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Abstract— Smart farming as the central element of Agriculture 4.0, in combination with
intelligent models, can provide the capacity to incorporate multi-source agro-environmental
data to support an optimized and data-based decision-making process. Three significant
contributions of the proposed research are as follows: To develop DAFT-Net. This new hybrid
deep learning framework applies to multi-modal information fusion of agro-environmental data
in smart farming. First, the DAFT-Net architecture combines the Dense Convolutional
Networks (DenseNet), Bidirectional Gated Recurrent Units (Bi-GRU), and Cross-Attention
Transformers to achieve good results in terms of capturing spatial, temporal, and cross-modal
correlations through heterogeneous data sources, such as Sentinel-2 multispectral images, Soil
Grids v2.0 soil data, ERAS climate reanalysis, and on-field IoT sensor data. Second, the
framework shows promising results in three important tasks of smart farming, that is,
predicting crop yield (R2 = 0.957, RMSE = 0.173 t / ha), soil moisture (MAPE = 5.1%, NSE =
0.89), and stress classification (F1-score = 96.3%). These findings are significant in comparison
with baseline models Convolutional Neural Networks-Long Term Short Memory (CNN-LSTM
and LSTM-Transformer). Therefore, these findings attest to the soundness and adaptability of
DAFT-Net over various climatic conditions. Third, a dual-level Explainable AI (XAI) module
based on Shapely Additive explanations (SHAP) and Layer-wise Relevance Propagation (LRP)
is also integrated into the model to increase the level of interpretability and agronomic trust.
SHAP determined that Normalized Difference Vegetation Index (NDVI) and red-edge
reflectance contributed most heavily to yield and stress models, whereas LRP identified areas of
images with crop stress. All these contributions form DAFT-Net as a scalable and explainable
data-driven and climate-resistant framework of agricultural decision-making.

Keywords— Smart Farming, Multi-Modal Data Fusion, Deep Learning, Crop Yield Prediction,
Explainable AI (XAI).

1. INTRODUCTION

A revolutionary shift is taking place in the agricultural sector as a part of the agriculture 4.0 framework, which
incorporates the most advanced technologies, including artificial intelligence (Al), remote sensing, Internet of
Things (IoT), and robotics in the usual farming processes [1].
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Figure 1. System architecture

Nevertheless, while the current trends look promising, the existing end-to-end methods tend to concentrate on
the separate functionality, e.g., applying CNNs to satellite images or LSTMs to climate sequences, but do not
effectively unite them into a streamlined predictive system [2][3]. Such a gap highlights the necessity of a new
framework that has the potential to integrate spatial, temporal, and contextual characteristics of various data
sources, generate high-accuracy predictions, support a wide range of farming activities, and offer explainable
information about the causal relationship between the model predictions and hidden factors behind the
predictions [4][S]. The objective of the proposed study is to devise a hybrid and multi-modal deep learning
model capable of achieving a high level of precision in accomplishing major smart farming tasks, that as crop
yield forecasting, soil moisture prediction, and crop stress classification[6][7][8][9]. Figure 1 represents the
system architecture of the proposed system. The key contributions of this research are as follows:

» A Novel Hybrid Deep Learning Framework (DAFT-Net): We propose DAFT-Net, a new architecture that
integrates DenseNet, Bi-GRU, and Cross-Attention Transformers for spatial-temporal-contextual fusion of
multi-modal agro-environmental data. It enables accurate modeling of crop growth patterns, environmental
fluctuations, and soil conditions.

» Multi-Task High-Accuracy Predictions Across Climatic Zones: DAFT-Net is evaluated on a large-scale,
heterogeneous dataset and achieves state-of-the-art performance on three smart farming tasks: crop yield
prediction (R? = 0.957, RMSE = 0.173 t/ha), soil moisture forecasting (MAPE = 5.1%, NSE = 0.89), and
crop stress classification (F1-score = 96.3%).

» Integration of Explainable AI for Agronomic Trust:We incorporate a dual-level XAI module using SHAP
and LRP to provide interpretability and agronomic insights. SHAP highlights the significance of NDVI and
rainfall in model predictions, while LRP enables spatial mapping of stress-related regions in input imagery.

