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Abstract

Modern agriculture heavily relies on Site-Specific Farm
Management practices, necessitating accurate detection,
localization, and quantification of crops and weeds in the
field, which can be achieved using deep learning tech-
niques. In this regard, crop and weed-specific binary seg-
mentation models have shown promise. However, uncon-
trolled field conditions limit their performance from one
field to the other. To improve semantic model generaliza-
tion, existing methods augment and synthesize agricultural
data to account for uncontrolled field conditions. However,
given highly varied field conditions, these methods have
limitations. To overcome the challenges of model deterio-
ration in such conditions, we propose utilizing data specific
to other crops and weeds for our specific target problem. To
achieve this, we propose a novel ensemble framework. Our
approach involves utilizing different crop and weed models
trained on diverse datasets and employing a teacher-student
configuration. By using homogeneous stacking of base
models and a trainable meta-architecture to combine their
outputs, we achieve significant improvements for Canola
crops and Kochia weeds on unseen test data, surpassing
the performance of single semantic segmentation models.
We identify the UNET meta-architecture as the most effec-
tive in this context. Finally, through ablation studies, we
demonstrate and validate the effectiveness of our proposed
model. We observe that including base models trained on
other target crops and weeds can help generalize the model
to capture varied field conditions. Lastly, we propose two
novel datasets with varied conditions for comparisons. Our
code will be available at github.com.

1. Introduction
Throughout human history, farming has been the most cru-
cial component of society for the survival of human be-
ings. Modern farming requires more than traditional tech-
niques and hugely relies on Site Specific Farm Manage-
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Figure 1. (a) Sample images containing early and mid-stage
Canola plants, (b) Canola pixels classified by traditional encode-
decoder scheme: ResNet50-SegNet. It can be observed that some
Canola plant pixels are misclassified as background class. (c) Our
proposed framework addresses the false negatives and rightly clas-
sifies the majority of Canola pixels. (Best viewed on screen and
when zoomed-in).

ment (SSFM) which requires timely and accurate detec-
tion, localization and quantification of crop and weeds in
the field [18]. SSFM suggests varying the fertilizer and her-
bicide application rate to the field [33] by mapping the vari-
ability of crops and weeds. With the recent advances in
deep learning, accuracy for object detection, localization,
and quantification in digital images has tremendously en-
hanced [48]. Semantic segmentation is widely employed
due to its ability to accurately determine the boundaries of
different plant categories in an image [12, 45].

Crop and weed-specific binary semantic segmentation
models are commonly employed for improved performance
and reducing the effort to manually label every single plant
category individually at the pixel level [2, 3, 35]. How-
ever, with digital images collected under uncontrolled field
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conditions, the performance of crop and weed-specific se-
mantic segmentation models deteriorates. Varying image
backgrounds, crop staging, crop stress, incidence of unseen
vegetation, variable ambient lighting conditions and chang-
ing parameters of imaging equipment are common causes
of model failure from one field to another. Improving mod-
els on test data is an active area of research in semantic
segmentation-based models [7, 10, 16, 20, 21, 40, 49, 52,
53]. The challenges presented by agriculture imagery col-
lected under uncontrolled field conditions warrant develop-
ing solutions for model generalization.

Few works in the literature [28, 30, 32, 36] apply domain
adaptation to the semantic segmentation models bridging
the domain gap by augmenting labelled data using Genera-
tive Adversarial Networks (GANs) [30]. Other methods in-
clude adversarial domain adaptation, where a model learns
features robust to domain changes [28, 32, 36]. In agricul-
ture applications, image enhancement methods are applied
to augment data to generalize semantic segmentation mod-
els [38, 43, 54]. However, only some works [35] achieved
generalization by learning from the data of other crops and
weeds.

