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Abstract. Create a high-precision agricultural system for field-level resource allocation, irrigation scheduling, and production 
risk management that predicts crop yield using multi-source farmland sensor data. Because soil, weather, irrigation, and 
other vegetation characteristics have distinct cycles and delayed effects on crop growth, the majority of current data-driven 
systems have failed to handle diverse sensing signals. An interpretable dilated residual temporal convolutional network for 
crop yield prediction is presented in this paper. Create aligned sensor representations, use dilated causal convolution to 
identify long-range growth relationships, use residual connections to stabilize deep temporal learning, and calculate sensor 
contributions for agronomic interpretation. Compare the outcomes of attention-based forecasting models, Random Forest, 
XGBoost, LSTM, GRU, and regular TCN. According to the simulated field-scale findings, the suggested model reduces the 
prediction error by 14.8% when compared to the standard TCN and by 22.6% when compared to LSTM, with an RMSE of 
0.412 t/ha and a R² of 0.903. Additionally, robustness research demonstrates that it operates normally with cross-seasonal 
transfer and a 20% lack of sensor data. Assist agricultural sensing systems with high-precision, high-efficiency, and 
comprehensible crop yield forecast. 
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Introduction 
Precision agriculture today requires crop production prediction since post-harvest statistics are no longer the 
only way to estimate crop yield. In order to make decisions about irrigation, fertilizer application, harvesting 
logistics, storage plans, and supply-chain contracts before the crop is completely matured, the majority of 
contemporary farms now employ yield projections. The type of system has shifted from one based on sparse 
historical data to a continuous-acquisition system for field-level sensing streams due to the quick development 
of soil probes, micro-weather stations, canopy sensors, irrigation meters, and other inexpensive edge devices 
for agricultural prediction [1]. Compared to earlier agricultural observations, the sensing streams exhibit 
variations in moisture stress, heat accumulation, radiation exposure, rainfall, nutrient availability, and crop 
canopy response more often [2]. The elements can be used to create a model that examines variations in yield 
at various locations and times [3]. Early stress accumulation and delayed growth responses that are difficult to 
see with a single meteorological or remote-sensing signal can be detected by multi-source farmland sensors [4]. 

Additionally, it has not yet been possible to forecast crop yield using several sensor inputs. The physical meanings, 
sample intervals, noise levels, and missing-data methods of farmland sensor data vary. Vegetation indices will 
change more slowly during the growth cycle, soil moisture will drastically decrease following irrigation, and 
canopy temperature will react to heat stress within a few hours [5]. Conventional machine learning models 
typically require fixed aggregation windows and hence lose some of the sequential information, even though 
they can handle designed features [6]. Although recurrent neural networks improve time series data modeling, 
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they have limited parallelism, slow training, and gradient vanishing when dealing with long-sequence growing-
season data [7]. For field-scale Internet of Things agricultural systems, transformer-based models have a high 
computational cost and enormous data requirements, despite their flexible attention [8]. For the reasons, a 
model must be created that can manage long-term dependencies in time, preserve local sensor variations, and 
be computationally practical for repeated forecasts in real agricultural monitoring platforms [9]. 

An explainable dilated residual temporal convolutional network for crop production prediction using multi-
source farmland sensors is presented in this paper. Utilize residual temporal refinement for stable information 
transmission, widen the receptive field using dilated causal convolution, and integrate all sensor signals into a 
single time series in the model. Instead of being viewed as a "black box" regression result, the model's output 
can be connected to agricultural science by adding a sensor contribution method to identify the factors that 
significantly affect the yield at various growth periods. This paper's primary objectives are to increase yield 
prediction accuracy and computation efficiency, strengthen robustness against faulty sensing, and provide 
interpretability for agricultural decision-making assistance. 

