1060 graphics card with 6 GB of dedicated memory. The
construction of models is facilitated through the utilization of the Keras library, which
operates on the TensorFlow backend and is implemented in Python 3.5.

2.1.2. Transfer Learning with VGG16

The VGG16 model, which was developed by the Visual Geometry Group, is a con-
volutional neural network (CNN) that introduced the usage of many small kernel filters
as opposed to single-large-kernel filters in its 16-layer design. The VGG16 model was
trained using the ImageNet Large Visual Recognition Challenge (ILSVRC) dataset from
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2012. During this challenge, the model’s objective was to accurately classify images into 1
of the 1000 available classes. The VGG16 model achieved a top-5 error rate of 7.4% [36].

2.2. Decision Level Sensor Fusion

Multi-sensor fusion means the combination of information from multiple sensors
(homogeneous or heterogeneous) in a meaningful way that can overcome any limitations
inherent to a single sensor or information source [40]. A supervised or unsupervised
algorithm (in this study CNN is used) is used to make decisions from available data. Subse-
quently, the decisions obtained from many sensors are integrated through the utilization of
an information fusion method, as depicted in Figure 3. A central challenge at the decision-
making stage in multi-source information fusion lies in appropriately representing and
resolving imprecise, fuzzy, ambiguous, inconsistent, and potentially incomplete informa-
tion [41]. Dempster—Shafer (DS) evidence theory, as an uncertainty reasoning method, was
proposed by Dempster [42] and further developed by Shafer [43]. The DS evidence theory
is a well-established system for managing uncertainty, serving as a means of controlling
uncertain environments [44,45]. This evidence theory is extensively utilized in different
fields of information fusion, such as decision making [46], pattern recognition [47], risk
analysis [48], fault diagnosis [49], and so on [50].

’Sensorl ‘ ’SensorZ ‘ ......

AV Vs

CNN Classifier
2\ <

ID ID
declaration declaration declaration

O 24

543 @E

@

Decision level fusion

%

Fused result

Figure 3. The proposed decision-level sensor fusion architecture in this research.

2.2.1. Dempster-Shafer Rule of Combination

The DS combination rule finds the agreement between two or more information
sources by taking the orthogonal sum of mass functions. It also handles conflicting evidence
by applying a normalization process. The DS combination rule for combining two evidences
m1 and m; is defined as follows:

mpp(A) = ZBHC{mi(f)K. ma(C)} 1)

when A # ¢ and m(¢) = 0.
K= Y {m(B) m(©) @

BNC = ¢

where K is the degree of conflict in two sources of evidence. (1 — K) is considered as a
normalization factor, which is calculated by adding up the products of BPAs of all sets with
null intersections.
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2.2.2. Sensor Fusion Algorithm to Eliminate Paradoxes

This study adopts an enhanced Dempster—Shafer (DS) theory for sensor fusion. Com-
pared to Bayesian probability theory, DS theory offers several advantages [51]. However,
it also presents certain paradoxes that must be addressed for reliable application. Varia-
tions in sensor performance, cluster behavior, and environmental interference can lead
to conflicting pieces of evidence. In cases of severe conflict, the fusion results derived
from the DS combination rule often contradict intuition. Specifically, when the conflict
coefficient K approaches one, the denominator in the combination rule nears zero, resulting
in unreasonable fusion outcomes. These unintuitive behaviors are referred to as paradoxes
of DS theory. As noted in [52], there are primarily three types of such paradoxes.

e Completely Conflicting Paradox: When there are two sensors and one sensor com-
pletely contradicts the other sensor’s output. For example, consider @ = A, B, C and
Sensor 1: my(A) = 0.7,m1(B) = 0.2,m;(C) = 0.1
Sensor 2: my(A) = 0.0, mz(B) = 0.9,m(C) = 0.1
and suppose proposition A is true; then the two sensors provide completely conflicting
information. The conflict factor, calculated using Equation (2), is K = 1, indicating
total disagreement between the evidences from sensor 1 and sensor 2. Under such
conditions, the DS combination rule becomes inapplicable.

*  “One Ballot Veto” Paradox: In a multi-sensor system (with more than two sensors),
one sensor may provide an output that completely contradicts the readings from all
other sensors. The following example illustrates such a scenario for a given frame.
Consider ® = A, B, C and suppose proposition A is true, and
Sensor 1: m1(A) = 0.7,m1(B) = 0.2,m1(C) = 0.1
Sensor 2: my(A) = 0.0, ma(B) = 0.9,m(C) = 0.1
Sensor 3: m3(A) = 0.75,m3(B) = 0.15, m3(C) = 0.1
Sensor 4: my(A) = 0.8, my(B) = 0.1,my(C) = 0.1
It is evident that sensor 2 is faulty, as its output contradicts those of the other three
sensors. Applying the DS combination rule yields K = 0.9, mqp34(A) = 0/0.1 = 0,
m134(B) = 0.097/0.1 = 0.97, and m1234(C) = 0.003/0.1 = 0.03. These fusion results
contradict the assumed proposition that A is true. A high value of K indicates signifi-
cant conflict among the sensors. This counterintuitive outcome is primarily due to the
erroneous readings from sensor 2.