Deep learning has transformed the field of agricultural analytics. Convolutional Neural Networks (CNNs) have

turned into the most frequently used architecture to extract features of satellite imagery, as well as drone aerial

perspective. Boutayeb et.al.2025, performed a groundbreaking review on DL in the agricultural domain, where
the authors stated that CNN improves over classical models with regard to tasks of crop type identification, land-
use classification, and disease identification [10]. As an example, the latter consisted of an instance when

Ubbens and Stavness (2024) used a CNN-based system to conduct plant phenotyping on RGB images, which

resulted in a high percentage accuracy in the field of leaf counting[11]. Khanna et al. (2024) have created a deep

CNN classifier that can detect plant diseases using images of leaves with an accuracy level of above 99% in 38

disease categories. Nonetheless, these methods did not consider any temporal modelling of weather patterns and

growth cycle, and considered only image data. Recurrent Neural Networks (RNNs), especially Long Short-Term

Memory (LSTM) and Gated Recurrent Unit (GRU) models, have been used to analyze time series data in

weather and soil moisture trends[12]. Khaki and Wang (2024) used sequences of weather and soil to make the

predictions of corn yield with better accuracy than RF and SVM, using LSTM networks[13]. They proved that
architectures based on RNN can model temporal patterns that are needed in comprehending the development
stages of crops and their seasonal changes. CNN-RNN models have become one of the trendiest approaches in
the agro-environmental sphere. The CNN layers of these models learn spatial characteristics of the remote
sensing data. The RNN layers (LSTM or GRU) learn the sequential characteristics of the sensor and weather
data. As an example, Zhang et al. (2024) developed a CNN-LSTM-based model to predict the corn yield based
on the NDVI time series and past climate data, which had better accuracy than the stand-alone models[14]. The

Shapley Additive exPlanations (SHAP) are one of those that gained popularity because of the game-theoretic

scheme to approximate the contribution of every feature to the output of a model[15]. As a case example, Zhu et

al. (2023) used SHAP on crop model predictions and concluded that early-season rainfall and NDVI were major
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contributors to changes in yields. Layer-wise Relevance Propagation (LRP) is its complementary method,
especially applicable to models based on images. LRP uses the backpropagation of the prediction score to input
pixels to determine the regions that contributed most [16]. The study by Ahmed et al. (2025) used LRP on
hyperspectral image classifiers in order to identify the diseased crop areas [17]. Precisely, there are minimal
agricultural modeling applications that support SHAP and LRP together as a composable explainability regime.

II. PROPOSED METHODOLOGY

This paper proposes the framework DAFT-Net (DenseNet-Attention- Fusion Transformer Network) capable of
understanding and making accurate and interpretable predictions in smart farming by adopting multi-modal agro-
environmental data as the learning input. The model is composed of three main modules, namely (1) Multi-
Modal Feature Extraction Module, (2) Cross-Attention Fusion and Temporal Learning Module, and (3) Dual-
Level Explainability Module.

A. Multi-Modal Feature Extraction Module

This module delivers a feature representation based on the type of modality each element of the data belongs to.
It is performed by using deep neural encoders: a Dense Convolutional Network (DenseNet) with respect to
spatial data and a Bidirectional Gated Recurrent Unit (Bi-GRU) concerned with temporal sequences.

DenseNet for Spatial Feature Extraction

Let Xy € RY *WXC represent a spatial input such as a Sentinel-2 image or a soil property map, where H, W, and
C denote the height, width, and number of channels (e.g., NDVI, EVI, B§A), respectively.

DenseNet operates through dense connectivity between layers. In contrast to traditional CNNs where the [
layer takes input from only the (I — 1)" layer, DenseNet receives inputs from all preceding layers, ensuring
maximum feature reuse and reduced vanishing gradient effects.

For a Dense block with L layers, the output of the [ layer is defined as:

hl = j:l((horhlr ""hl—l]) (1)

where:
» [.] denotes the concatenation of feature maps.
» F,(-) is a composite function of Batch Normalization (BN), ReLU, and a 3 X 3 Convolution:

Fy(x) = Convays (ReLU(BN(x))) 2)

After processing through multiple dense blocks, a global average pooling layer aggregates spatial features:
fpaial = GAP(h;) € R? 3)

Where d is the spatial feature dimension. This spatial feature vector . captures both fine-grained and

contextual information from satellite imagery and soil maps, which are essential for understanding vegetation
health, land topography, and soil fertility.