Related Work 

Data-Driven Crop Yield Prediction 

Machine learning methods are increasingly widely employed in crop yield prediction, which has shifted from 
empirical regression and crop-growth simulation to data-driven models supported by remote sensing, field 
sensors, meteorological data, etc. For instance, the relationships between temperature, precipitation, soil, and 
management parameters were not linear, according to early machine learning research [10]. By using a lot of 
historical data to identify latent interactions between genotype, environment, and management variables, deep 
neural networks significantly enhanced the prediction [11]. Convolutional models can be used to extract local 
patterns from multi-temporal images and field data, and they have also been used to process spatial or 
spatiotemporal agricultural information [12]. The geographical resolution of the large-scale forecasting 
framework for regional crop monitoring may be insufficient, despite the fact that it incorporates satellite 
indicators and weather data and supports decisions at the plot level [13]. In order to leverage both process 
expertise and data-driven flexibility, some hybrid models have recently integrated crop models with machine 
learning [14]. Since many of the current studies are still seasonal summaries or manually aggregated indices, 
they are unable to identify intra-season variations in sensor behavior [15]. 

By providing spatial information, remote sensing and UAV-based techniques have expanded the coverage area 
of agricultural yield estimation to canopy level; yet, they are frequently constrained by problems such cloud 
cover, flight frequency, and spectral saturation in dense vegetation [16]. By continuously gathering 
environmental and soil data close to the crop's root zone, field sensors can supplement this data collection. They 
can be used to monitor water stress, heat stress, and other short-term management reactions [17]. The multi-
source sensor data are not inherently time-synchronized, which is the issue. Simple feature concatenation might 
result in misleading correlations due to sampling gaps, calibration drift, and abrupt environmental changes [18]. 
As a result, temporal fusion architectures that can manage heterogeneous sampling, uphold time-order 
requirements, and identify growth-stage correlations without exclusively depending on manually created lag 
variables are becoming more and more necessary for yield prediction [19]. 

Temporal Deep Learning in Smart Agriculture 

Temporal deep learning models are appropriate for agricultural sensing since crop growth in agriculture typically 
occurs in stages and involves changes over time. Long-growing-season modeling is more difficult due to the 
sequential computation of recurrent neural networks, LSTM, and GRU models, despite their application to 
agricultural time series [20]. An option is provided by Temporal Convolutional Networks, which increase the 
temporal receptive field without sacrificing parallel computation by using causal convolution and dilation [21]. 
In contrast to recurrent models, convolution does not employ hidden-state recurrence and can handle both 
short-term fluctuations and long-distance relationships in time by stacking filters. By using pertinent historical 
data, attention-based forecasting models can increase the prediction range for longer periods of time, but they 
are more complicated and might not be feasible for numerous sensor channels and lengthy sequences [22]. 
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Because it balances training stability, parameter efficiency, and receptive field length, dilated residual TCN is 
appropriate for agriculture sensor prediction [23]. 

Additionally, nonstationary environmental variables should be handled by the temporal model in smart 
agriculture. The abrupt drop in growth can be attributed to insect pressure, heat waves, irrigation, and rainfall. 
An extremely flexible model will overfit the local anomaly otherwise, and standard aggregation techniques won't 
identify such occurrences [24]. By distinguishing the base growth trend from the correction signal brought on by 
a stress event, residual temporal learning can solve the issue. In deeper networks, residual connections preserve 
the low-level sensor information and stop deterioration, while a dilated convolution branch collects a broad 
temporal range [25]. Since certain sensor impacts have been delayed by a few days or weeks and the ultimate 
yield has been impacted by both short-term changes and long-term growth circumstances, it is more appropriate 
to apply yield prediction at this point. 

Interpretability of Agricultural Prediction Models 

The findings from the models now need to be more comprehensible than merely numbers in order to assist 
farmers in making decisions. The majority of explainable AI research has demonstrated that transparent feature 
contribution analysis can improve complicated models' diagnostic capacity and level of confidence [26]. When 
predicting crop production, interpretability can be used to assess if the model has identified plausible causes, 
such as poor soil moisture during the vegetative stage, heat stress close to blooming, or inadequate radiation 
accumulation during grain-filling [27]. Although black-box models can be highly accurate, the suggestions they 
produce will be unstable if they depend on spurious correlations in field-specific management data or sensor 
artifacts [28]. 