¢  “Total Trust” Paradox: In this case, one sensor strongly contradicts the other, although
they share a common focal element with low supporting evidence. For example,
consider the frame ©® = A, B, C and
Sensor 1: m1(A) = 0.95,m1(B) = 0.05,m;(C) =0
Sensor 2: my(A) = 0.0,my(B) = 0.1,my(C) = 0.9
Applying Equation (1) and (2), m13(A) = 0,m12(B) = 1,m12(C) =0, and K = 0.99. In
this case, common sense indicates that either n(A) or m(C) should be correct, yet the
incorrect proposition B is identified as true.

The goal of a decision-level sensor fusion algorithm is to combine results from multiple
sources so that they can improve the limitations of a single-sensor-based system. Moreover,
the fusion algorithm should be able to detect if there is any faulty sensor present in the
system and compensate for it. The algorithm under consideration computes the evidence
distance originating from each sensor and subsequently assesses the level of agreement or
disagreement between sensors. Subsequently, the system provides incentives to sensors
that exhibit consensus following their respective levels of information. Sensors with higher
information quality get higher rewards. Sensors that disagree with other sensors are
penalized so that their evidence has lower weights on the fused result. The method under
consideration demonstrates the ability to effectively integrate disparate and contradictory
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data from numerous sensors, thereby addressing a notable constraint inherent in the
original DS combination rule. Here the description follows the approach taken by [40,53]
to describe the relevant algorithm:

Step 1: Construct a multi-sensor information matrix for space domain fusion by considering
a system with N sources of evidence (sensors) within the frame © = {H;j, Hy,..., Hp}
representing the objects to be classified.

my(Hy)  my(Ha) my(Hm)
my(Hy)  my(Hp) ma(Hp)

) 3)
mN(Hl) mN(Hz) mN(HM)

For time domain fusion, assume there are N time-steps in the frame ® = {H;, Hy, ..., Hy}

my(Hy) mi(Ha) ... mi(Hm) t
my(Hy)  my(Ha) ... ma(Hwm) ta

) =1. 4)
my(Hy) my(Hp) ... myn(Hpm) ts

Step 2: Measure the relative distance between the evidence. Consider two mass functions
m; and m; defined over the discriminant frame ©; the Jousselme distance between m; and
m; is defined as follows:

1
DM(mj,m;) = \/2-(mi —m;) D+ (m; —mj)" (5)
where D = }QGSI and |.| indicates cardinality.

Step 3: Compute the total evidence distance for each sensor.

N
di = ), DM(m;m) (6)
j=1&j#i

Step 4: Compute the global average of evidence distance.

- YN

d = =""— 7
= @

Step 5: Determine the belief entropy of each sensor based on Equation (9) and perform

normalization.

Step 6: The set of evidence is divided into two categories: credible evidence and incredible

evidence, as defined by Equations (13) and (14):

If d; < d,m;is credible evidence

If d; > d,m;is incredible evidence

(8)

The credible evidence is rewarded so that it has more weight in the final fused result.
The incredible evidence is detected as a faulty sensor and penalized. The following reward
and penalty functions are used:

Credible evidence, Reward := —In(Ep(m))

Incredible evidence, Penalty = —In(1— Ep(m))
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Perform normalization on reward and penalty values to derive evidence weights.

Step 7: Update the original evidences.

m(A) = Zmi(A) S W; (10)

where w; is the sensor evidence weight.
Step 8: Aggregate the modified evidence for (1 — 1) times (n is the number of sensors) with
the DS combination rule by using Equations (1) and (2).

The proposed decision-level sensor fusion algorithm has multiple advantages:

¢ Enhances the constraints of the first DS combination principle.

¢  Combines results from both homogeneous and heterogeneous sensors at the deci-
sion level.

*  Has the capability to identify and rectify malfunctioning sensors, thus ensuring that
the inaccurate readings from these sensors do not adversely impact the fused findings.

Algorithms 1 and 2 present the pseudocode for the two processes. The reduced format
of this method, together with the final output, is illustrated in Figure 4. Initially, a three-
dimensional information matrix is generated to encompass all the sensor evidence collected
over the time interval from 1 to ¢;. In the context of time domain fusion, the fusion process
involves integrating information from all the chosen time steps, resulting in the production
of a two-dimensional matrix as the output. In the context of space domain fusion, the
fusion process involves integrating input from several sensors. The resulting output is a
vector that encompasses categorization evidence, represented as a percentage output, for
each individual item.