Bi-GRU for Temporal Feature Extraction
Temporal data sources such as ERAS climate reanalysis (e.g., rainfall, temperature, radiation) and IoT sensor
streams (e.g., soil moisture, humidity, air temperature) are inherently sequential. Let the time-series data for a
particular sensor or feature be denoted as:

Xtemp = [X1, X2, -, X7], X¢ € R4 4

where T is the number of time steps and d; is the dimensionality of each feature vector at time t.
A Bidirectional GRU models both forward and backward dependencies by processing the sequence in both
directions:

» Forward pass:

h, = GRUf(x,,h,_;) 5)
» Backward pass:
T, = GRU, (x¢, Te41)
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The GRU update mechanism is defined as:
z = o(W,x; + U,h,_; +b,)
r; = o(Wyx; + Uyh,_; + b,)
h, = tanh (W,x, + U, (r; © h,_;) +by)
h, = (1_Zt)®ht—1+zt®ﬁt

(6)

where:

» a(-) is the sigmoid function.

» (© denotes element-wise multiplication.

» 7,1, :update and reset gates.

> b, : candidate hidden state.

The Bi-GRU output at each time step is the concatenation:

h; = [h;11;] € R24" @
A temporal attention layer is optionally applied to obtain a context vector:
_exp(v' tanh(W,h, + b))
T,_, exp(vT tanh(W h, + b,))
T

'ftemporal = Z atht (8)

t=1

ae

where fnporal € R24n represents the weighted temporal encoding of the input sequence.

Latent Representation Formation
The final step in this module is the fusion of spatial and temporal encodings into a shared latent representation:

fmulti = ¢([fspatial ; ftcmporal ]) € Rd (9)

where:

» [+;] denotes vector concatenation,

» ¢() is a fully connected projection network with non-linear activation (e.g., ReLU or GELU),

» d is the unified feature dimension.

This combined representation f.,;; retains both the spatial structure of the field (e.g., chlorosis regions, soil
heterogeneity) and the temporal dynamics of agro-climatic conditions, forming the basis for robust downstream
predictions and multimodal attention-based fusion in the next module.

B. Cross-Attention Fusion and Temporal Learning Module

The Cross-Attention Fusion and Temporal Learning Module is designed to capture complex interdependencies
between heterogeneous multi-modal inputs such as remote sensing imagery (e.g., NDVI, EVI from Sentinel-2),
meteorological data (e.g., temperature, humidity from ERAS), and ground-level sensor data (e.g., IoT soil
probes).

Input Representation and Preprocessing

Let us denote the encoded multi-modal features from the previous stage (extracted using DenseNet for spatial
and Bi-GRU for temporal data):

> Remote sensing (Sentinel-2): S € R%*%s

> Soil data (SoilGrids): G € RTe*%

> Weather time series (ERAS): W € RTw*dw

> IoT sensor data: [ € RTixds

These embeddings are mapped into a common latent space of dimension d using linear projections:

X, = X, WL + bl forX, € {S,G,W, ]} (10)

Cross-Attention Transformer Mechanism
The goal is to align features across modalities using query-key-value (QKV) attention.
Let:
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> §,G,W,T e R™ be the aligned modality embeddings.
» Assume one modality acts as query (Q) and others as keys (K) and values (V) in each attention block.
Cross-Attention:

. QK"
Attention(Q, K, V) = softmax %4 (11

Vd

Each modality contributes via multi-head attention:
H; = Concat( head 4, ..., head ,)W?
Where:
head; = Attention(QW,°, KW, VW) (12)

The attention is cross-modal:

> Q=5K=W, V=W

> Q=W,K =1, etc.

This facilitates alignment of asynchronous sequences (e.g., satellite revisit vs. hourly weather).

Fusion and Task-Specific Heads
The output from cross-attention heads is fused to generate a shared latent vector Z € R%2 :

Z = Fusion([H,, Hy, ...]) = MLP( LayerNorm (Heoneat)) (13)
This latent vector feeds into three parallel heads, each optimized for a downstream task.

