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Abstract

Pre-harvest yield forecasting and price stability prediction are critical for food security planning 
in climate-vulnerable regions, yet existing approaches struggle to integrate heterogeneous data 
streams spanning satellite imagery, historical agricultural statistics, and socioeconomic 
indicators. We present the Tri-Stream Latent-Dynamic Transformer (TLDT), a novel deep 
learning architecture that unifies spatial-spectral features from Sentinel-1/2 satellite image time 
series, temporal phenological dynamics, and exogenous economic signals through a purpose-
designed cross-attention mechanism. Unlike conventional fusion strategies that treat data 
streams independently, our Tri-Stream Cross-Attention module employs spatial features as 
queries, economic context as keys, and temporal phenology as values, enabling the model to 
learn how market conditions modulate the relationship between observed crop growth and final 
yields. We validate TLDT on a comprehensive dataset covering 24 locations across Cameroon, 
Chad, and Nigeria in the Lake Chad Basin from 2018–2023, incorporating Sentinel-1/2 imagery 
from Google Earth Engine, CHIRPS rainfall data, FAO yield statistics, and WFP market prices. 
On held-out test data, TLDT achieves an RMSE of 0.244 t/ha for yield prediction (representing 
a 2.9% improvement over LSTM baselines and 9.3% over standard Transformers) with an R2 
of 0.197, while simultaneously attaining 93.2% accuracy and 0.933 weighted F1-score on three-
class price stability classification (Stable, Vulnerable, Crisis). Our Adaptive Positional 
Encoding component effectively handles the irregular temporal sampling inherent in cloud-
affected optical satellite data. The integrated Harvest-Expectation Index provides interpretable 
90-day pre-harvest forecasts suitable for early warning systems. These results demonstrate that 
tri-stream fusion with economic context awareness substantially improves predictive 
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performance in data-sparse, conflict-affected agricultural regions, offering a scalable 
framework for operational food security monitoring.

Keywords: crop yield forecasting; deep learning; transformer; satellite remote sensing; food 
security; price stability; multi-task learning; Lake Chad Basin

1. Introduction

Food insecurity affects over 820 million people globally, with the most severe impacts 
concentrated in regions experiencing the compound effects of climate variability, conflict, and 
economic instability [1]. The Lake Chad Basin, spanning Cameroon, Chad, Nigeria, and Niger, 
exemplifies these challenges: the region has experienced a 90% reduction in lake surface area 
since the 1960s, persistent armed conflict, and recurrent drought conditions that threaten the 
livelihoods of over 30 million people dependent on rain-fed agriculture [2,3]. In such contexts, 
accurate pre-harvest yield forecasting - ideally 90 days before harvest - can enable timely 
interventions including food aid prepositioning, market stabilization measures, and adaptive 
agricultural support [4].

Traditional yield forecasting approaches rely on crop simulation models calibrated with ground-
truth data, but these methods face significant limitations in data-sparse regions where 
meteorological stations are scarce, soil surveys incomplete, and administrative yield statistics 
often delayed by months or years [5,6]. Satellite remote sensing offers a promising alternative, 
providing consistent, near-real-time observations of vegetation conditions across large spatial 
extents [7]. The Sentinel-1 and Sentinel-2 missions, in particular, deliver complementary 
synthetic aperture radar (SAR) and multispectral optical imagery at 10-meter resolution with 
revisit times of 5–12 days, enabling detailed monitoring of crop phenology even in cloud-prone 
tropical regions [8,9].

Recent advances in deep learning have demonstrated substantial improvements over traditional 
statistical approaches for yield forecasting [10–12]. Convolutional neural networks (CNNs) 
effectively extract spatial patterns from satellite imagery [13], while recurrent architectures 
including Long Short-Term Memory (LSTM) networks capture temporal dynamics in 
vegetation index time series [14,15]. The Transformer architecture, originally developed for 
natural language processing [16], has shown particular promise for time series forecasting due 
to its ability to model long-range dependencies through self-attention mechanisms [17,18]. 
However, existing satellite-based yield prediction systems typically treat remote sensing 
observations in isolation, failing to integrate the economic and climatic context that 
substantially influences agricultural outcomes in smallholder-dominated systems.

The relationship between predicted yields and actual food security outcomes is mediated by 
complex market dynamics, particularly in regions where infrastructure limitations and conflict 
create fragmented markets with high price volatility [19,20]. The Soudure period - the pre-
harvest lean season when food stores are depleted but new crops are not yet available - 
represents a critical vulnerability window during which food prices can spike dramatically, 
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particularly following poor harvests [21]. Predicting not only yields but also price stability 
conditions therefore has direct operational value for humanitarian response planning.

This paper introduces the Tri-Stream Latent-Dynamic Transformer (TLDT), a novel 
architecture designed to address these challenges through three key innovations. First, we 
propose a tri-stream encoder architecture that processes spatial-spectral features (from Sentinel-
1/2 imagery), temporal phenological dynamics (monthly vegetation index sequences), and 
exogenous signals (rainfall anomalies, price volatility, Soudure stress indicators) through 
specialized encoder modules. Second, we introduce a Tri-Stream Cross-Attention (TSCA) 
mechanism that employs spatial features as queries, economic context as keys, and temporal 
phenology as values, enabling the model to learn how market conditions modulate the 
relationship between observed crop growth and predicted yields. Third, we develop an Adaptive 
Positional Encoding (APE) scheme that handles the irregular temporal sampling characteristic 
of cloud-affected optical satellite data by learning continuous positional embeddings from 
observation time deltas.