Although they may not always take into account the temporal order or growth-stage dependence of the data, 
current interpretability tools like partial dependence graphs, local additive explanations, and attention 
visualizations provide some support [29]. Agricultural data must be analyzed at both the sensor and temporal 
levels; that is, a variable may be beneficial in one period but detrimental in another, and its impact may also be 
altered by rainfall or irrigation history [30]. Therefore, an interpretable temporal convolutional model should be 
able to maintain prediction accuracy while displaying the contribution of sensors at various stages of growth. In 
order to link learnt temporal features with physically significant field sensing variables, a contribution-guided 
dilated residual TCN is suggested. 

Interpretable Dilated Residual TCN Model 

Multi-Source Agricultural Sensor Representation 

A multi-source sensing sequence from a farmland monitoring system serves as the input for the suggested model. 
Soil moisture and temperature sensors, air temperature and relative humidity sensors, sun radiation sensors, 
rain gauges, irrigation amount sensors, wind speed sensors, electrical conductivity sensors, and canopy 
vegetation response sensors make up a single-field plot sensor system. First, evenly sample the raw sequence 
at regular intervals. This method is used because the goal yield is determined by the cumulative growth of crops 
rather than abrupt changes. Reliability-aware interpolation is used to fill in missing values shorter than three 
sampling periods, and a validity mask is used to identify longer gaps so the model can differentiate between an 
unobserved value and a true low value. 

𝑥̃𝑥𝑖𝑖 , 𝑡𝑡 = 𝑚𝑚𝑖𝑖 , 𝑡𝑡𝑥𝑥𝑖𝑖 , 𝑡𝑡 + (1 −𝑚𝑚𝑖𝑖, 𝑡𝑡) ⋅ (𝜌𝜌𝑖𝑖 , 𝑡𝑡𝑥𝑥𝑖𝑖 , 𝑡𝑡 − 1 + (1 − 𝜌𝜌𝑖𝑖 , 𝑡𝑡)𝑥𝑥𝑖𝑖 , 𝑡𝑡 + 1) Eq.(1) 
Here, 𝑥̃𝑥𝑖𝑖 , 𝑡𝑡 denotes the aligned value of sensor 𝑖𝑖 at time 𝑡𝑡,𝑚𝑚𝑖𝑖 , 𝑡𝑡 is the observation mask, and 𝜌𝜌𝑖𝑖 , 𝑡𝑡 represents 
temporal reliability estimated from the gap length and sensor stability. This design avoids treating missing 
records as zero and keeps the temporal continuity of slow-changing variables such as soil moisture and 
vegetation response. 

Each aligned sensor channel is embedded into a latent feature vector through a source-specific projection. 
Instead of using a shared linear mapping for all variables, the model assigns different embedding parameters to 
physical sensor groups because meteorological variables, soil variables, irrigation records, and vegetation signals 
have different scales and response mechanisms. 
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𝑒𝑒𝑖𝑖 , 𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑖𝑖𝑥̃𝑥𝑖𝑖 , 𝑡𝑡 + 𝑏𝑏𝑖𝑖) ⊙ tanh(𝑈𝑈𝑖𝑖𝑥̃𝑥𝑖𝑖 , 𝑡𝑡 + 𝑐𝑐𝑖𝑖) Eq.(2) 
Gated Embedding maintains non-linear sensor responses while suppressing erratic fluctuations. For instance, a 
sudden rainfall event is not only regarded as a precipitation value but is also converted in accordance with its 
effect on soil water supply and future crop growth, in conjunction with the learnt gate. 

For better understanding, the model establishes a prior on the sensor's contribution prior to temporal 
convolution. The prior is used as a learnable coefficient to regularize the model and guarantee stable sensor 
performance when many channels include correlated data, rather than as a fixed agronomic rule. 

𝜋𝜋𝑖𝑖 , 𝑡𝑡 = softmax𝑖𝑖(𝛼𝛼𝑖𝑖 + 𝜂𝜂1𝑞𝑞𝑖𝑖 , 𝑡𝑡 + 𝜂𝜂2𝑚𝑚𝑖𝑖, 𝑡𝑡 + 𝜂𝜂3𝑣𝑣𝑖𝑖 , 𝑡𝑡) Eq.(3) 
In this expression, q𝑖𝑖 , t is the normalized sensor quality score, m𝑖𝑖 , t is the observation mask, and v𝑖𝑖, t denotes 
short-term variation intensity. The prior helps prevent a noisy channel from dominating the prediction merely 
because it contains high-frequency changes. 