Algorithm 1 Time Domain Fusion using Multiple Sensors

: Input: Sensor data from left, center, and right cameras
: Output: Fused classification percentages for Pigweed and Ragweed
Load sensor data
: Extract Pigweed and Ragweed data from each sensor
: Define information matrices for each camera
: Set parameters: time steps (ts) and number of objects
: for each time window do
for each time step in the window do
Compute distance matrix D
Compute entropy
Calculate normalized entropy and rewards
Determine weights and initial evidence
Perform evidence fusion
14: Store fused evidence
15: end for
16: end for
17: Extract and plot original and fused classification percentages
18: Plot: Original and fused classification percentages

O 0N Ul AW N e

[
PN 22
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Al

gorithm 2 Space Domain Fusion using Multiple Sensors

[ I N N e o e e e e
S VO XN T RN R~ O

O 0N U A WN e

: Input: Information matrix M from multiple sensors
: Output: Fused evidence for classification
: Step 1: Define information matrix M

Step 2: Compute distance matrix D

: for each sensor pair do

Calculate Jousselme distance D;; for sensor pairs
end for

: Construct distance matrix DM

: Step 3: Calculate average evidence distance d

. Step 4: Compute entropy for each sensor

: Normalize entropy values

: Step 5: Calculate rewards and penalties

: Normalize evidence weights

: Step 6: Modify original evidence using weights
: Step 7: Perform evidence fusion iteratively

: for each sensor combination do

Calculate fusion matrix
Compute combined evidence

: end for
: Output: Fused evidence for classification

—
—

Object 1 Object 2 Object M

sensor1 [my(Hy) my(Hy) - - my(Hy) ¢

Sensor 2

| ; IR t
Sensor N mN(Hl) mN(HZ) mN(HM) t, /

\ Time-steps l

|

Information Matrix

4

- - [
Time - domain =

G (t,-t

Step 2 — Step 8: —
Space - domain | [m(Hl) m(HZ) m(HM)]
fusion (m, = my) (8-t

Step 2 - Step 8: My M) e ma(Hy)

fusion mN(.Hl) mN{HZ) B mN(.HM)

s)

o

Figure 4. Simplified representations of time domain and space domain fusion processes.

2.3. Methodologies
The proposed system is developed following a three-step methodology. Initially, a

weed image dataset is curated, and the CNN model is trained using this dataset. Subse-

quently, the trained model is evaluated in a test environment utilizing a single-camera-based



Computation 2025, 13, 174

13 of 28

video feed in different scenarios. Finally, a multi-sensor-based sensor fusion algorithm is
implemented to overcome limitations observed in the single-camera feed and also address
common issues such as the presence of a faulty sensor and partial occlusion. The output
from the weed classification process is integrated into the control spray mechanism of
the AgBot used in the test environment. The classification and spray system pipeline is
demonstrated in Figure 5.

Offline ~ Autonomous -
ore Herbicide
classifier field e
training traversal
Training dataset Field movement Receive signal according
creation to detected weed
' Video capture
- Nozzle movement and
CNN training spray
i Weed classification
Deploy classifier .
on AgBot Signal to spray system Weed destruction

Figure 5. Classification and spray system pipeline of the AgBot.

2.3.1. Weed Image Dataset and Image Processing

A widely accessible 16-megapixel digital camera was used to capture photos to con-
struct the dataset. The IUPUI Greenhouse cultivated three common species of corn weeds:
Xanthium strumarium (Common Cocklebur), Amaranthus retroflexus (Redroot Pigweed),
and Ambrosia trifida (Giant Ragweed) for this purpose. Additionally, we visited real corn
fields during the summer to photograph weeds. Sample photographs are shown in Figure 6.
The study used a maximum input image size of 150 by 150 pixels, corresponding to the
input dimension of the convolutional neural network (CNN), which the 16-megapixel cam-
era supported adequately. The dataset comprises 1993 images in total, with the distribution
across different classes and sets presented in Table 2. Given that transfer learning has
proven effective for small datasets [54] and is widely used in medical applications [55,56],
and since there were no suitable open-source datasets available for our specific needs, we
were motivated to create our own dataset. In this study, we observed that a dataset of nearly
2000 images was sulfficient to achieve satisfactory results. No augmentation techniques
were employed to enhance the dataset size.

(a) Ragweed (b) Pigweed (c) Cocklebur

Figure 6. Sample images of the weed dataset.
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Table 2. Weed image dataset.
Dataset Cocklebur Pigweed  Ragweed Total
Train image set (used for training 544 505 550 1601
the classifiers)
Vah.datlon image set (used for 65 2 69 19
tuning hyperparameters)
Test image set (used for 65 2 69 19
classification report)
Total images 674 629 690 1993

2.3.2. Conducting Transfer Learning on VGG16

The next step involved conducting transfer learning on a pre-trained VGG16 model.
This VGG16 model was originally trained using a subset of the ImageNet dataset for
ILSVRC 2012, which contains 10 million images representing over 1000 object types. We
re-trained this model with our weed image dataset. The entire dataset was split into
three distinct mutually exclusive subsets, training, validation, and test datasets, with an
approximate split of 80%, 10%, and 10%, respectively, to maintain the essential principle
of supervised learning. The training set was used to train the CNN classifiers with image
instances, while the validation set helped optimize the model’s hyperparameters. Finally,
the test set was reserved for evaluating and reporting the model’s performance. The
class-wise image counts are detailed in Table 2. For training this model, a learning rate
of 1 x 107>, the Adam optimizer, and the sparse categorical cross-entropy loss function
were used. The model, pre-trained on ImageNet subsets, underwent transfer learning for
50 epochs.