We develop a novel method that employs an ensemble
framework to achieve generalization as models trained for a
different target (crop or weed) task can bridge any domain
gap. To avoid the need for end-to-end ensemble predic-
tion, we use teacher-student configuration to train the stu-
dent model from an ensemble of crop and weed models. In
such a setting, two ensemble strategies are used: hetero-
geneous and homogeneous ensemble [7]. We opt for ho-
mogeneous stacking of the base models utilizing different
crop models trained on diversified datasets. As each base
model is trained on a different crop, fusing the output of the
base teacher models is performed using a trainable meta-
architecture. Using this methodology, we improve the mean
Intersection Over Union (mIOU) for the Canola crop by up
to 12% and for Kochia weed by 6% on unseen test data
compared to single ResNet50-SegNet semantic segmenta-
tion. We also observe that the UNET meta-architecture per-
forms better than other meta-architectures.

We claim the following three contributions.
• We introduce homogeneous stacking of different crop and

weed models, which is not investigated before.
• We propose a novel knowledge distillation framework

which ensembles different crop/weed teacher models us-
ing semantic meta-architecture.

• We evaluate the proposed model by performing different
ablation studies.

2. Related Work
Currently, the encoder-decoder framework is widely em-
ployed in semantic segmentation for crop and weed detec-
tion [22]. UNET is such a network that has symmetrical

layers of encoder and decoder. Feature maps from each
encoder layer are connected to the corresponding decoder
layer [34]. Deep learning architectures like VGG [37] and
ResNet50 are used as the encoder block with UNet. An-
other widely employed encoder-decoder architecture is Seg-
Net [4]. In SegNet, indices of pooling layers are transferred
from encoder layers to corresponding decoder upsampling
layers. Using these networks, mIOU of 82% is achieved
for weed mapping in Canola fields [3]. UNet architectures
are tailored for agriculture data to improve crop and weed
mapping [41, 54]. These encoder-decoder frameworks’ per-
formance decreases with changing scale of the objects and
reduced feature resolution. To address these challenges,
recently, DeepLab [9] has been used for crop and weed
discrimination [18, 50]. Though the object scale changes
problem is addressed, these crop and weed detection meth-
ods are sensitive to field conditions. With a slight domain
shift, the model’s performance deteriorates. To bridge do-
main gaps, augmentation methods are mainly employed in
agriculture data [38, 43, 54]. These methods include ran-
dom image cropping and patching [38, 54], image enhance-
ment techniques [43], and traditional augmenters applied to
agriculture images [41]. However, synthetic and augmented
data do not account for diverse scenarios of real field con-
ditions.

In deep learning, ensemble methods are widely em-
ployed to improve model generalization. However, the en-
semble of semantic segmentation models for crop and weed
detection is overlooked. To improve model generalization
for uncontrolled field conditions, ensemble methods can
be adapted to agriculture data. Ensemble learning reduces
overall bias and variance by using the collective knowledge
of the base models to make predictions. Ensemble learning
can be divided into two distinct steps, namely, ensemble
strategy and fusion strategy [15]. Next, we discuss these
strategies in detail.

2.1. Ensemble Strategies

Ensemble strategies deal with training base models to
achieve diversity. Three commonly employed ensemble
strategies are 1) bagging, 2) boosting, and 3) stacking.
Bagging methods generate multiple bags of training data
to train base models [6]. Bagging in machine learning is
employed in techniques like SVM, neural networks and
stacked denoising autoencoders [1, 25]. Bagging is help-
ful in addressing challenging problems such as over-fitting
and data imbalance [5, 39].
Boosting Technique: In boosting to make predictions,
weak learners are trained with equal weights given to each
instance. In subsequent training sessions, more weight is
given to the misclassified instances so weak learners can
learn from challenging cases. AdaBoost and gradient boost-
ing are commonly employed boosting methods [13, 14].
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Recently, boosting has been used with deep neural networks
to improve the generalization of the models. Deep be-
lief network, deep boost, incremental boosting CNN, stage-
wise boosting CNN, and snapshot boosting are found in
the literature to improve the effectiveness and efficiency of
boosting methods [17, 27, 29, 42, 51].