The final multi-source representation is generated by weighting sensor embeddings and concatenating growth-
stage positional encoding. The growth-stage encoding is calculated from accumulated growing degree days 
rather than calendar day alone, which makes the representation more transferable across seasons with different 
thermal conditions. 

ℎ0, 𝑡𝑡 = Σ𝑖𝑖𝜋𝜋𝑖𝑖 , 𝑡𝑡𝑒𝑒𝑖𝑖 , 𝑡𝑡 + 𝑃𝑃(𝐺𝐺𝐺𝐺𝐷𝐷𝑡𝑡) Eq.(4) 
The path from heterogeneous farmland sensing data to the aligned temporal embedding that the prediction 
network uses is depicted in Figure 1. The purpose of this picture is to illustrate how the encoding stage for the 
subsequent temporal convolution module encodes the physical sensor data. 

 
Figure 1. Multi-source agricultural sensor representation and temporal alignment framework 

Dilated Residual Temporal Learning Mechanism 

A stacked dilated residual temporal convolution module serves as the central component of the suggested 
model. Unlike recurrent networks, the module maintains causal order and analyzes the complete development 
sequence in parallel, meaning that the prediction at a given time step solely depends on the current and prior 
sensor data. The operational yield projection cannot be extended because future sensor data will not be 
available during the off-season. 

𝑧𝑧𝑡𝑡𝑙𝑙 = Σ𝑟𝑟=0𝐾𝐾−1𝜃𝜃𝑟𝑟𝑙𝑙ℎ𝑡𝑡−𝑟𝑟𝑙𝑙−1𝑑𝑑𝑙𝑙  Eq.(5) 
The dilation factor d′  expands the temporal receptive field exponentially with depth. A small kernel can 
therefore capture dependencies spanning several weeks without using very deep convolution or recurrent 
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hidden states. In the experiment, kernel size is set to 3, dilation factors are arranged as 1,2,4,8, and 16, and the 
maximum receptive field covers 63 daily observations. 

The convolution output is passed through a gated activation unit. This unit separates informative temporal 
patterns from transient noise, which is useful when short-term sensor spikes occur after rainfall, irrigation, or 
sensor recalibration. 

𝑔𝑔𝑡𝑡𝑙𝑙 = tanh(𝐴𝐴𝑙𝑙𝑧𝑧𝑡𝑡𝑙𝑙) ⊙ sigmoid(𝐵𝐵𝑙𝑙𝑧𝑧𝑡𝑡𝑙𝑙) Eq.(6) 
The tanh branch represents the candidate temporal response, while the sigmoid branch controls how strongly 
the response should enter the next layer. This mechanism is lighter than full self-attention and more stable than 
direct convolution under noisy multi-source input. 

Residual learning is then used to stabilize deep temporal feature propagation. The residual path preserves low-
level sensing information, while the nonlinear branch learns growth-stage corrections caused by environmental 
variation. 

ℎ𝑡𝑡𝑙𝑙 = LayerNorm(ℎ𝑡𝑡𝑙𝑙−1 + 𝜆𝜆𝑙𝑙𝑔𝑔𝑡𝑡𝑙𝑙) Eq.(7) 
The coefficient 𝜆𝜆′ is learned during training and controls how much each temporal block modifies the previous 
representation. In early layers, the coefficient tends to emphasize local changes; in deeper layers, it captures 
broader accumulated effects on yield formation. 

The theoretical temporal coverage of the stacked module is calculated from kernel size and dilation schedule. 
This value guides the design of the network depth so that the model covers the main crop growth window 
without unnecessary parameter expansion. 

𝑅𝑅 = 1 + Σ𝑙𝑙(𝐾𝐾 − 1)𝑑𝑑𝑙𝑙 Eq.(8) 
With K = 3 and five dilated layers, the receptive field reaches 63 days, which is sufficient to represent medium-
term interactions among soil moisture, heat stress, and canopy development in the constructed dataset. 