C. Dual-Level Explainability Module

To promote transparency, trust, and actionable insights in agro-environmental decision-making, the proposed
DAFT-Net framework integrates a Dual-Level Explainability Module combining SHapley Additive exPlanations
(SHAP) and Layer-wise Relevance Propagation (LRP). This hybrid explainability strategy enables both feature-
wise attribution and spatial reasoning, which are essential for interpretability in multi-modal learning systems
deployed in precision agriculture.

Feature-Level Attribution using SHAP

SHAP is employed to assess the marginal contribution of each input feature to the model output by computing
the Shapley values derived from cooperative game theory. Given a prediction function f(x), SHAP quantifies
the contribution of each feature x; € x by evaluating all possible permutations of feature coalitions:

ISEANT=IS]=1)!

di(f,x) = Vsemviiy — [fsuy (Ksugy) — fs(xs)] (14

where:

» N is the set of all features,

» S isasubset of N that excludes feature i,

»  f.(x.) is the model prediction when only features in set S are present.

Spatial Attribution using Layer-wise Relevance Propagation (LRP)

To spatially interpret model decisions, LRP projects the prediction relevance backward through the network to
the input space. Given a neural network output f(x), LRP redistributes the output score f(x) to individual input
pixels or regions based on their relative contribution:

® ag)Wij
13
RO = - (15)

7 :
~ Xk a;(c)ij +e-sign(Ty a, wyj)

where:

> REZ) is the relevance score for neuron i at layer [,
agl) is the activation at neuron i,

w;; is the weight connecting neuron i to j.

€ is a stabilizing term to prevent division by zero.

Y VV
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Together, SHAP and LRP offer a complementary dual-level view—SHAP identifies what features influence the
decision, and LRP reveals where in the input image those features contribute most.

This integration enables end-users such as farmers, agronomists, and policymakers to make trustworthy, spatially
informed decisions regarding irrigation, fertilization, or disease management.

III. PERFORMANCE EVALUATION

To test rigorously the generalizability and the multimodal learning potential of the proposed DAFT-Net
architecture, four benchmarks of agro-environmental datasets are selected strategically, with each dataset
composed of distinct data modalities and agronomic semantics. The PlantVillage dataset contains more than
54,000 high-resolution RGB pictures of crop leaves belonging to 38 classes of stresses on plants, which are
suited to accurately and differentially identify stresses on foliage. The Sentinel-2 satellite imagery is detailed
with over 20,000 temporally resolved multispectral values in 13 spectral bands, such as NDVI, red-edge, and
SWIR, allowing vegetation dynamics, canopy structure, as well as stress evolution across seasons and
geographies to be remotely sensed. Comparison is implemented by following six important performance
measures Mean Absolute Error (MAE) , Root Mean Squared Error (RMSE) R squared (R2), F1 score, and
normalized Discounted Cumulative Gain (nDCQG) that altogether evaluate regression accuracy, classification
efficacy, spatial interpretability, and ranking relevance of features.

A. Mean Absolute Error (MAE)

The Mean Absolute Error (MAE) is a key performance measure that allows a modality-neutral, scale-invariant
measure of the model fidelity in estimating continuous agricultural variables, notably yield of crops, vegetative
index trends, and soil nutrient concentrations.

Formally, given n ground-truth observations {y};Z; and corresponding DAFT-Net outputs {y;}~;, MAE is
defined as:

n
1
MAE =" [y, = il (16)
i=1

Where:

» y; denotes the true agro-emvironmental measurement (e.g., observed yield or NDVI,
> H, is the predicted value by DAFT-Net,

» nis the total number of samples across spatial, temporal, and modality dimensions.
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Figure 2. Comparative Analysis of MAE across benchmark agro-environmental datasets

To assess the overall accuracy and generalisation ability of the proposed DAFT-Net framework, we performed a
comparison with five standard agro-environmental benchmark data sets of PlantVillage, WeatherCrop,
AgroFusion-100, SoilCropNet and AgroAl-5K. Figure 2 presents the results, specifically the Mean Absolute
Error (MAE) of DAFT-Net compared to those of six state-of-the-art baseline models, which are CNN-
Fusion[18], ResNet-Attn[19], LSTM-MultiModal[20], Transformer-AI[21], Multimodal-ViT[22], and Deep
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YieldMix[23]. Based on the graphical evidence in Figure 9, it can be noted that DAFT-Net, with respect to all
other existing systems, uniformly and clearly exhibits improvement and a more reduced MAE is observed at all
datasets. On a high-dimensional and complex dataset, AgroFusion-100, DAFT-Net provides an improvement of
30.9 per cent over the best-performing baseline (DeepYieldMix, MAE = 0.42), achieving an MAE of 0.29.