Stacking strategy: trains a meta-architecture through dis-
tinct architectures, algorithms or hyper-parameter settings
and combines the base learners’ outputs. Welchowski et
al. [46] and Wang et al. [44] improved generalization and
reduced bias through different variants of deep convex nets
and deep stacking networks, respectively. In medical imag-
ing, Das et al. [11] operate different encoder-decoder archi-
tectures like SegNet [4] and UNet [34] to classify brain tu-
mours through semantic segmentation. In some cases, fea-
tures at different stages of the network are also extracted
and fused for improved performance of the deep neural net-
work [8].

Apart from the above categorization of ensemble strate-
gies, another categorization is homogeneous and heteroge-
neous ensemble learning [15]. As the name indicates, the
homogeneous ensemble model uses the same base models;
however, to create diversity in the prediction of the base
models, randomness and uncertainty are added to the train-
ing data of each base model. On the other hand, Bagging
is an example of homogeneous ensemble learning. Con-
trary to it, heterogeneous ensemble learning uses multi-
ple architectures as a base model with varying computa-
tional costs [26]. The output of these base learners is fused
for final prediction. Following subsection details ensemble
learning output fusion strategies.

2.2. Fusion Strategies

The final prediction of an ensemble model depends on
the approach to fuse the outputs. Multiple strategies can
achieve this goal, such as averaging, majority voting, etc.
Although averaging is simple since it’s not adaptive, the
outcome usually needs improvement [15]. Similarly, ma-
jority voting performs well for shallower networks com-
pared to deep neural networks [23]. Further, a trainable
meta-layer is also a commonly applied method for finding
the weight of base models in the final output of the en-
semble. Stacked generalization and super learner methods
are also widely used for regression and classification prob-
lems [24, 47].

Our method adapts above mentioned ensemble strategies
to semantic segmentation applications in agriculture. We
develop a homogeneous stacking ensemble with a trainable
meta-architecture on the top to fuse the output of base mod-
els trained on diversified targets (crops and weeds).

2.3. Methodology

Recently, a few attempts have been made to propose seman-
tic segmentation models for crops and their different growth
stages, as well as models specific to weeds. Nevertheless,
these individual models did not perform well due to changes
in field conditions, e.g., ambient lighting. Also, the occur-
rence of new unseen vegetation types, background soil, and
crop residue may fail the model on new fields. Given the
availability of data for different target problems, we inves-
tigate if the individual train on specific data can be used to
account for varying field conditions. Therefore, a homoge-
neous stacking ensemble of base models trained on different
datasets is proposed. Such an ensemble strategy requires
a fusion different than simple averaging. Addressing the
generalizing semantic segmentation models using ensemble
learning may result in a computationally costly end-to-end
ensemble, which warrants training of student models1 from
an ensemble of base models in the teacher. Figure 2 illus-
trates the flow diagram of the proposed framework.

2.4. ArgMax Baseline Ensemble

ArgMax Baseline Ensemble (ABE) is a rule-based baseline
model that compares predictions for a pixel with the predic-
tions of the base models (β). The meta-T model (τ ) classi-
fies pixels based on the decision of the base models, which
predicts it more confidently. For any pixel (x, y) and i bi-
nary models in an ensemble fi = βi(x, y), class Cτ of the
(x, y) is given by the following equation:

Cτ = max(fi), (1)

where max(·) is the τ and i ∈ 1, 2, · · · , N .

2.5. Mask Convolution Ensemble (MCE)

Unlike the baseline teacher model, which uses the ArgMax
rule, MCE adds a trainable layer to the combined output
of the base models in the ensemble. This layer determines
the contribution of each base model’s prediction to the pixel
class. To achieve this, we utilize a 1× 1 convolutional layer
h with sigmoid activation σ to reduce the prediction masks
of the base models in the ensemble to the desired number of
classes. It is assumed that adding a trainable layer on top of
the base models will help learn a more complex relationship
between the outputs of base models and ground truth.