2.3.3. Real-Time Classification from Single-Camera Video Input

The experimental environment was designed to evaluate the algorithm under con-
trolled conditions since it was challenging to find weed collocations in the field. To evaluate
the performance of the CNN classifier using a single-camera video feed, we designed
four specific scenarios. These scenarios were devised to assess the accuracy and stability
of the classifier’s output. In the first scenario, a potted Pigweed plant was placed, and
the camera was moved over the plant to simulate the movement of an AgBot camera
across a weed patch. In the second scenario, a Ragweed plant and a Pigweed plant were
positioned in such a way that the camera view did not overlap the two different plant types
during the video recording. The third scenario involved introducing artificial Gaussian
and salt-and-pepper noise into the images, which were then subjected to classification by
the CNN classifier. Lastly, in the fourth scenario, three stages of linear blurriness (low:
10%, medium: 25%, high: 40%) were artificially applied to the weed images before being
evaluated by the classifier. The videos were captured using a 12-megapixel digital camera
placed approximately 2 feet above the plant at a 45-degree angle.

2.3.4. Implementation of Sensor Fusion Algorithm

To address the possible issues associated with single-camera video feeds, an array of
three cameras placed side-by-side with each other at a constant distance was used. All
three cameras focused on the same subject that was present directly in front of the center
camera. This test scenario was developed to address the shortcomings associated with a
single-sensor classification system. Two different operating conditions were simulated. In
the first scenario, one sensor provides faulty output, and in the second case, two out of
three cameras are partially occluded. Classification accuracy with the CNN classifier is
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monitored for both conditions and finally, space and time domain sensor fusion is applied
in both cases to observe an improvement in outputs.

3. Results
3.1. Classification Report

Figure 7 shows the training and validation accuracy of the trained CNN model. The
training accuracy smoothly improves and reaches 99% after 50 epochs. The validation
accuracy also reaches over 95% and simulation is stopped. One interesting aspect is that
both training and validation accuracy start at over 70% accuracy at epoch zero. This is
one of the biggest advantages of transfer learning over training from scratch. Because we
already started with a pre-trained model on Imagenet, it was able to achieve that accuracy
at the beginning, saving a lot of simulation time and reducing the possibility of overfitting.
Table 3 shows the confusion matrix of the model. From the confusion matrix, it is clear
that Ragweed is the hardest one to classify. The CNN model misclassified Ragweed as
Cocklebur/Pigweed in seven instances.

Training and validation accuracy
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Figure 7. Training and validation accuracy.

Table 3. Confusion matrix based on test image set.

True Label Cocklebur 65 0
Ragweed 4 55
Pigweed 0 4 65
Cocklebur Ragweed Pigweed
Predicted label

We trained two additional models with this dataset to present a comparative study of
the model’s performance. The first model is a small six-layer CNN, designed as a simplified
version of VGGL16 to suit the smaller dataset better. Although the structure mirrors that of
VGGI16, the number of parameters is significantly reduced. Figure 8 illustrates the architec-
ture of this model. For training, we used a learning rate of 1 x 10—, the RMSprop optimizer,
and sparse categorical cross-entropy loss. The second model is InceptionResNetV2, which
was similarly pre-trained on an ImageNet subset and subsequently fine-tuned with our
image dataset. The parameters for this model included a learning rate of 2 x 107>, the
RMSprop optimizer, and sparse categorical cross-entropy loss. This model also underwent
transfer learning for 50 epochs. The comparative classification report, including inference
times, is shown in Table 4. The proposed model demonstrates the highest recall for all



Computation 2025, 13, 174

16 of 28

weed classes and the highest precision and F1 score for the Pigweed and Ragweed classes.
Notably, Pigweed classification poses a significant challenge, as evidenced by the recall
rates of the CNN models, with the proposed model achieving the highest recall at 0.89.
Inference time is crucial for real-time categorization derived from video inputs. Here, all of
the models were trained on a Core i5, 8 GB RAM machine. Although the small six-layer
CNN model had the fastest inference time, the proposed model’s inference time of 0.266 s,
resulting in approximately four frames per second (FPS) in our test scenario, was satis-
factory, especially considering the performance metrics and the lack of GPU acceleration.
When utilizing GPU acceleration, specifically with the Nvidia GTX 1060 Ti, the proposed
model achieved a performance rate of approximately 30 FPS.

Layer (type) Output Shape Param #
conv2d 1 (Conv2D) (None, 148, 148, 32) 896
max_pooling2d 1 (MaxPooling2 (None, 74, 74, 32) 0
conv2d 2 (Conv2D) (None, 72, 72, 64) 18,496
max_pooling2d 2 (MaxPooling2 (None, 36, 36, 64) 0
conv2d 3 (Conv2D) (None, 34, 34, 128) 73,856
max_pooling2d 3 (MaxPooling2 (None, 17, 17, 128) c]
conv2d 4 (Conv2D) (None, 15, 15, 128) 147,584
max_pooling2d 4 (MaxPooling2 (None, 7, 7, 128) 0
flatten_1 (Flatten) (None, 6272) 0]
dense 1 (Dense) {None, 512) 3,211,776
dense 2 (Dense) (None, 3) 1539

Total params: 3,454,147
Trainable params: 3,454,147
Non-trainable params: 0

Figure 8. Six-layer CNN architecture.