We validate TLDT on a comprehensive dataset covering the Lake Chad Basin, integrating 
satellite imagery from Google Earth Engine, historical yield statistics from FAO, rainfall data 
from CHIRPS, and market prices from the World Food Programme. Our experiments 
demonstrate that TLDT outperforms both LSTM and standard Transformer baselines on yield 
prediction while simultaneously achieving high accuracy on price stability classification. The 
resulting Harvest-Expectation Index provides interpretable 90-day forecasts suitable for 
integration into existing early warning systems.

The remainder of this paper is organized as follows. Section 2 reviews related work on yield 
forecasting, satellite remote sensing, and deep learning approaches. Section 3 details the TLDT 
architecture and training methodology. Section 4 describes our study area and data sources. 
Section 5 presents experimental results and analysis. Section 6 discusses implications and 
limitations. Section 7 concludes with directions for future work.

2. Related Work

2.1. Satellite-Based Crop Yield Estimation

Satellite remote sensing has been employed for crop monitoring and yield estimation since the 
1970s, with early approaches focusing on empirical relationships between vegetation indices 
and crop productivity [22,23]. The Normalized Difference Vegetation Index (NDVI), computed 
from red and near-infrared reflectance, remains widely used due to its correlation with leaf area 
index and photosynthetic capacity [24]. More sophisticated indices including the Enhanced 
Vegetation Index (EVI), which incorporates blue band reflectance to reduce atmospheric 
effects, and the Normalized Difference Water Index (NDWI), sensitive to crop water content, 
provide complementary information about crop condition [25,26].

The launch of the Sentinel missions has substantially enhanced capabilities for agricultural 
monitoring. Sentinel-2's Multispectral Instrument (MSI) provides 13 spectral bands at 10–60 
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meter resolution with a 5-day revisit time at the equator, enabling detailed phenological 
monitoring [27]. Sentinel-1's C-band SAR provides all-weather, day-night imaging capability 
particularly valuable in cloud-prone tropical regions, with backscatter signatures sensitive to 
crop structure and water content [28,29]. Studies have demonstrated the complementary value 
of combining optical and SAR observations for crop classification and yield estimation [30,31].

Regional yield forecasting systems typically aggregate pixel-level observations to 
administrative units for comparison with official statistics. Approaches range from simple 
regression models relating peak-season vegetation indices to reported yields [32] to more 
sophisticated time series analysis methods that exploit the full temporal profile of crop 
development [33,34]. However, the coarse temporal resolution of many satellite products and 
the irregular sampling imposed by cloud contamination in optical imagery remain significant 
challenges, particularly for identifying critical phenological stages [35].

2.2. Deep Learning for Agricultural Forecasting

Deep learning methods have achieved substantial improvements over traditional approaches for 
crop yield prediction. Convolutional neural networks effectively extract spatial features from 
satellite imagery, learning hierarchical representations that capture field-level patterns [36,37]. 
You et al. [38] demonstrated that CNNs applied to MODIS imagery could predict county-level 
corn yields in the United States with lower error than traditional regression approaches. 
Subsequent work has explored deeper architectures including ResNet and DenseNet variants 
[39,40].

Recurrent neural networks, particularly LSTM architectures, have proven effective for 
modeling the temporal dynamics of crop growth [41,42]. Satellite time series naturally represent 
sequential observations, and LSTM's gating mechanisms enable learning of both short-term and 
long-term dependencies in vegetation index trajectories [43]. Hybrid CNN-LSTM architectures 
combine spatial and temporal processing, with CNNs extracting features from individual 
images and LSTMs modeling their evolution over the growing season [44,45].

The Transformer architecture has recently emerged as a powerful alternative to recurrent 
models for sequence modeling [16]. Self-attention mechanisms enable direct modeling of 
dependencies between any pair of time steps, avoiding the sequential processing bottleneck of 
RNNs. For time series forecasting, Transformers have demonstrated strong performance across 
diverse domains including energy demand, traffic flow, and weather prediction [17,46,47]. 
Applications to satellite time series analysis include crop classification [48], land cover 
mapping [49], and phenology extraction [50].

However, most existing approaches treat satellite observations as the primary or sole input, with 
limited integration of the broader context that influences agricultural outcomes. Some studies 
have incorporated weather data as auxiliary inputs [51,52], but systematic integration of 
economic indicators, market dynamics, and vulnerability factors remains largely unexplored.
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2.3. Food Security Early Warning Systems

Operational food security monitoring systems, including FEWS NET, the Global Information 
and Early Warning System (GIEWS), and the Integrated Food Security Phase Classification 
(IPC), combine multiple data sources to assess food security conditions and project future trends 
[53,54]. These systems typically integrate satellite-derived indicators of crop and rangeland 
conditions with market price monitoring, conflict tracking, and household vulnerability 
assessments [55].

Market price dynamics play a crucial role in food security outcomes, particularly in regions 
where a large share of households are net food purchasers [56]. Price volatility can undermine 
food access even when aggregate production is adequate, and price spikes frequently coincide 
with the Soudure period when household food stocks are depleted [21]. The relationship 
between production shortfalls and price increases is mediated by market integration, trade 
policies, and speculative behavior, creating complex dynamics that are difficult to predict from 
production indicators alone [57,58].

Machine learning approaches have been applied to food security prediction, including 
classification of IPC phases from household survey data [59] and prediction of acute food 
insecurity from satellite and conflict indicators [60]. However, these approaches typically treat 
yield and price outcomes as separate prediction targets rather than modeling their joint 
dynamics. Our work addresses this gap through multi-task learning that simultaneously predicts 
yield quantities and price stability classifications.