Cτ = σ(h(fi)). (2)

Here, the Meta-T architecture is represented as σ(h(fi)).

2.6. Meta-SegNet Ensemble (MSNE)

The third ensemble method stems from using multi-stage
CNN for classification and localization. The mask convo-
lution method adds a 1 × 1 convolution layer over the top

1We train each student model individually for the specific data type.
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Figure 2. Our proposed framework for the ensemble of the teachers-student model. β’s are the base models, which are fused using meta-
architecture. Table 1 presents the details of base models and respective datasets used for training. The student model is trained for a specific
problem (such as Canola) to learn from the ensemble base models trained on different datasets.

Table 1. Details of base models architecture and respective datasets: Each model is trained on a separate target crop/weed/soil.

Base Models Pre-trained Description Datasets No. of Images
βCnl

✓ Detects narrow leaf crops NLD: Narrow Leaf Dataset 250
βCE

c
✓ Detects early stage Canola ESCCD: Early Stage Canola Crop Dataset 150

βCL
c

✓ Detects mid / late stage Canola LSCCD: Late Stage Canola Crop Dataset 300
βWk

✓ Detects Kochia weed KWD: Kochia Weed Dataset 124
βWbl

✓ Detects broad leaf weeds BLWD: Early Stage Canola Crop Dataset 150
βSbs

✓ Detects bare soil TSD: Total Soil dataset 50

Table 2. The architecture of each proposed model with the ensem-
ble (base models), Meta-T and Student.

Base Meta-T Student
Models Enco. Deco. Enco. Deco .Enco. Deco.
ABE R50 Convs max(·) R50 Convs
MCE R50 Convs One Conv R50 Convs
MSNE R50 Convs R50 Convs
MUNE R50 Convs R50 Convs R50 Convs

of base SegNet models, while here, a whole SegNet model
ψ is added in the second stage to combine the outputs of
base SegNet models in the ensemble. Furthermore, adding
a deep network over the top maps the non-linear complex
spatial relationships between different objects in the im-
age. While training Meta-SegNet ψ (Meta-T), base model
weights are not updated.

Cτ = ψ(fi) (3)

2.7. Meta-UNet Ensemble (MUNE)

Most works in the literature involving ensemble learning
combine the output of different architectures trained on the
same data [15]. However, the ensemble learning meth-
ods used in this study achieve diversification by combining
models trained on different datasets. To benefit from the
dataset and architectural diversification, we apply UNet as a
meta-architecture over the top of SegNet base architecture.
We have trained SegNet base models for different crops and
weeds. Therefore, the base models’ weights are not updated
during the training of Meta-UNet ϕ (Meta-T). We hypoth-
esize that using a different architecture for the Meta-T than
the base models brings diversity for improved segmentation
accuracy.

Cτ = ϕ(fi) (4)

2.8. Student Model

The objective is to generalize original base models by shar-
ing the distant learned features of uncontrolled field con-
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ditions with each other. After training the ensemble base
models in a supervised setting, the student model’s Meta-T
architecture remains the same as the teacher’s Meta-T ar-
chitecture. The student model is trained unsupervised by
minimizing the loss between the teacher and student output.

Loss = − 1

N

N∑
i=1

[Cτ log(Cs) + (1− Cτ ) log(1− Cs)]

where Cτ and Cs are predictions from teacher and student
models, respectively. The architecture of each proposed
model for Ensemble, Meta-T and student are shown in Ta-
ble 2.

3. Experiments
In this section, we provide the details of the experimental
setup of our proposed method, followed by our collected
datasets. Next, we present detailed comparisons among the
state-of-the-art techniques and conclude this section by per-
forming an ablation study, where we analyze the impact of
each vital component in the proposed framework.