A gated field-normalization technique is used to normalize the temporal feature in order to lessen distribution 
drift between seasons and field regions. The local sensing baseline provides the field-level mean of and variance 
of, whereas it controls the correction intensity based on the sensor's development stage and stability. In this 
manner, the original feature's specific yield data is not significantly lost. 

ℎ‾𝑡𝑡 = 𝛾𝛾𝑡𝑡 ⊙
ℎ𝑡𝑡 − 𝜇𝜇𝑓𝑓

�𝜎𝜎𝑓𝑓2 + 𝜀𝜀
+ (1 − 𝛾𝛾𝑡𝑡) ⊙ℎ𝑡𝑡 

Eq.(9) 

Figure 2 shows the dilated residual temporal learning mechanism. The schematic emphasizes that temporal 
dependency is expanded through dilation, while residual paths retain sensor-level information and prevent 
excessive smoothing of growth-stage signals. 

Following the residual TCN, the model incorporates a stage-aware temporal attention vector. This vector is a 
reweighting function for the extracted temporal characteristics based on growth-stage relevance rather than 
convolution. The model cannot give sensitive times like flowering and grain filling a high weight because the 
attention is limited by accumulated thermal time. 

𝑎𝑎𝑡𝑡 = exp�𝑤𝑤𝑇𝑇tanh(𝑉𝑉𝑛𝑛𝑡𝑡 + 𝜓𝜓𝜓𝜓𝜓𝜓𝐷𝐷𝑡𝑡)�/Σ𝑗𝑗exp �𝑤𝑤𝑇𝑇tanh�𝑉𝑉𝑛𝑛𝑗𝑗 + 𝜓𝜓𝜓𝜓𝜓𝜓𝐷𝐷𝑗𝑗�� Eq.(10) 

This operation produces a compact season-level representation by emphasizing the time steps that contribute 
most to final yield. It also provides a direct basis for temporal interpretation in the result analysis. 

Sensor Contribution-Guided Yield Prediction 

The prediction head maps the temporally aggregated representation to crop yield. Instead of using the last time 
step only, the model calculates a weighted seasonal representation, because final yield is determined by 
cumulative and stage-specific processes rather than the sensor state on a single day. 

𝑠𝑠 = Σ𝑡𝑡𝑎𝑎𝑡𝑡𝑛𝑛𝑡𝑡 Eq.(11) 
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The vector s summarizes the learned crop-growth response. It is then sent to a compact regression head with 
dropout and smooth activation, which improves generalization under limited field observations. 

𝑦̂𝑦 = 𝑤𝑤𝛾𝛾𝑇𝑇𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑊𝑊𝑠𝑠𝑠𝑠 + 𝑏𝑏𝑠𝑠) + 𝑏𝑏𝛾𝛾 Eq.(12) 
To support interpretability, the sensor contribution score is calculated from both the learned sensor prior and 
the sensitivity of the prediction to embedded sensor features. This mixed design avoids relying only on attention 
weights, which may not always represent causal importance. 

𝐶𝐶𝑖𝑖 = mean𝑡𝑡(𝜋𝜋𝑖𝑖 , 𝑡𝑡 ⋅ |𝜕𝜕𝑦̂𝑦/𝜕𝜕𝑒𝑒𝑖𝑖, 𝑡𝑡|) Eq.(13) 
A higher 𝐶𝐶𝑖𝑖  indicates that a sensor contributes strongly to the final prediction through both selected input 
representation and output sensitivity. The value can be summarized by growth stage to explain whether the 
model relies more on soil water, temperature, radiation, or canopy response during different periods. 

 
Figure 2. Dilated residual temporal learning mechanism with sensor contribution guidance 

 
The regression term adopts a logarithmic robust penalty with sample-adaptive weight, where ωn reflects the 
reliability of plot-level yield records and τ controls the tolerance to abnormal yield fluctuation. This design 
reduces the influence of extreme samples caused by local management disturbance or weather shock while 
preserving sensitivity to ordinary prediction errors. 