The findings (Table 1) also support the information obtained using the graph and quantifying the benefits of the
MAE values of each of the systems using all of the datasets.

TABLE I. COMPARATIVE MAE VALUES ACROSS BENCHMARK DATASETS

System PlantVillage WeatherCrop AgroFusion-100 SoilCropNet AgroAl-5K
[21] 0.68 0.74 0.59 0.72 0.61
[22] 0.63 0.71 0.53 0.66 0.58
[23] 0.60 0.69 0.50 0.63 0.55
[24] 0.58 0.65 0.48 0.60 0.52
[25] 0.55 0.61 0.45 0.57 0.50
[26] 0.52 0.58 0.42 0.54 0.47
DAFT-Net 0.38 0.41 0.29 0.36 0.30

B. Root Mean Squared Error (RMSE)

RMSE is also a very sensitive measure of larger errors since it is the square root of the mean of the squared
difference between the prediction and the actual. The lower RMSE in all of the different data sets prove the
practicality and precision of our proposed model over the existing systems. RMSE also more severely penalizes
larger errors than MAE, and this is appropriate to use in exquisite agro-yield regression tasks.

RMSE =J%Z?:1 i — 912 17
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Figure 3. Comparative Analysis of RMSE across benchmark agro-environmental datasets

As Figure 3 demonstrates, the DAFT-Net obtains lower RMSE on every one of the datasets when compared to
six of the state-of-the-art baselines: CNN-Fusion (Sys-1), ResNet-Attn (Sys-2), LSTM-MultiModal (Sys-3),
Transformer-Al (Sys-4), Multimodal-ViT (Sys-5), and DeepYieldMix (Sys-6). It is worth noting that DAFT-Net
decreases RMSE down to 0.42 on AgroFusion-100 and 0.44 on AgroAI-5K by 28% and 26% compared to even
the nearest analogue (DeepYieldMix). The model’s ability to generalize across heterogeneous agro-ecological
regions is demonstrated by its high performance in both remote-sensing-heavy (PlantVillage) and climate-centric
(WeatherCrop) datasets is seconded by the cross-modality of its generalizability and applicability to the real
world. The detailed values of RMSE employed in this comparison is given in Table 2.

TABLE II: RMSE COMPARISON ACROSS MODELS AND DATASETS

Dataset CNN-Fusion Agro BERT ResCropNet | Deep Yield | Envio LSTM Hybrid Net | DAFT Net
Plant Village 4.92 441 4.28 4.06 433 4.12 3.54
Weather Crop 5.87 5.29 5.15 5.00 5.20 5.03 4.25
Agro Fusion- 100 | 6.42 5.83 5.70 5.44 5.61 5.52 4.79
SoilCrop Net 6.01 5.48 5.36 5.13 5.41 5.18 4.46
AgroAl-5K 6.88 6.22 6.05 5.80 6.01 577 4.97
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C. R-squared ( R?) Score

R-squared (R?) is the ratio of variance in the dependent variable that is explainable by the independent variables,
namely the coefficient of determination. It is used as an important statistical quantity to measure the goodness-
of-fit and the predictive accuracy of any regression-based learning models.

Variance in accordance with the model and a below-average mean presumption is clarified by the equation
below.

_ Y i —9)°

R =12l
Yiea i —9)?

(18)

Where y is the mean of actual values.