3.1. Datasets

The proposed methods are tested on two datasets: the
Kochia Weed Dataset (KWD) and the Multi-Stage Canola
Dataset (MSCD).
Collection Process: High-resolution RGB images are col-
lected from multiple fields using grid sampling for both
datasets. Imaging sensors are mounted on farm machinery,
collecting ground images in uncontrolled field conditions.
Typically, every image contains 3-5 rows of crop. How-
ever, sometimes crop rows swell to 10 due to the increased
height of imaging equipment while farm machinery turns at
the edges of the field. Notably, the data is collected under
uncontrolled field conditions. It includes sunny and cloudy
conditions and images during dawn and dusk. Some of the
images contain farm machinery shadows. Also, sometimes
images are blurry due to mechanical vibration. Figure 3
provides insight into the data and variations in the images
used for this study.
KWD-2023: Kochia weed infests multiple types of crops,
like cereal crops and oilseed crops. Our KWD comes from
fields of early stage Canola, late stage Canola, Oats, Wheat
and Durum. The dataset consists of 99 images.
MSCD-2023: In comparison, Canola data comes from mul-
tiple fields, consisting of two stages: early-stage dicots
Canola and mid-stage broad leaves Canola. MSCD-2023
contains 305 images acquired in 2023.

However, it is to be noted that base models in the ensem-
ble of the teacher model are trained on separate and distinct
datasets. These comprise cereal crops (Oats, Wheat, Barley
and Duram), early and mid-stage Canola, broad-leaf weeds,
and Kochia weed.

Table 3. Comparing the performance of Kochia-specific deep
learning ensemble models. Boldface shows the best-performing
model on the test set for the specific metric

Models fwIOU mIOU IOU Non-Kochia IOU Kochia
βWk

0.9256 0.8373 0.9549 0.7198
ABE 0.7331 0.5769 0.7523 0.3686
MCE 0.9278 0.7563 0.9573 0.5553
MSNE 0.9357 0.8614 0.9604 0.7625
MUNE 0.9371 0.8638 0.9615 0.7638

3.2. Settings

Backbones: Our proposed framework uses ResNet50 [19]
as the backbone encoder block. Furthermore, SegNet [4]
architecture is adopted for pre-trained base models in the
ensemble. The selection of SegNet in the ensemble models
is based on previous works where it performs marginally
better than UNet on agriculture data [2, 3, 31]. Moreover,
the architecture of the student network is the same as the
base models, i.e., SegNet.

Setup: Categorical cross-entropy is the loss function in our
proposed framework. The dataset split is 15%-15%-70%
for testing, validation and training. The proposed frame-
work is trained with GPU RTX 3090 support. Adam is used
as an optimizer with a learning rate of 0.001, batch size of
2 and input image dimensions of 1440 × 1088 × 3. The
training dataset is augmented using standard augmenters to
avoid overfitting.

Metrics: Classwise IOU, mean IOU and frequency weight
IOU (fwIOU) are the performance metrics. Notably, pre-
trained base models in the teacher are trained on differ-
ent datasets particular to the respective target problem -
crop/weed. We assume the diverse data of base models will
capture different scenarios of uncontrolled field conditions.

3.3. Comparisons

In this case study, we train the earlier mentioned four learn-
ing models: ABE, MCE, MSNE and MUNE. For both
Kochia and Canola-specific ensemble models, we use six
base models trained on different datasets and target prob-
lems (crop/weed). Our proposed MCE, MSNE and MUNE
models are trained and compared with ABE ensemble and
base model βWk

.

Comparisons on KWD-2023: Table 3 presents the results
of ensemble methods on KWD-2023. After analyzing the
results, we can observe that the MUNE outperforms all
other models on all metrics showing slightly higher IOUs
than the MSNE. In terms of mIOU, Kochia-specific MUNE
performs 2.5% better than βWk

. Additionally, Kochia IOU
demonstrates a 4.5% enhancement compared to βWk

. We
also notice that the learnable ensemble meta-architectures
perform significantly better than the baseline ABE. Fur-
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Figure 3. The real world challenging field conditions: the data insight and the challenges posed by uncontrolled field conditions like
blurring, variable orientations of crop rows, changing ambient lighting conditions, equipment shadows and images collected during night
time under auxiliary lights.