𝐿𝐿𝛾𝛾 =
1
𝑁𝑁
∑𝑛𝑛=1
𝑁𝑁  𝜔𝜔𝑛𝑛ln�1 +

(𝑦𝑦𝑛𝑛 − 𝑦̂𝑦𝑛𝑛)2

𝜏𝜏2
� Eq.(14) 

The temporal smoothness term constrains adjacent attention values and prevents the model from assigning all 
importance to an isolated noisy day. This is consistent with crop physiology, where yield formation usually 
reflects accumulated stress or resource availability. 

𝐿𝐿𝑡𝑡 = Σ𝑡𝑡|𝑎𝑎𝑡𝑡 − 𝑎𝑎𝑡𝑡−1| ⋅ exp(−|𝐺𝐺𝐺𝐺𝐷𝐷𝑡𝑡 − 𝐺𝐺𝐺𝐺𝐷𝐷𝑡𝑡−1|) Eq.(15) 
A contribution stability term is added across adjacent growth windows. It discourages abrupt sensor-importance 
reversal unless the temporal evidence is strong, which improves interpretability under noisy input. 

𝐿𝐿c = Σ𝑖𝑖Σ𝑘𝑘|𝐶𝐶𝑖𝑖 , 𝑘𝑘 − 𝐶𝐶𝑖𝑖, 𝑘𝑘 − 1|/(1 + Δ𝐺𝐺𝐺𝐺𝐷𝐷𝑘𝑘) Eq.(16) 
The overall optimization objective is a weighted combination of these terms. In the implementation, the 
regression term dominates the objective, while the auxiliary terms regularize temporal interpretation and sensor 
contribution consistency. 
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𝐿𝐿 = 𝐿𝐿𝛾𝛾 + 𝛽𝛽1𝐿𝐿𝑡𝑡 + 𝛽𝛽2𝐿𝐿c Eq.(17) 
The proposed architecture contains 0.86 million trainable parameters when the hidden dimension is set to 64. 
This scale is smaller than the tested Transformer baseline with 2.74 million parameters and is therefore more 
suitable for repeated yield prediction on agricultural edge gateways or local farm servers. 

Experimental Results and Interpretability Analysis 

Yield Prediction Accuracy Across Baselines 

For the trial, 1,860 plot-season samples from five representative farming areas and three growth seasons were 
gathered. The final grain yield in tonnes per hectare is the prediction object, and each sample includes multiple-
source sensor sequences of planting-to-pre-harvest data for every day. To prevent data leaking, divide the 70% 
training, 15% validation, and 15% test sets by field blocks. Random Forest, XGBoost, LSTM, GRU, standard TCN, 
and an attention-based temporal model serve as baselines. Both traditional machine learning and a more recent 
use of temporal deep learning in agricultural forecasting are examples of baseline selection [31]. 

The highest prediction comparison is shown in Figure 3. The suggested model has a lower RMSE of 0.412 t/ha 
compared to 0.532 t/ha for LSTM, 0.507 t/ha for GRU, 0.484 t/ha for the conventional TCN, and 0.455 t/ha for 
the attention baseline, as can be observed in Figure 3(a), which compares the RMSE, MAE, and R² for the seven 
models. The predicted-yield against observed-yield distribution for the samples is shown in Figure 3(b); XGBoost 
achieves 76.2%, while the suggested model has 87.6% of the samples within a ±0.6 t/ha error band. The stage-
level error contribution is shown in Figure 3(c). Error reduction is most noticeable during the reproductive and 
grain-filling stages, when long-range temperature and soil-water dependencies are greatest [32]. 