2.4. Multi-Modal Fusion and Cross-Attention

Integrating information from heterogeneous data sources is a fundamental challenge in machine 
learning, with approaches ranging from early fusion (concatenating inputs) to late fusion 
(combining model outputs) to more sophisticated attention-based mechanisms [61]. Cross-
attention, which computes attention weights between queries from one modality and 
keys/values from another, has proven particularly effective for multi-modal learning [62,63].

In remote sensing, fusion of optical and SAR imagery has been extensively studied, with deep 
learning approaches including shared-weight networks, adversarial training, and attention-
based selection mechanisms [64,65]. Temporal fusion strategies for satellite time series have 
explored attention mechanisms that weight observations by quality, cloud cover, or 
phenological relevance [66,67].

Our Tri-Stream Cross-Attention mechanism extends these approaches by explicitly modeling 
the interaction between spatial observations, temporal dynamics, and economic context. By 
employing spatial features as queries, economic context as keys, and temporal phenology as 
values, we enable the model to learn attention patterns that reflect how market conditions 
modulate the relationship between observed vegetation conditions and agricultural outcomes.

3. Methods
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3.1. Problem Formulation

We formulate pre-harvest yield and price prediction as a multi-task learning problem. Given 
observations up to time ttt (corresponding to approximately 90 days before harvest), we aim to 
simultaneously predict the final harvest yield  y∈R+ (tonnes per hectare) and classify price 
stability conditions c∈{0,1,2} representing Stable, Vulnerable, and Crisis states respectively.

For each location-year sample, we define three input streams. The spatial-spectral stream Xs ∈ 
RC×H×W represents multi-band satellite imagery with C=10 channels (including Sentinel-2 bands 
B2, B3, B4, B8, B11, B12 and derived indices NDVI, EVI, SAVI, NDWI), with spatial 
dimensions H=W=32. The temporal stream Xt ∈RT×D represents monthly observations over 
T=12 months with D=8 spectral-temporal features (NDVI, EVI, SAVI, NDWI from Sentinel-
2; VV, VH, VH/VV ratio from Sentinel-1; precipitation). The exogenous stream Xe ∈ R3 
comprises three scalar features: rainfall anomaly during the growing season, price volatility 
coefficient, and Soudure stress indicator.

The model learns a mapping f:(Xs,Xt,Xe)→(y,c) parameterized by neural network weights θ, 
optimized to minimize a combined loss function balancing yield prediction accuracy and price 
classification performance.

3.2. Overall Architecture

The TLDT architecture, illustrated in Figure 1, comprises four main components: stream-
specific encoders for spatial, temporal, and exogenous inputs; the Tri-Stream Cross-Attention 
fusion module; a feature integration layer; and task-specific prediction heads for yield 
regression and price classification.
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3.3. Spatial-Spectral Encoder

The Spatial-Spectral Encoder processes satellite imagery through a convolutional neural 
network backbone designed to extract field-level spatial patterns and spectral signatures 
indicative of crop type and condition. The architecture comprises three convolutional blocks 
with progressively increasing channel depth, followed by adaptive average pooling to produce 
a fixed-length feature vector regardless of input spatial dimensions.

Each convolutional block contains two 3×3 convolutional layers with batch normalization and 
ReLU activation, followed by 2×2 max pooling:

ℎ(𝑙)
𝑠 = 𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝑅𝑒𝐿𝑈 𝐵𝑁 𝐶𝑜𝑛𝑣3𝑥3 𝑅𝑒𝐿𝑈 𝐵𝑁 𝐶𝑜𝑛𝑣3𝑥3 ℎ(𝑙―1)

𝑠 )

The encoder maps input Xs € R10x32x32 through channel dimensions [10 64 d] where d is 
the hidden dilmension (128 in our experiments), with final adaptive average pooling producing 
hs  € Rd
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This architecture captures multi-scale spatial patterns from field boundaries and vegetation 
texture at fine scales to landscape-level heterogeneity at coarser scales. The choice of relatively 
shallow architecture reflects the limited spatial extent of our input patches and the need to avoid 
overfitting given our modest dataset size.

3.4. Temporal Phenology Encoder with Adaptive Positional Encoding

The Temporal Phenology Encoder processes monthly observation sequences through a 
Transformer encoder architecture, capturing the temporal dynamics of crop development from 
planting through maturity. A key innovation is our Adaptive Positional Encoding (APE) 
scheme, designed to handle the irregular temporal sampling that arises from cloud 
contamination in optical satellite imagery.

3.4.1. Adaptive Positional Encoding

Standard positional encodings for Transformers assume regular sampling intervals, using either 
sinusoidal functions or learned embeddings indexed by position [16]. This assumption is 
violated in satellite time series, where cloud cover can result in gaps of days to weeks between 
usable observations. We propose APE, which learns positional embeddings directly from 
observation time deltas:

𝐴𝑃𝐸(𝛿𝑡) = tanh(𝑊2.𝐺𝐸𝐿𝑈 𝑊1.
𝛿𝑡

60 )

Where 𝛿𝑡 is the time delta (in days) since the previous observation, normalized by the maximum 

expected gap (60 dys), and 𝑊1 ∈ ℝ1×𝑑
2,  𝑊2 ∈ ℝ𝑑

2×𝑑 are learned projection matrices. The 
GELU activation provides smooth gradients, while the tanh output bounds embeddings to 
facilitate stable training.

APE enables the model to learn that, for example, a 30-day gap during the dry season has 
different phenological implications than a 30-day gap during rapid vegetative growth. The 
continuous formulation also gracefully handles varying gap lengths without requiring 
discretization.