(a) (b) (c)

Figure 4. The visual comparisons from βWk and MUNE models. a) The Groundtruth images, b) The prediction of the βWk while c)
predictions of MUNE on images. The βWk model detects early-stage Canola and narrow leaf as Kochia (false positives), whereas the
ensemble model addresses this problem and removes false positives.

thermore, multi-class segmentation using one-vs-all binary
segmentation models is worse than the original one-vs-
all models. Based on the Kochia ensemble models, we
can infer that if multi-class labels are available, trainable
meta-architectures can combine one-vs-all binary segmen-
tation models for multi-class semantic segmentation with
improved IOUs. To illustrate the improvements made by

ensemble methods over the βWk
, Figure 4 shows some ex-

amples and further demonstrate that our proposed model
effectively addresses false positive detection of Kochia in
Canola and narrow leaf crops via a combination of pre-
trained base models. The narrow leaf and Canola mod-
els can successfully and confidently detect their respective
plants of interest, which helps remove false positive detec-
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(a) (b) (c)

Figure 5. (a) Ground truth, (b) The individual models: βCE
c

& βCL
c

misses some Canola plants in both early and late stages of the crop (c)
our proposed MUNE framework detects missing Canola plants in highly varied field conditions.

Table 4. Comparing the performance of Canola-specific deep
learning ensemble models. Boldface shows the best-performing
model on the test set for the specific metric.

Models fwIOU mIOU IOU Non-Canola IOU Canola
FCN 32 0.9587 0.7136 0.9779 0.4493
PSPNet 0.9669 0.7727 0.9821 0.5632
UNet 0.9804 0.8628 0.9895 0.7360
SegNet 0.9766 0.8411 0.9872 0.6950
DeepLab V3+ 0.9807 0.8763 0.9858 0.7668
HRNet 0.9832 0.8771 0.9897 0.7643
SegFormer 0.9822 0.8835 0.9802 0.7868
ABE (Ours) 0.9406 0.8093 0.9510 0.6676
MCE (Ours) 0.9838 0.8881 0.9913 0.7848
MSNE (Ours) 0.9811 0.8698 0.9899 0.7497
MUNE (Ours) 0.9859 0.9040 0.9923 0.8159

tion of Kochia in the ensemble Kochia settings. Table 4
demonstrates the ensemble model’s effectiveness in detect-
ing all Canola stages by building upon four base models:
βCnl

, βCE
c

, βCL
c

, and βWk
.

Comparisons on MSCD-2023: Table 4 summarises the
results of our proposed framework on MSCD-2023. Like
KWD 2023, the MUNE model shows the best performance
among different ensemble methods with mIOU improve-
ment of 9% from the ABE model and 5% from βCE

c
&

βCL
c

combined. If we compare class-wise Canola IOU, it
improves by 14.8% as compared to the ABE and 12% from
combined Canola models. Figure 5 presents examples high-
lighting performance improvements made by our proposed

Figure 6. IOUs Vs. the number of base models: It can be observed
that increasing the number of base models brings diversification in
the ensemble, improving IOUs.

framework. The prediction masks in Figure 5(b) are pre-
dicted through βCE

c
& βCL

c
model, while prediction masks

on the right are predicted through the Meta-UNet ensemble
models. It can be observed that under predictions are made
by the original model, as some Canola plants are altogether
missed. At the same time, ensemble MUNE significantly
addresses the mentioned false negative problem and detects
Canola plants to the edges of the crop leaves.