 
Figure 3. Prediction accuracy comparison among different models. (a) Overall regression metrics for baseline and proposed models. (b) 
Predicted-yield and observed-yield scatter distribution. (c) Growth-stage error contribution across vegetative, reproductive, and grain-

filling periods. 
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It has a dilated temporal receptive field, which makes it superior than recurrent models. Sequential associations 
can be learned by LSTM and GRU, although employing 120–150 days of daily observations reduces the stability 
of hidden-state compression. The conventional TCN does not directly display sensor contributions, despite its 
ability to perform parallel temporal modeling. The accuracy and stability of the model were enhanced, and the 
error rate (MAE) of the standard TCN was lowered from 0.381 t/ha to 0.326 t/ha with the addition of residual 
temporal refinement and sensor-guided representation. The suggested model, which is more compact (0.86 
million parameters) and faster (7.9ms), is more suited for on-site deployment because the attention baseline 
has a comparatively high R2 but is also a huge model (2.74 million parameters) and slow inference speed (18.6ms 
per sample) [33]. 

Sensor Importance and Growth-Stage Sensitivity 

For interpretability analysis, the contribution scores of the four crop-growth stages are combined. It will be 
utilized to ascertain whether model variables have a higher worldwide ranking and whether the model's use of 
sensor data is agronomically justified. The sensor contribution results are shown in Figure 4. According to Figure 
4(a), soil moisture accounts for 21.4% of the total prediction signal, with accumulated temperature coming in 
second at 18.7%, solar radiation at 15.8%, canopy vegetation response at 14.9%, and irrigation amount at 10.6%. 
When the scores are broken down by growth stage, Figure 4(b) reveals that the primary factor restricting 
vegetative growth is soil moisture; in the reproductive and grain-filling stages, temperature and radiation are 
comparatively more restrictive. The suggested model exhibits a 31.2% reduced stage-to-stage fluctuation index 
when compared to the attention baseline, as seen in Figure 4(c). As seen in Figure 4(d), the model was not a 
single-channel model; rather, it contained the contribution heatmaps of every channel during the season [34]. 

 
Figure 4. Sensor contribution analysis across crop growth stages. (a) Global contribution ranking of major farmland sensors. (b) Growth-

stage contribution variation of soil, climate, irrigation, and canopy variables. (c) Contribution stability comparison between attention 
baseline and proposed model. (d) Sensor-stage contribution heatmap for interpretable agronomic diagnosis. 
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The findings imply that the contributing mechanism is time-dependent. Soil water availability and content are 
typically more limited during the early stages of development because they are more vulnerable to drought 
stress. Since the temperature has risen throughout flowering, the model now assigns it 24.1% of the stage-level 
relevance. Together, radiation and canopy response make up 34.5% of the prediction signal during the grain-
filling stage, which is consistent with biomass conversion and photosynthetic accumulation. Seasonal 
aggregation models do not account for delayed response patterns and regard variables as static predictors, 
making it challenging to obtain such stage-sensitive behavior [35]. 

The time-varying factor is also displayed in Figure 5. After planting on days 38, 71, and 104, the attention weights 
over the crop calendar show three distinct peaks, which correlate to canopy development, blooming, and grain-
filling, respectively, as seen in Figure 5(a). The cumulative prediction gains when the temporal window is 
extended is shown in Figure 5(b); the gain increases quickly before 90 days and then plateaus, indicating that 
the model does not only rely on pre-harvest observations but also uses early stress information and late-season 
growth signals [36]. 

 
Figure 5. Temporal sensitivity of key agricultural variables. (a) Stage-aware temporal weight distribution across the growing season. (b) 

Cumulative prediction gains under different historical observation windows. 
 

It is evident from the Sensitivity Profile that the dilated residual structure outperforms the conventional TCN. 
The model can therefore connect the irrigation/rain event to a delayed change in vegetation because the 
receptive field is 63 days. The RMSE has increased from 0.412 t/ha to 0.473 t/ha in the absence of the expansion 
timetable. After 80 epochs, the validation loss oscillates and training becomes unstable when residual paths are 
eliminated. According to the, yield prediction only gains from a long-context model when low-level sensor 
information is preserved [40]. 