3.4.2. Transformer Encoder

The temporal sequence is first projected to the hidden dimension via a linear layer, then 
combined with APE embeddings:

𝑍0 =  𝑋𝑡𝑊𝑝𝑟𝑜𝑗 + 𝐴𝑃𝐸(𝛿)

Where 𝑊𝑝𝑟𝑜𝑗 ∈ ℝ𝐷×𝑑. The sequence is then processed through L transformer encoder layers, 
each comprising multi-head self-attention and position-wise feed-forward networks:

𝑍′𝑙 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑍𝑙―1 + 𝑀𝐻𝐴(𝑍𝑙―1,𝑍𝑙―1,𝑍𝑙―1))

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


𝑍𝑙 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑍′𝑙 + 𝐹𝐹𝑁(𝑍′𝑙))

Where MHA denotes multi-head attention and FFN is a two-layer feed-forward netork with 
GELU.

The final temporal representation is obtained by mean pooling over the sequence dimension 
followed by layer normalization:

ℎ𝑡 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(
1
𝑇

𝑇

𝑡―1
𝑍(𝑡)

𝐿 )

Where L=2 layers and 4 attention heads inour experiments, balancing model capacity against 
overfitting risk.

3.5. Exogenous Encoder

The Exogenous Encoder processes three scalar features - rainfall anomaly, price volatility, and 
Soudure stress - through a multi-layer perceptron:

ℎ𝑐 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑅𝐸𝐿𝑈(𝑊2.𝑅𝐸𝐿𝑈(𝑊1.𝑋𝑒)))

Where 𝑊1 ∈ ℝ3×𝑑
2 and 𝑊2 ∈ ℝ𝑑

2×𝑑. Dropout is applied after each ReLU activation for 
regularization.

𝑎𝑟𝑎𝑖𝑛 =
𝑃𝑠𝑒𝑎𝑠𝑜𝑛 ― 𝜇𝑃

𝜎𝑃

Where 𝑃𝑠𝑒𝑎𝑠𝑜𝑛 is observed seasonal precipitation and 𝜇𝑃, 𝜎𝑃 are climatological mean and 
standard deviation.

Price volatility is qualified as the coefficient of variation of monthly cereal prices during the 
crop year:

𝑠𝑠𝑜𝑢𝑑𝑢𝑟𝑒 = max (0, ― 𝑎𝑟𝑎𝑖𝑛,𝐼𝐴𝑆)

Taking positive value only when rainfall is below normal during this critical window.

3.6. Tri-Stream Cross-Attention Fusion

The core architectural innovation of TLDT is the Tri-Stream Cross-Attention (TSCA) module, 
which integrates information across the three encoded streams through a purpose-designed 
attention mechanism. Unlike standard cross-attention that operates between two sequences, 
TSCA employs a three-way configuration:
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𝑄 = ℎ𝑠𝑊𝑄, 𝐾 = ℎ𝑒𝑊𝐾, 𝑉 = ℎ𝑡𝑊𝑉

where queries are derived from spatial features, keys from economic context, and values from 
temporal phenology. This design reflects the intuition that we wish to retrieve relevant temporal 
patterns (phenological dynamics) based on how spatial observations (current crop conditions) 
relate to economic context (market conditions and climate stress).

Multi-head attention is computed as:

ℎ𝑒𝑎𝑑𝑖 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝑖𝐾𝑇

𝑖

𝑑𝑘
)𝑉𝑖

ℎ𝑓 = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1,…,ℎ𝑒𝑎𝑑𝐻)𝑊𝑂

Where H is the number of attention heads and 𝑑𝑘 = 𝑑
𝐻 is the per-head dimension.

The attention weights 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄𝐾𝑇/ 𝑑𝑘) provide interpretable information about how 
strongly economic context modulates the fusion process for each sample. High attention to 
economic context indicates samples where market conditions significantly influence the 
mapping from observed crop conditions to predicted yields - for example, during conflict 
periods when market disruptions may cause price spikes even with adequate production.

3.7. Feature Fusion and Prediction Heads

The four representations - spatial, temporal, exogenous, and cross-attended - are concatenated 
and processed through a fusion network:

ℎ = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑅𝑒𝐿𝑈 𝑊𝑓𝑢𝑠𝑒 ℎ𝑠;ℎ𝑡;ℎ𝑒;ℎ𝑓 )

where 𝑊𝑓𝑢𝑠𝑒 ∈ ℝ4𝑑×𝑑. This produces the unified representation used by both prediction heads. 
The yield prediction head is a two-layer MLP with ReLU activation:

𝑦 = 𝑊𝑇
𝑦𝑅𝑒𝐿𝑈(𝑊𝑦,1ℎ)

3.8 Multi-Task Learning Objective

We optimize a combined loss function balancing yield prediction and price classification:

ℒ = 𝜆𝑦ℒ𝑦𝑖𝑒𝑙𝑑 + 𝜆𝑐ℒ𝑝𝑟𝑖𝑐𝑒

Where the yield loss is mean squared error:
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ℒ𝑦𝑖𝑒𝑙𝑑 =
1
𝑁

𝑁

𝑖―1
(𝑦𝑖 ― 𝑦𝑖)2

And the price loss is cross-entropy:

ℒ𝑝𝑟𝑖𝑐𝑒 = ―
1
𝑁

𝑁

𝑖=1

2

𝑘=0
1[𝑐𝑖 = 𝑘] log

exp (𝑐𝑖,𝑘)
∑2

𝑗=0 exp (𝑐𝑖,𝑗)

Where 𝜆𝑦 = 1.0 𝑎𝑛𝑑 𝜆𝑐 = 0.5 based on validation performance, giving higher weight to the 
primary yield prediction task.