Table 4. Comparative classification report of the three models: 6-layer CNN (model-1), transfer-
learned InceptionResNetV2 (model-2), and transfer-learned VGG16 (model-3). C = Cocklebur;
R =Ragweed; and P = Pigweed. Inference time (classifying image to infer a result) tested on a Core
i5, 8 GB RAM machine.

Model-1 Model-2 Model-3

C P R C P R C P R
Precision 079 074 0.89 096 092 079 094 094 0.96
Recall 1 0.68 074 1 07 094 1 0.89 0.94
F1 score 0.88 0.71 0.81 098 0.79 0.86 096 0.94 0.95
Training accuracy ~ 0.85 0.97 0.99
Validation accuracy 0.8 0.93 0.97
Testing accuracy 0.81 0.88 0.94
Image size 150 x 150 x 3 299 x 299 x 3 150 x 150 x 3

Inference time 0.064 s (CPU) 3.68 s (CPU) 0.266 s (CPU), 0.032 s (GPU)
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3.2. Real-Time Classification from a Single Camera Video Input
3.2.1. 1 Pigweed in Video Frame (Figure 9)

In a 30 s video input, a full Pigweed plant appears in the frame for 26 s. During this
period, the classifier achieves nearly 100% accuracy in identifying Pigweed. After the 26 s
mark, the Pigweed plant moves out of the frame, leading to partial occlusion and resulting
in occasional misclassifications. Overall, the classifier reliably delivers stable and accurate
identification in real-time video when only a single type of weed plant is present.

'gsg'o ipaambo,

—-LPigweed
100.0023—”’, I --"‘\,_‘ ‘
90.00% S~ e mmm===mT
80.00% |
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

o

Classification %

0 5 10 15 20 25 30
time (s)

—Cocklebur Pigweed —Ragweed

Figure 9. Classification accuracy from video input using fine-tuned VGG16. Only one Pigweed plant
on video.

3.2.2. 1 Ragweed and 1 Pigweed in the Video, Separately Placed (Figure 10)

In a 50 s video input, Ragweed is visible in the frame during the first 25 s before
gradually moving out, while Pigweed enters the frame. For Ragweed, classification IDs are
unstable between 12 and 18 s, with additional instability occurring during the transition
period from 25 to 35 s. Despite these fluctuations, the model overall achieves high accuracy
in classifying both plants. It effectively manages real-time transitions between different
plant types. These two scenarios commonly occur in corn fields.

3.2.3. 1 Ragweed in the Frame, Noise Artificially Introduced (Figure 11)

The robustness of the proposed model was evaluated by introducing artificial
noise—specifically Gaussian and salt-and-pepper noise—into the images. Such noise,
often caused by field conditions or low-quality sensors, can degrade classifier accuracy.
However, as illustrated in Figure 11, the presence of noise in the input images does not
significantly impact the classifier’s performance. Additionally, variations in noise intensity
up to a certain level were found to have minimal effect on classification accuracy. This
resilience is likely due to the deep architecture of the VGG16 network, which enables it to
learn features that remain robust in the presence of noise [22]. The initial layers are more
susceptible to the influence of high-frequency noise. The impact of noise on the responses
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of the latter layers is comparatively lower compared to the initial layers. Transfer learning
was employed in this study to just retrain the final layers of the VGG16 network. This
factor may contribute to the enhanced resilience of the classifier in the presence of noise.

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

Classification %

10 15 20 25 30 35 40 45 50
time(s)

—~Cocklebur —Pigweed -——Ragweed

Figure 10. Classification accuracy from video input using fine-tuned VGG16. One Pigweed plant and
one Ragweed plant on video, separately placed.
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Figure 11. Effect of Gaussian and salt-and-pepper noise on classification accuracy.

3.2.4. 1 Ragweed in the Frame, Blurriness Artificially Introduced (Figure 12)

The proposed model also shows good results in scenarios where blurriness was in-
troduced to mimic camera vibrations. In the context of low blur, accurate classification



Computation 2025, 13, 174

19 of 28

is achieved for both nearby and distant field images. Incorrect classification in near-field
contexts happens when medium and high levels of blur are present. In the context of
far-field analysis, inaccurate categorization is observed exclusively in conditions of sig-
nificant blurring. The influence of motion blur on the accuracy of image categorization is
more pronounced for near-field images than for far-field images. This observation suggests
that positioning the camera at a distance that effectively captures the distinguishing char-
acteristics of the weed plants from the greatest feasible distance is advisable. Moreover,
conventional masks such as the Unsharp Mask and Gaussian Mask are ineffective in recti-
fying motion blurriness when it is severe. This observation suggests that the retrieval of
lost information resulting from motion blur is a significant challenge.

Low Blur

Near
Field
——
Incorrect |
F
Far
Field

Figure 12. Effect of different levels of blur on classification accuracy.