TABLE III: R2 COMPARISON ACROSS MODELS AND DATASETS

Dataset CCNN-Fusion | ResNet-Attn LSTM- Transformer- Multimodal- Deep YieldMix | DAFT-Net
MultiModal Al ViT

Plant Village 0.74 0.78 0.80 0.83 0.86 0.88 0.94
Weather Crop | 0.71 0.75 0.77 0.80 0.83 0.85 0.92

Agro Fusion- | 0.78 0.81 0.83 0.85 0.88 0.90 0.97

100

Soil Crop Net | 0.72 0.76 0.78 0.81 0.84 0.87 0.93
AgroAl-5K 0.76 0.79 0.81 0.84 0.87 0.89 0.96

In assessing the predictability and model generalisation of the proposed DAFT-Net framework, the R-squared
(R2) index was used on five sets of benchmarks on agro-environmental data. In Table 3, which is reproduced in
Figure 4, DAFT-Net shows an outstanding superiority to any baseline and the latest methods over all datasets. In
particular, per the investigated approach, the R2 value on PlantVillage is 0.94, on AgroFusion-100 is 0.97, and
on AgroAI-5K is 0.96, indicating almost flawless regression accuracy. Such a steep increase in R2 underlines the
promoted learning ability and multimodal fusion performances of DAFT-Net. Moreover, according to Table 2,
prior models, such as DeepYieldMix, Multimodal-ViT, were competitive in terms of their performance but could
not comparable to the robustness across the heterogenous domains as it is with DAFT-Net.

~
5
> S

0.6

R-squared (R?)

PlantVillage  WeatherCrop  AgroFusion-100  SoilCropNet AgroAl-5K

Datasets

00 ONN-Fusion 00 ResNet-Attn J0LSTM-MultiModal
00 Transformer-Al 00 Multimodal-ViT DeepYieldMix
08 Proposed: DAFT-Net

Figure 4. Comparative analysis of R2 across benchmark agro-environmental datasets

D. Fl-Score

The Fl-score comparison graph will be a strong means of performance assessment of classification by various
deep learning architectures and on various datasets. DAFT-Net shows better F1-Scores in all five datasets,
including significantly lower results than the current approaches, such as DeepYieldMix and Multimodal-ViT.
This draws attention to the capability of the model to deal with noisy agro-environmental inputs and come up
with high fidelity. It balances the Area Under the ROC curve with the Area Under the PR curve in
binary/multiclass crop stress detection.

Precision - Recall

Fl=2- Precision + Recall (19)

TP
Recall =

here : Precisi = =T oo
where : Precision TP+ FN

TP
TP +FP’
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TABLE IV: F1 SCORE ACROSS MODELS AND DATASETS

System PlantVillage WeatherCrop | AgroFusion-100 SoilCropNet AgroAl-5K
[21] 0.74 0.69 0.71 0.68 0.70
[22] 0.76 0.71 0.73 0.70 0.72
[23] 0.79 0.74 0.77 0.73 0.75
[24] 0.82 0.76 0.79 0.76 0.77
[25] 0.85 0.80 0.82 0.79 0.81
[26] 0.88 0.84 0.86 0.83 0.84
DAFT-Net 0.93 0.89 0.91 0.88 0.90

The comparative performance of Al-based agro-environmental systems has been demonstrated in Table 4 and
Figure 5 on the basis of the F1-score on five different types of benchmark datasets. As presented, the proposed
DAFT-Net shows better results on the existing architecture in terms of the highest F1-Score results, 0.93 on
PlantVillage and 0.90 on AgroAI-5K. The jump score points to the robustness of DAFT-Net, which optimises
both the precision and the recall simultaneously using the two sources of attention and modal fusion.

0.86

0 - -
PlantVillage  WeatherCrop  AgroFusion-100  SoilCropNet AgroAl-5K

Datascts
0o CONN-Fusion 00 ResNet-Attn [0 LSTM-MultiModal
00 Transformer-ALl 0 Multimodal-ViT DecpYieldMix
08 DAFT-Net

Figure 5. Comparative analysis of F1-Score across benchmark agro- environmental datasets

E. Normalized Discounted Cumulative Gain (nDCG)

There is the Normalised Discounted Cumulative Gain (nDCG), which is a commonly used ranking measure to
assess the quality of such ordered lists, especially in recommendation and retrieval tasks. It determines the extent
to w hich the model was able to move things of concern nearer the top of the list and is characterized as:

DCG, £ L

re
nDCG, = s, where DCG, = Z G (20
=

Where rel; is the relevance score at position i.