3.9. Training Procedure

Models are trained using the AdamW optimizer [68] with learning rate 10−3, weight decay 10−4, 
and batch size 32. We employ a reduce-on-plateau learning rate scheduler, halving the learning 
rate when validation loss plateaus for 5 epochs. Training proceeds for a maximum of 60 epochs 
with early stopping based on validation loss with patience of 12 epochs.

Gradient clipping with maximum norm 1.0 is applied to prevent exploding gradients. Dropout 
with probability 0.1 is applied throughout the network for regularization. All models are 
implemented in PyTorch and trained on a single CPU (experiments can be accelerated with 
GPU when available).

Data augmentation is limited due to the nature of the task: we apply small Gaussian noise to 
exogenous features during training but do not augment spatial or temporal features to preserve 
the integrity of phenological signals.

4. Study Area and Data

4.1. Study Area: Lake Chad Basin

Our study focuses on the Lake Chad Basin, a transboundary region encompassing portions of 
Cameroon, Chad, Nigeria, and Niger. The basin is characterized by a semi-arid climate with a 
single rainy season from June to October, supporting rain-fed agriculture dominated by 
sorghum and millet production [69]. These staple cereals are critical for food security, providing 
the primary source of calories for the majority of the basin's population. Figure 2 below shows 
the Climatological and Vegetation Profiles of part of the Study locations.
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Figure 2. Climatological and Vegetation Profiles of part of the Study Sites: Sentinel-2 NDVI 
vs. CHIRPS Monthly Rainfall 

The region faces multiple overlapping challenges including climate variability with frequent 
droughts, ongoing conflict involving armed groups, population displacement, and limited 
infrastructure constraining market access [70]. Average sorghum yields in the region range 
from approximately 0.6 to 1.2 tonnes per hectare, substantially below potential yields due to 
limited input use and climatic constraints [71].

We selected 24 sampling locations distributed across the three countries, focusing on major 
agricultural zones and market centers. In Cameroon, locations include Maroua (the regional 
capital), Garoua, Mokolo, Kaele, Mora, Kousseri, Yagoua, and Guider. In Chad, we include 
N'Djamena, Moundou, Bongor, Abeche, Sarh, Mongo, Ati, and Pala. In Nigeria, locations 
comprise Maiduguri, Yola, Bauchi, Gombe, Potiskum, Biu, Damaturu, and Dikwa.

4.2. Satellite Data from Google Earth Engine
4.2.1. Sentinel-2 Optical Imagery

We extracted Sentinel-2 Level-2A surface reflectance imagery from Google Earth Engine for 
the period 2018–2023 [72]. For each sampling location, we defined a 5 km buffer and computed 
monthly composites using median aggregation of cloud-free observations. Cloud masking was 
performed using the Scene Classification Layer (SCL), retaining pixels classified as vegetation, 
bare soil, or water.
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From each monthly composite, we extracted six spectral bands (B2 Blue, B3 Green, B4 Red, 
B8 NIR, B11 SWIR1, B12 SWIR2) and computed four vegetation indices. The Normalized 
Difference Vegetation Index (NDVI) was calculated as:

𝑁𝐷𝑉𝐼 =
𝜌𝑁𝐼𝑅 ―  𝜌𝑅𝑒𝑑
𝜌𝑁𝐼𝑅 +  𝜌𝑅𝑒𝑑

The Enhanced Vegetation Index (EVI) incorporates the blue band

𝐸𝑉𝐼 = 2.5 ×
𝜌𝑁𝐼𝑅 ―  𝜌𝑅𝑒𝑑

𝜌𝑁𝐼𝑅 +  𝜌𝑅𝑒𝑑 ― 7.5𝜌𝐵𝑙𝑢𝑒 + 1

The soil Adjusted Vegetation Index (SAVI) accounts for soil background effects:

𝑆𝐴𝑉𝐼 =
(𝜌𝑁𝐼𝑅 ―  𝜌𝑅𝑒𝑑)

(𝜌𝑁𝐼𝑅 +  𝜌𝑅𝑒𝑑 + 0.5) × 1.5

The Normalized Difference Water Index (NDWI) is sensitive to vegetation water content:

𝑁𝐷𝑊𝐼 =
𝜌𝑁𝐼𝑅 ―  𝜌𝑆𝑊𝐼𝑅1
𝜌𝑁𝐼𝑅 +  𝜌𝑆𝑊𝐼𝑅1

The extraction yielded 1,472 monthly records across all locations, with an average of 61 cloud-
free months per location over the 72-month study period (85% coverage).

4.2.2. Sentinel-1 SAR Imagery

Sentinel-1 Ground Range Detected (GRD) imagery in Interferometric Wide swath mode was 
extracted for VV and VH polarizations [28]. We filtered for ascending orbit passes and 
computed monthly median composites within the same 5 km buffers used for Sentinel-2.

SAR backscatter provides complementary information to optical imagery, remaining usable 
under cloudy conditions and providing sensitivity to vegetation structure and water content 
[73]. We computed the VH/VV ratio (in decibels), which has been shown to correlate with 
vegetation biomass and crop growth stage [74].

The extraction yielded 1,440 monthly records. Coverage was higher in the western portions of 
the study area; some locations in eastern Chad (Abeche, Sarh, Mongo, Ati) had limited Sentinel-
1 coverage due to orbital characteristics.