It is evident that while the proposed algorithm can mitigate the impact of noise and
vibration on classification accuracy to some extent, it is unable to consistently produce
accurate outputs in all situations. However, achieving a stable and accurate weed classifi-
cation output is crucial for the correct functioning of the herbicide spray system. In both
Figures 9 and 10, it is observed that when the weed is partially occluded due to camera
movement, the classification becomes unstable, and the output from the CNN classifier is
insufficiently clear to trigger a signal for the herbicide spray system. Furthermore, in the
event of a sensor failure during operation, the entire system would become inactive. To
overcome these limitations and enhance the overall robustness of the system, a decision-
level multi-sensor fusion algorithm is proposed in the next section. This algorithm aims to
address these challenges and improve the system’s reliability and stability.

3.3. Sensor Fusion-Based Weed Detection Under Different Operating Conditions
3.3.1. Performance Analysis of the Proposed Method

The theoretical foundation and effectiveness of the proposed method are demonstrated
in [40], where the following analysis is presented. Consider a multi-sensor system with
three target types, A, B, C, where A is the true target. The basic probability assignment
(BPA) from four sensors is listed below.

Sensor 1: mq(A) = 0.41,my(B) = 0.29,m1(C) = 0.3
Sensor 2: my(A) = 0.0,m(B) = 0.9,m(C) = 0.1
Sensor 3: m3(A) = 0.58,m3(B) = 0.07, m3(A,C) = 0.35
Sensor 4: my(A) = 0.55,my4(B) = 0.1,m4(A,C) = 0.35
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Here, sensor 2 provides outputs that contradict those of the other sensors. The com-
parison of evidence combination with respect to other similar methods is shared in Table 5.

Table 5. Results of different combination methods for the given example [40].

Methods mip mi23 mM1234
m(A) =0, m(A) =0, m(A) =0,
Dempster [42] m(B) = 0.8969, m(B) = 0.8969, m(B) = 0.8969,
m(C) =0.1031 m(C) = 0.1031 m(C) =0.1031

Murphy [57]

m(A) = 0.0964,
m(B) = 0.8119,
m(C) = 0.0917,
m(AC) =0

m(A) = 0.4619,
m(B) = 0.4497,
m(C) = 0.0794,
m(AC) = 0.0090

m(A) = 0.8362,
m(B) = 0.1147,
m(C) = 0.0410,
m(AC) = 0.0081

Deng [58]

m(A) = 0.0964,
m(B) = 0.8119,
m(C) = 0.0917,
m(AC) =0

m(A) = 0.4974,
m(B) = 0.4054,
m(C) = 0.0888,
m(AC) = 0.0084

m(A) = 0.9089,
m(B) = 0.0444,
m(C) = 0.0379,
m(AC) = 0.0089

Han [59]

m(A) = 0.0964,
m(B) = 0.8119,
m(C) = 0.0917,
m(AC) =0

m(A) = 0.5188,
m(B) = 0.3802,
m(C) = 0.0926,
m(AC) = 0.0084

m(A) = 0.9246,
m(B) = 0.0300,
m(C) = 0.0362,
m(AC) = 0.0092

Wang [60]
recalculated

m(A) = 0.0964,
m(B) = 0.8119,
m(C) = 0.0917,
m(AC) =0

m(A) = 0.6495,
m(B) = 0.2367,
m(C) = 0.1065,
m(AC) = 0.0079

m(A) = 0.9577,
m(B) = 0.0129,
m(C) = 0.0200,
m(AC) = 0.0094

Jiang [61]

m(A) = 0.0964,
m(B) = 0.8119,
m(C) = 0.0917,
m(AC) =0

m(A) = 0.7614,
m(B) = 0.1295,
m(C) = 0.0961,
m(AC) = 0.0130

m(A) = 0.9379,
m(B) = 0.0173,
m(C) = 0.0361,
m(AC) = 0.0087

Proposed

m(A) = 0.0057,
m(B) = 0.9691,
m(C) = 0.0252,
m(AC) =0

m(A) = 0.7207,
m(B) = 0.1541,
m(C) = 0.1178
m(AC) = 0.0070

m(A) = 0.9638,
m(B) = 0.0019,
m(C) = 0.0224,
m(AC) = 0.0117

Table 5 shows that the proposed method outperforms other combination rules in four-
sensor fusion and correctly identifies proposition A with an evidence value comparable to
the highest observed in the three-sensor fusion case. Therefore, to balance accuracy and
computational efficiency, we chose to use a three-camera setup in this study.

3.3.2. When a Faulty Sensor Is Present

In an ideal scenario, when a CNN classifier detects an object, it is expected to accu-
rately identify that object with a classification accuracy of 100%. However, in practical
applications, the accuracy of categorization might vary significantly, potentially due to
factors such as noise, variations in lighting conditions, vibrations, occlusion, and other
similar influences. An object categorization system that can consistently produce a reliable
output is essential for ensuring the accurate application of herbicides in a spray system. To
achieve this, a multi-sensor fusion architecture with the capability to fuse evidence in the
time and space domains is proposed to create a steady classification output that not only
addresses the issues associated with single-sensor-based classification instabilities but also
prevents inaccurate classification caused by faulty sensor data. In this scenario (Figure 13),
the right camera represents a faulty sensor (synthetically introduced data: faulty sensor).
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The right camera shows contradicting output compared to the center and left cameras
(Figure 14a,b).