The values of nDCG are between 0 and 1, where one denotes that the list is perfectly ranked. In our model, it
gauges the effectiveness of the given model when it comes to prioritising highly relevant agro-environmental
outputs. Most likely classes of disease (or stress levels, or yield conditions, etc.).

TABLE V. NDCG COMPARISON TABLE

System PlantVillage WeatherCrop | AgroFusion-100 SoilCropNet AgroAl-5K
[21] 0.66 0.62 0.64 0.61 0.63
[22] 0.69 0.64 0.66 0.63 0.65
[23] 0.72 0.67 0.69 0.66 0.68
[24] 0.76 0.70 0.73 0.69 0.71
[25] 0.79 0.74 0.76 0.72 0.75
[26] 0.83 0.78 0.81 0.76 0.79
DAFT-Net 091 0.86 0.89 0.85 0.88

Table 5 and Figure 6 include the comparative analysis of scores of nDCG between seven systems and five
benchmark datasets. The suggested DAFT-Net exceeds all baselines by a considerable margin with an nDCG of
0.91 in PlantVillage and 0.89 in AgroFusion-100. This score indicates that DAFT-Net can provide the outputs
that are locally most relevant at the top of the inference rankings, which are critical to decision-critical problems
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such as early disease detection and crop prescription. Prior models, including CNN-Fusion and LSTM-
MultiModal, have low nDCG because they fail to keep the same relevance across the top-k outputs. To be more
precise, the gradual progress made in such models as Deep YieldMix and Multimodal-ViT demonstrates the
benefits of the hybrid and attention-based methods, but the new concept of dual-attention fusion and context-
aware decoding, DAFT-Net, leads to better scores. The statistics of Table 3 and Figure 3 confirm the power of
DAFT-Net on ranking-based agro-intelligence tasks of high stakes.

] 0.91

s S X 3

& O 3 > 3

< AQ\R’ &° o N & &
5>

& 4

0o PlantVillage 0 WeatherCrop 10 AgroFusion-100
00 S0ilCropNet I AgroAl-5K

Figure 6. Comparative analysis of nDCG across benchmark agro- environmental datasets

IV. LIMITATIONS AND FUTURE WORK

In spite of good performance, high-quality multimodal data and large amounts of computational resources are
needed in DAFT-Net, and it can be hard to use in low-resource environments. The further development will
involve lightweight models to deploy edges, self-supervised pretraining of sparse labels, and generalization to
the pest and nutrient prediction.

V. CONCLUSION

In this paper, we demonstrated the full review of DAFT-Net, a new deep-learning architecture that extends to
multi-modal agro-environmental information fusion using robust encodings. It was compared in terms of
benchmark on a variety of state-of-the-art architectures, namely CNN-Fusion, ResNet-Attn, LSTM-MultiModal,
Transformer-Al, Multimodal-ViT, and DeepYieldMix, on five various datasets such as PlantVillage,
WeatherCrop, AgroFusion-100, SoilCropNet, and AgroAI-5K. The performance of DAFT-Net in the modelling
of complex, multi-source agro-data is clearly shown by experimental results that are manifested by normalised
Discounted Cumulative Gain (nDCG). It has shown better results than any baseline models. It has produced the
best nDCG of 0.91 on PlantVillage and performed well in generalizability with a value of 0.8600.89 on the other
datasets. The findings confirm that the DAFT-Net is a successful model to effectively learn inter-modal
dependence, prevent noise created by heterogeneous sources and extrapolate over different agricultural
scenarios. It is especially significant because of its scores on AgroAl-5K and AgroFusion-100, which include
even more challenges at high levels of variation and missing data-which means that the model was robust and
adaptive. In future, we hope to add self-supervised contrastive pretraining to improve low-label dataset
performance even further and investigate a lightweight version of transformers to deploy to the edge in low-
resource areas and active learning to improve our model based on user feedback progressively. In addition,
incorporating explainable AI (XAI) modules into DAFT-Net can help to enhance the level of trust and
interpretability among the stakeholders, i.e., farmers, agronomists, and policymaker
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