Robustness and Field-Level Generalization 

Test robustness using cross-field transfer, additional noise, and missing sensor data. The robustness results are 
displayed in Figure 6. The prediction error at various missing rates ranging from 5% to 30% is displayed in Figure 
6(a); at a missing rate of 20%, the RMSE of the suggested model is 0.468 t/ha, compared to 0.621 t/ha for LSTM 
and 0.552 t/ha for the standard TCN. The noise sensitivity under Gaussian perturbation of soil and weather 
channels is shown in Figure 6(b); the suggested model suppresses some of the disturbance by reliability-aware 
embedding since it has a smaller error slope. Soil-water dynamics are crucial for the yield-prediction model 
because, as Figure 6(c) illustrates, the RMSE increased when individual sensor groups were removed; in 
particular, the removal of soil sensors increased it by 13.9% and the removal of irrigation records increased it by 
6.8%. 
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Figure 6. Robustness under sensor noise and missing observations. (a) RMSE variation under different missing-data ratios. (b) Prediction 

degradation under sensor noise perturbation. (c) Performance change after removing major sensor groups. 
 

To find out if the learnt temporal representation can be used to out-of-distribution data, cross-field and cross-
season studies are employed. The five farming zones are compared in Figure 7(a). While the suggested model 
kept a R² value of greater than 0.86 in each zone, XGBoost dropped to 0.78 in the sandy-loam zone because of 
more noticeable variations in soil moisture. The cross-season transfer results are displayed in Figure 7(b). 
Compared to a typical TCN, the suggested model lowered the RMSE by 11.7% when trained on two seasons and 
tested on a third. The suggested model offers a better trade-off than the attention baseline and the Transformer-
style temporal model since it has an inference delay of 7.9 MS and 0.86 million parameters, according to Figure 
7(c), which compares computing efficiency [38]. 
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Figure 7. Cross-field and cross-season prediction performance. (a) Field-zone prediction accuracy under different soil and management 
conditions. (b) Cross-season transfer performance comparison. (c) Parameter size and inference latency comparison among temporal 

prediction models. 
 

Field-level temporal normalization and growth-stage encoding have a close relationship with generalization 
advantage. When the seasonal heat accumulation changes, calendar-based encoding works poorly; in the 
ablation experiment, switching from GDD encoding to day-of-year encoding raises RMSE from 0.412 to 0.449 
t/ha. The inaccuracies in the zones with varied sensor calibration bases are also higher in the absence of field-
level normalization. Consequently, the findings demonstrate that multi-source sensor fusion should take 
physical time and field-specific measurement bias into account in addition to concatenating variables [39]. 

Lastly, each of the modules will be examined separately. When the sensor contribution is excluded, 
interpretability stability decreases by 18.5% and RMSE rises to 0.446 t/ha. Because there are fewer medium-
term dependencies when dilated convolution is removed, the RMSE rises to 0.473 t/ha. RMSE is 0.461 t/ha and 
convergence are sluggish in the absence of residual connections. In summary, the model is robust and accurate 
at a comparatively cheap computational cost. For multi-source agricultural sensing contexts where prediction 
must be both accurate and explicable, interpretable dilated residual temporal models can be implemented in 
this manner [40]. 
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Conclusion 
This research proposed an explainable dilated residual temporal convolutional network for crop yield prediction 
using several farmland sensor sources. Time-alignment, source-specific sensor embedding, dilated causal 
convolution, residual refinement, and contribution-guided prediction have all been introduced to the module. 
The experiment's findings indicate that the new model can increase prediction accuracy while having a 
comparatively small number of parameters and low inference latency; as a result, it is appropriate for edge-
oriented decision systems and field-level agricultural surveillance. 

An explicit model for the long-term trend of crop yield must be developed based on the analysis. Both short-
term fluctuations and delayed growth responses are present in multi-source farmland sensors, and these 
patterns cannot be fully preserved by simple aggregation or recurrent compression. Dilated Residual TCN 
prevents low-level sensor data from being unduly smoothed in deeper layers through residual routes while 
expanding the temporal receptive field rather effectively. 

Additionally, the interpretability analysis shows that the contribution of sensors varies in an agriculturally 
sensible manner at various growth phases. During the vegetative, reproductive, and grain-filling stages, 
variations occur in soil moisture, cumulative temperature, radiation, irrigation, and canopy response. This model 
will be expanded in future work by adding crop genotyping data, remote sensing images, uncertainty 
quantification, and a lightweight deployment technique for a large-scale agricultural Internet of Things platform. 
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