In the time domain, a fixed number of time steps (t; = 10 for this case) is selected
to fuse evidence from each sensor. Since the fusion algorithm assigns weights to the
evidence, sensor outputs that conflict with others at a particular time step (i.e., incorrect
classifications) receive lower weights. Using a larger f; for time domain fusion results in
a more robust output with smoother classification curves, but it also slows the response
time, causing lag in detecting changes. Thus, ¢; serves as a tuning parameter, allowing a
trade-off between faster response (smaller ¢;) and greater robustness (larger t;).

As the number of sensors increases, so does the likelihood of having a faulty sensor
in the system. Any multi-sensor fusion algorithm must be capable of identifying such
faulty sensors and compensating for their impact within the fusion process. The proposed
algorithm achieves this during the space domain fusion step by detecting sensors whose
evidence conflicts with that from other sensors. It then assigns lower weights to the
evidence from the faulty sensor, reducing its influence on the final classification outcome.

Figure 14 illustrates the classification outputs at each stage, corresponding to the
process depicted in Figure 13. At the top, the figure marks the time intervals where Ragweed
and Pigweed should be classified with 100% accuracy (ground truth). Figure 14a,b show the
classification outputs from each camera for Pigweed and Ragweed, respectively. Between
time steps 2040 and 60-100, the CNN exhibits unstable classification (e.g., between 20-40,
it fails to maintain 100% accuracy for Ragweed). Notably, the right camera shows high
accuracy for Pigweed during time steps 20-80—when Ragweed should be dominant—and
high accuracy for Ragweed between steps 100-150, when Pigweed is expected.

It is important to note that this data was artificially generated to demonstrate the fusion
algorithm’s effectiveness. After applying time domain fusion (Figure 14c), the classification
outputs become more stable (smoother curves), although the right camera’s contradictory
outputs persist. Following space domain fusion (Figure 14d), the algorithm compensates
for the faulty right camera evidence by assigning it lower weights. The final output thus
delivers steady and accurate weed classification consistent with the ground truth.
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Figure 13. Sensor fault detection via time and space domain fusion.
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Figure 14. Ground truth value for Ragweed and Pigweed shown at the top. (a) Classification accuracy
from left, center, and right cameras for Pigweed. (b) Classification accuracy from the left, center, and
right cameras for Rigweed. (c) Stable classification output (smooth curve) with time domain fusion.
(d) Eliminated the effect of faulty sensor (right camera) evidence on final classification output with
space domain fusion.

3.3.3. When Weed Is Partially Occluded

Partial occlusion in the field can result from factors such as wind, uneven terrain,
or weeds growing outside the camera’s region of interest. Figure 15 illustrates a partial
occlusion scenario within our multi-sensor setup, including zoomed-in images showing
the views from different cameras. During the first half of the video, Pigweed is partially
occluded in the center and left cameras, while fully visible to the right camera. In the
second half, Ragweed is partially occluded in the center and right cameras but fully visible
to the left camera. Potted plants were strategically positioned to simulate this partial
occlusion scenario.

Figure 16 presents the classification accuracy and fusion process, with the ground
truth values displayed at the top for reference. Between time steps 20-30, the left camera
experiences a drop in classification accuracy for Pigweed (Figure 16a), likely caused by
partial occlusion. Similarly, between time steps 70-80, both the right and center cameras
show reduced accuracy for Pigweed (Figure 16b). A small time step (t; = 3) is selected
for the time domain fusion to better capture the system’s dynamics. During space domain
fusion, classification errors due to partial occlusion are mitigated by the algorithm. For
instance, between time steps 20-30, the left camera’s evidence conflicts with that of the
right and center cameras—the latter two strongly support Pigweed while the left camera
provides contradictory evidence. Consequently, the algorithm penalizes the left camera’s
input during this period. The final fused classification output successfully aligns with the
ground truth accuracy, as indicated at the top of the figure.
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Figure 16. Ground truth value for Ragweed and Pigweed at the top. (a) Classification accuracy
from left, center, and right cameras for Pigweed. (b) Classification accuracy from left, center, and
right cameras for Rigweed. (c) Reduced classification error (smooth curve) with time domain fusion.
(d) Eliminated the effect of partial occlusion on final classification output with space domain fusion.

The experiments described in the previous sections demonstrate the considerable
efficacy of the proposed classification algorithm under scenarios involving noise and
vibration. However, a single-camera system is insufficient in handling challenges related
to faulty sensors and partial occlusion. The presented sensor fusion algorithm offers a
solution to address those concerns. Thus, this proposed system attempts to overcome
some of the major issues observed in farmlands and enhance the reliability of herbicide
spraying systems.



Computation 2025, 13, 174

24 of 28

4. Discussion

This study presents a convolutional neural network (CNN)-based classification frame-
work leveraging transfer learning, specifically utilizing a pre-trained VGG16 architecture,
to enable real-time weed detection. The proposed system is designed to address challenges
typically observed in single-sensor vision-based agricultural systems, such as noise, me-
chanical vibrations, occlusion of targets, and intermittent sensor failure. To overcome these
limitations, a Dempster—Shafer theory-based decision-level multi-sensor fusion algorithm
is introduced, offering a robust and scalable approach to integrating observations from
multiple sensors.