4.3. CHIRPS Rainfall Data

We extracted monthly precipitation totals from the Climate Hazards Group InfraRed 
Precipitation with Station data (CHIRPS) dataset, available at 0.05° resolution [75]. For each 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


location, we computed the monthly mean precipitation within a 25 km buffer and derived 
rainfall anomalies relative to the 1981–2010 climatological baseline.

The growing season (June–October) rainfall anomaly serves as the primary exogenous climate 
indicator. Negative anomalies during this period indicate drought stress likely to reduce yields, 
while positive anomalies may indicate favorable conditions or, in extreme cases, flooding risk.

The Soudure stress indicator specifically targets the July–September period when crop water 
demands are highest. Rainfall deficits during this window have disproportionate impacts on 
final yields due to sensitivity during flowering and grain filling stages [76].

The extraction yielded 1,728 monthly records with complete coverage across all locations and 
time periods.

4.4. FAOSTAT Yield Statistics

Historical crop yield data were obtained from the Food and Agriculture Organization's 
Statistical Database (FAOSTAT) for the Crops and Livestock Products domain [77]. We 
extracted annual yields (hectograms per hectare), harvested area, and production quantities for 
sorghum and millet in Cameroon, Chad, and Nigeria for 2000–2023.

FAOSTAT provides country-level statistics; sub-national yield data at the location level are not 
available for these countries. We therefore assigned country-level yields to all locations within 
each country, with small random perturbations (standard deviation 0.1 t/ha) added during 
dataset construction to simulate sub-national variation. This represents a limitation of our study 
that would be addressed with access to sub-national survey data.

Mean sorghum yields over the study period were 0.99 t/ha for Cameroon, 0.78 t/ha for Chad, 
and 1.15 t/ha for Nigeria. Mean millet yields were 0.70 t/ha for Cameroon, 0.59 t/ha for Chad, 
and 0.87 t/ha for Nigeria. These values are consistent with published regional statistics [78] and 
reflect the challenging growing conditions in the Sahel.

4.5. WFP Market Price Data

Cereal market prices were obtained from the World Food Programme's Vulnerability Analysis 
and Mapping (VAM) food prices database, accessed via the Humanitarian Data Exchange [79]. 
The database contains monthly retail and wholesale prices for major food commodities 
including sorghum and millet, collected from markets across food-insecure regions.

For the study period 2018–2023, we extracted price observations for sorghum and millet 
markets in Cameroon, Chad, and Nigeria. Prices are reported in local currencies (XAF for 
Cameroon and Chad, NGN for Nigeria). We computed monthly price volatility as the 
coefficient of variation within each country-year.
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The extracted dataset contained 432 monthly price records after filtering for sorghum and 
millet. Price levels and volatility varied substantially across countries, reflecting different 
market conditions and currency dynamics.

4.6. Dataset Construction

The final integrated dataset comprises 288 samples, each representing one location-year-crop 
combination. For each sample, we constructed:

1. Spatial features: 10-channel × 32 × 32 spatial arrays representing growing season 
composite statistics, synthesized from monthly band means and standard deviations 
using smooth spatial patterns to approximate field-level heterogeneity.

2. Temporal features: 12-month × 8-feature arrays containing monthly values of NDVI, 
EVI, SAVI, NDWI, VV, VH, VH/VV ratio, and precipitation. Missing values due to 
cloud cover were filled using linear interpolation.

3. Time deltas: 12-element vectors indicating the number of days since the previous 
monthly observation, with 30-day defaults for consecutive months and 45-day values 
for months with heavy cloud contamination.

4. Exogenous features: 3-element vectors containing rainfall anomaly, price volatility, 
and Soudure stress.

5. Yield targets: Scalar values in tonnes per hectare, derived from FAOSTAT country 
statistics with location noise.

6. Price labels: Three-class labels (0=Stable, 1=Vulnerable, 2=Crisis) assigned based on 
a composite risk score incorporating rainfall anomaly, price volatility, and Soudure 
stress, with yield-based adjustments.

The dataset was split into training (70%, 201 samples), validation (15%, 43 samples), and test 
(15%, 44 samples) sets using stratified random sampling.

5. Experiments and Results

5.1. Experimental Setup

All experiments were conducted using PyTorch 1.12 on the google Colab environment. Models 
were trained with the hyperparameters described in Section 3.9. We compared TLDT against 
two baseline architectures:

LSTM Baseline: A hybrid CNN-LSTM architecture with spatial features processed by a 
simplified CNN (single convolutional layer followed by adaptive pooling), temporal features 
processed by a 2-layer LSTM with hidden dimension 128, and exogenous features processed 
by a linear layer. Features are concatenated and passed through a fusion MLP.

Transformer Baseline: Similar architecture to TLDT but without the Tri-Stream Cross-
Attention module. Spatial, temporal, and exogenous encoders are identical to TLDT, with 
features concatenated directly for fusion without cross-modal attention.
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Both baselines use the same multi-task loss function and training procedure as TLDT to ensure 
fair comparison.

5.2. Yield Prediction Performance

Table 1 presents overall test set performance for yield prediction and price classification. TLDT 
achieves the best performance across all yield prediction metrics, with RMSE of 0.244 t/ha, 
MAE of 0.184 t/ha, and R2 of 0.197.

Table 1. Test set performance comparison across models.

Model RMSE (t/ha) MAE (t/ha) R² Accuracy F1
TLDT (Proposed) 0.244 0.184 0.197 0.932 0.933
LSTM Baseline 0.251 0.189 0.149 0.864 0.858
Transformer Baseline 0.269 0.208 0.023 0.864 0.864

TLDT achieves a 2.9% reduction in RMSE compared to the LSTM baseline and a 9.3% 
reduction compared to the Transformer baseline. The improvement in R2 is more substantial: 
TLDT explains approximately 20% of yield variance compared to 15% for LSTM and only 2% 
for the standard Transformer.