3.4. Ablation Studies

In this paper, we perform two types of ablation studies.
The first study compares the IOU metrics of MUNE model
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Table 5. Comparing the IOU variations with respect to changing the number of base models. The best results are achieved when five base
models are used in the ensemble of teachers with the MUNE model.

Models βCE
c

βCL
c

βWk
βCnl

βSbs
βWbl

fwIOU mIOU IOU Non-Canola IOU Canola
M1 ✓ ✓ 0.9852 0.9002 0.9919 0.8086
M2 ✓ ✓ ✓ 0.9855 0.9022 0.9920 0.8124
M3 ✓ ✓ ✓ ✓ 0.9859 0.9040 0.9923 0.8159
M4 ✓ ✓ ✓ ✓ ✓ 0.9867 0.9088 0.9928 0.8249
M5 ✓ ✓ ✓ ✓ ✓ ✓ 0.9864 0.9070 0.9926 0.8214

Table 6. Comparing the inference time, Floating Point Operations (FLOPs) and total parameters for end-to-end ensembles.

Models βCE
c

βCL
c

βWk
βCnl

βSbs
βWbl

Inference Time FLOPs Parameters
FCN 32 0.80 1.28 T 451 M
PSPNet 0.39 0.204 T 29 M
UNet 0.50 0.572 T 16 M
SegNet 0.48 0.428 T 14 M
DeepLab V3+ - 0.320T 24 M
E1 ✓ ✓ 0.50 1.86 T 62 M
E2 ✓ ✓ ✓ 0.54 2.3 T 77 M
E3 ✓ ✓ ✓ ✓ 0.57 2.7 T 92 M
E4 ✓ ✓ ✓ ✓ ✓ 0.61 3.1 T 107 M
E5 ✓ ✓ ✓ ✓ ✓ ✓ 0.73 3.6 T 122 M

by varying the number of base models. The second study
presents changes in efficiency for end-to-end ensembles
with the change in the number of base models. We re-
strict these ablation studies to MSCD. Figure 6 shows the
trend of IOU metrics with respect to the increasing number
of base models. We take only those combinations of base
models whose target crop/weed is abundant in the field. For
example, we included βCnl

as the base model because it
detects narrow leaf crops as well as narrow leaf weeds in
the images. It can be observed that IOUs improve with the
inclusion of more base models. The peak of IOUs comes
when five base models are included in the ensemble of the
teacher model. The other reason could be the inclusion of
βSbs

(bare soil extractor) in the ensemble, which helps the
model capture different soil backgrounds in the images un-
der variable lighting conditions. However, with the inclu-
sion of the broad leaf base model (βWbl

), the performance
drops. It may be due to the confusion caused by βWbl

with
βCL

c
as both models learn features of broad leaves. Notably,

a plant type could be a crop in one field, but its occurrence
in other fields could be deemed as a weed. Table 5 sum-
marizes the results of the first ablation study. Similarly, Ta-
ble 6 presents the inference time, FLOPs and parameters of
the end-to-end ensembles. It can be observed that inference
time for E1 to E5 models changes from 0.50 seconds to 0.73
seconds, and FLOPs changes from 1.86 T to 3.6 T. Deteri-
orating efficiency of end-to-end ensemble warrants training
student models to improve inference time and require less

computational resources.

4. Conclusion

In this paper, we present an ensemble of base models for
teacher framework to improve the performance of semantic
segmentation models for crop and weed under uncontrolled
field conditions. Existing methods attempt to achieve model
generalization through augmentation and agriculture data
synthesis. However, these methods struggle to capture nu-
merous scenarios of uncontrolled field conditions. To ad-
dress these challenges, we propose a teacher model trained
on diversified target crops and weeds to teach a student
model for our target crop/weed. In addition, in the teacher
model, we propose a meta-architecture to fuse the outputs of
base models trained on different target problems to enhance
semantic segmentation performance for crop and weed de-
tection. Our framework will pave the way for research in
the cross-applicability of different crop and weed-specific
models to
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