The paper is structured around three main contributions:

¢ Retraining and Fine-Tuning of VGG16 CNN Architecture: A VGG16 model, pre-
trained on ImageNet, was fine-tuned using a domain-specific weed dataset to improve
classification performance for target weed species. Transfer learning allowed the
model to learn robust, discriminative features from a relatively small dataset, improv-
ing generalizability in diverse field conditions.

¢ Real-Time Deployment on Autonomous Agricultural Platform (AgBOT): The retrained
model was deployed on AgBOT with a monocular RGB camera. The performance was
evaluated under real operating conditions, including varying illumination, occlusion,
and motion-induced noise. The system demonstrates F; scores of 0.96, 0.94, and 0.95
for Cocklebur, Pigweed, and Ragweed, respectively. The overall classification accuracy
is observed to be 94%. Moreover, the model achieves an average inference time of
0.266 s on CPU and 0.032 s on GPU, confirming the suitability of the approach for
real-time applications.

*  Design and Evaluation of Multi-Sensor Fusion Algorithm: While the single-sensor
setup shows promising results, its performance degrades under specific scenarios such
as partial occlusion or sensor malfunction, leading to misclassification and unreliable
control signals for downstream actuators (e.g., herbicide sprayers). To mitigate this,
the study introduces a decision-level fusion strategy incorporating time domain and
space domain reasoning.

Time domain fusion smooths classification outputs over a fusion time window ts. The
algorithm detects inconsistency in predictions from a given sensor over time and penalizes
unstable outputs. Experimental evaluation shows that setting ts = 10 s effectively stabilizes
classifications in the presence of a faulty sensor (Figure 14), while ¢; = 3 s is sufficient to
handle temporary occlusions (Figure 16). This temporal smoothing significantly improves
the robustness of the CNN output in dynamic field environments. Space domain fusion
utilizes redundancy across multiple sensors to isolate and correct faulty outputs. When one
sensor provides data that significantly deviates from the consensus among the sensor array,
its influence is down-weighted. The algorithm dynamically adapts to sensor disagreements,
thereby preventing misclassification due to isolated failures. This approach is particularly
effective in detecting outliers caused by sensor dropouts or environmental interference. The
combined fusion framework ensures that even if one or more sensors exhibit inconsistent
or erroneous behavior, the overall classification system remains stable and accurate. In
test scenarios, the system consistently mitigated classification anomalies arising from
challenging conditions such as partial occlusion or sensor drift.

Overall, this study demonstrates that combining transfer learning with a robust sensor
fusion framework can significantly improve weed classification accuracy and reliability
under real-world conditions. The architecture is computationally efficient, scalable, and
suitable for real-time deployment on autonomous agricultural robots. By addressing both
temporal and spatial uncertainties in sensor outputs, the proposed system provides a fail-
safe mechanism for mission-critical agricultural operations like targeted herbicide spraying.
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5. Conclusions

This study presents a multi-sensor fusion algorithm for improved weed classifica-
tion using real-time camera image data for autonomous precision weeding with transfer
learning-based CNN, assuming prior weed species knowledge. For a small image dataset,
transfer learning avoids the complex and labor-intensive step of hard-coded feature ex-
traction from images and provides higher accuracy compared to a CNN model built from
scratch. We re-trained a VGG16 with a small weed dataset and demonstrated that the
model shows sufficient test accuracy and moderate inference time, adequate for real-time
applications. Implementation of the weed detection model in real-time applications via an
Autonomous AgBot using a single camera was observed to run into classification instability
in challenging scenarios such as noise, vibration, and occlusion. To overcome the limita-
tions of the single-camera feed, we proposed a multi-camera sensor fusion algorithm by
utilizing a Dempster—Shafer combination rule. The test result shows that not only the final
weed classification output from the multi-sensor system with sensor-fusion algorithm is
robust and accurate in scenarios like noise and vibration, which eliminates the classification
instability, but also it can handle challenging operating conditions such as faulty sensors
or partial occlusion very well and provide reliable output to be used for applications in
herbicide spraying.

It is important to emphasize that there are some limitations to this method, which
we plan to address in future studies. Since time domain fusion is highly sensitive to the
choice of time window (f;), selecting a longer ¢; may excessively smooth the output and
reduce system responsiveness, while a shorter t; might not effectively suppress transient
noise. Similarly, space domain fusion depends on the number of integrated sensors; while
a higher number of sensors increases redundancy and improves decision reliability, it also
adds to the system’s complexity and cost. Therefore, a trade-off exists between temporal
responsiveness, spatial robustness, and overall system efficiency. Careful tuning of t; and
sensor array size is necessary to achieve an optimal balance between classification accuracy,
inference latency, and resource consumption.

In this study, we primarily focused on detecting a single weed within the camera
frame. In future work, this research can be extended to handle multiple weeds in a single
frame and to evaluate system performance across different crop fields and various weed
species. These extensions will help assess the scalability and robustness of the proposed
system in more diverse and realistic agricultural environments.
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