Figure 3 shows scatter plots of predicted versus actual yields for all three models. TLDT 
predictions cluster more tightly around the 1:1 line, particularly for mid-range yields between 
0.6 and 1.2 t/ha that represent typical conditions. All models show some difficulty with extreme 
yields, likely reflecting the limited representation of drought and bumper crop years in the 
training data.

Figure 3. Predicted versus actual yield scatter plots for (a) TLDT, (b) LSTM Baseline, and (c) 
Transformer Baseline.

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


5.3. Price Classification Performance

TLDT achieves 93.2% accuracy and 0.933 weighted F1-score on three-class price 
classification, substantially outperforming both baselines which achieve 86.4% accuracy. Table 
2 presents the detailed classification report for TLDT.

Table 2. Price stability classification report for TLDT.

Class Precision Recall F1-Score Support
Stable 1.000 0.900 0.947 20
Vulnerable 0.833 1.000 0.909 15
Crisis 1.000 0.889 0.941 9
Weighted Avg 0.943 0.932 0.933 44

TLDT achieves perfect precision on Stable and Crisis classes, with the only misclassifications 
being 2 Stable samples predicted as Vulnerable and 1 Crisis sample predicted as Vulnerable. 
This asymmetry is operationally favorable: overestimating vulnerability is preferable to 
underestimating crisis conditions for early warning purposes.

Figure 4 presents confusion matrices for all three models. The LSTM and Transformer baselines 
show more misclassification between adjacent categories, suggesting they capture the ordinal 
nature of the classification task less effectively than TLDT.

Figure 4. Confusion matrices for price stability classification: (a) TLDT, (b) LSTM Baseline, 
(c) Transformer Baseline.

5.4. Regional Analysis

Table 3 presents TLDT performance disaggregated by country. Performance varies 
substantially across regions, with Cameroon showing the best results (RMSE 0.193 t/ha, 
R2R^2R2 0.116) followed by Chad (RMSE 0.189 t/ha, R2R^2R2 -0.436) and Nigeria (RMSE 
0.360 t/ha, R2R^2R2 -0.374).

Table 3. Regional performance analysis for TLDT.
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Region N RMSE (t/ha) MAE (t/ha) R² Mean True Mean Pred
Cameroon 14 0.193 0.162 0.116 0.943 0.952
Chad 19 0.189 0.140 -0.436 0.733 0.823
Nigeria 11 0.360 0.287 -0.374 1.136 0.952

The negative R2R^2R2 values for Chad and Nigeria indicate that predictions in these regions 
perform worse than simply predicting the regional mean. This reflects the substantial challenge 
of predicting yields in conflict-affected areas where factors beyond vegetation conditions and 
climate (such as insecurity preventing harvest, market disruption, or displacement) influence 
outcomes.

For Nigeria specifically, the model systematically underpredicts yields (mean predicted 0.952 
versus mean actual 1.136 t/ha), suggesting that the model may be overly conservative in higher-
yielding regions. This could be addressed with region-specific calibration or inclusion of 
country-level fixed effects.

5.5. Training Dynamics

Figure 5 presents training curves showing loss, RMSE, R2R^2R2, and accuracy evolution over 
epochs for all three models. TLDT converges more slowly than baselines initially but achieves 
lower final validation loss. Early stopping was triggered at epoch 43 for TLDT, epoch 24 for 
LSTM, and epoch 32 for Transformer.
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Figure 5. Training curves showing (a) multi-task loss, (b) yield MSE, (c) price cross-entropy, 
(d) validation RMSE, (e) validation R2, and (f) validation accuracy.

The LSTM baseline shows the fastest initial convergence but plateaus at higher loss values, 
suggesting limited model capacity. The Transformer baseline shows more volatile training 
dynamics, consistent with the known difficulty of training Transformers with limited data [80].

5.6. Attention Analysis

Figure 6 visualizes the attention weights from the TSCA module. The left panel shows mean 
attention across the 8 heads, revealing that heads 4 and 5 contribute most strongly to the fusion 
process on average. The right panel shows attention patterns across 44 test samples, revealing 
sample-specific variations in which heads are most active.

Figure 6. Tri-Stream Cross-Attention analysis: (a) mean attention weight per head, (b) attention 
heatmap across test samples.

These attention patterns provide interpretable information about how the model weights 
economic context when making predictions. Samples with high attention weights (darker colors 
in Figure 6b) correspond to cases where economic context strongly modulates the yield 
prediction, potentially indicating market-disrupted or crisis situations.

5.7. Harvest-Expectation Index Simulation

Figure 7 illustrates the Harvest-Expectation Index (HEI) concept through a simulated 
comparison of good harvest, drought, and normal year trajectories. The HEI tracks expected 
harvest outcomes based on cumulative growing season observations, with the 90-day forecast 
point (September for October–December harvest) marked.
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Figure 7. Harvest-Expectation Index simulation showing (a) HEI evolution and (b) 
corresponding price stability index trajectories for good, drought, and normal years.

Under good harvest conditions, HEI rises through the growing season as favorable vegetation 
development is observed, reaching peak values in August–September before declining slightly 
to harvest. Drought conditions show declining HEI from May onward as rainfall deficits 
manifest in reduced vegetation indices. The corresponding price stability index (panel b) shows 
inverse patterns: stable prices under good harvests, crisis conditions (high prices) under 
drought.

This visualization demonstrates how TLDT outputs could be operationalized for early warning: 
a declining HEI trajectory crossing below baseline thresholds would trigger alerts for potential 
food security deterioration, enabling proactive response.

5.8. Comparison with Published Benchmarks

Direct comparison with published benchmarks is challenging due to differences in study 
regions, crops, and evaluation metrics. However, we note that our RMSE of 0.244 t/ha 
represents approximately 27% of the mean yield (0.92 t/ha), which is comparable to or better 
than published results for yield prediction in data-sparse regions [81,82].

For reference, a recent systematic review [83] found median RMSE values of 0.3–0.5 t/ha for 
maize yield prediction in sub-Saharan Africa using satellite data, though these studies often 
focus on more data-rich regions with longer time series. Our results demonstrate that 
competitive performance can be achieved in challenging, data-sparse environments through 
appropriate architectural choices and multi-source data integration.
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6. Discussion

6.1. Value of Tri-Stream Fusion

Our results demonstrate that integrating economic context through the TSCA mechanism 
provides meaningful improvements over architectures that process data streams independently. 
The 2.9% RMSE improvement over LSTM and 9.3% improvement over standard Transformer, 
combined with the 6.8 percentage point improvement in classification accuracy, confirm that 
cross-modal attention enables more effective information integration.

The design of TSCA - using spatial features as queries, economic context as keys, and temporal 
phenology as values - reflects domain knowledge about agricultural systems. Spatial 
observations capture current crop conditions, but interpreting these conditions requires 
understanding the broader context: the same vegetation index value may indicate adequate 
development in a favorable year or stressed crops in a drought year. By using economic context 
to modulate how spatial observations attend to temporal patterns, TLDT learns these context-
dependent relationships.

The attention visualization (Figure 6) provides initial evidence that the model learns meaningful 
attention patterns, with some heads specializing in different aspects of the economic context 
modulation. Further analysis of attention patterns in relation to specific agricultural conditions 
(drought years, conflict periods, price spikes) would strengthen interpretability.

6.2. Adaptive Positional Encoding for Irregular Sampling

Cloud contamination is a pervasive challenge for optical satellite time series analysis, 
particularly in tropical regions where cumulus development occurs daily during the rainy 
season. Our APE scheme addresses this by learning continuous positional embeddings from 
observation time deltas rather than assuming regular sampling.

While we cannot isolate the contribution of APE from other architectural components in our 
experiments, the strong performance on temporal sequences with variable gap lengths 
(averaging 15% missing observations) suggests that APE provides effective handling of 
irregular sampling. Future ablation studies could compare APE against standard sinusoidal 
encodings and learned positional embeddings to quantify its contribution.

6.3. Multi-Task Learning Benefits

The joint prediction of yields and price stability classes through multi-task learning provides 
both practical and methodological benefits. Practically, a single model that provides both 
outputs reduces deployment complexity for operational early warning systems. 
Methodologically, the shared representation learning may improve generalization by leveraging 
complementary supervisory signals.
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The price classification task achieved higher accuracy (93.2%) than would be predicted from 
yield prediction performance alone (R2 = 0.197), suggesting that the model successfully learns 
features relevant to price stability beyond just yield levels. This is consistent with the design of 
price labels, which incorporate rainfall anomalies and price volatility in addition to yield-based 
risk adjustments.

6.4. Regional Heterogeneity

The substantial variation in performance across regions (Table 3) highlights both the challenges 
and opportunities for regional yield forecasting. Cameroon, with the most stable conditions 
during the study period, shows the best performance. Chad and Nigeria, both affected by 
conflict and greater climate variability, show negative R2 values indicating prediction worse 
than the regional mean.

Several factors may contribute to this heterogeneity. First, the assignment of country-level 
yields to all locations within each country introduces noise that differs across regions. Second, 
conflict impacts including displacement, abandoned fields, and restricted market access affect 
yields in ways not captured by satellite observations. Third, market fragmentation in conflict-
affected areas may decouple local prices from broader regional patterns.

Addressing these challenges would require sub-national yield data (potentially from 
agricultural surveys or insurance programs), explicit modeling of conflict exposure, and denser 
market price observations. The modular TLDT architecture could accommodate additional 
input streams capturing these factors.

6.5. Operational Considerations

For operational deployment, several considerations would need to be addressed. First, the 90-
day forecast horizon assumes that growing season observations up to September are available 
for October–December harvest prediction. In practice, processing and quality assurance of 
satellite data introduce latency that may reduce effective lead time.

Second, the model is trained on 2018–2023 data and would need regular retraining or adaptation 
as conditions evolve. Climate trends, changing agricultural practices, and conflict dynamics all 
affect the yield-price relationships that the model has learned.

Third, the country-level yield assignments in our training data limit the spatial specificity of 
predictions. For operational use, integration with sub-national survey data or farmer-reported 
yields would enable more localized forecasts.

Fourth, uncertainty quantification is not addressed in the current implementation. Bayesian 
approaches or ensemble methods could provide prediction intervals essential for risk-aware 
decision making.
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6.6. Limitations

Several limitations of this study should be acknowledged. The sample size (288 samples) is 
small relative to typical deep learning applications, increasing risk of overfitting despite 
regularization measures. The reliance on country-level yield statistics introduces noise and 
precludes evaluation of sub-national prediction accuracy. The short study period (2018–2023) 
limits representation of extreme events including major droughts or exceptionally good 
harvests.

The spatial feature construction approach - synthesizing patch-level features from point 
statistics - represents an approximation of true satellite image patches. Access to actual 
georeferenced image chips would enable learning of genuine spatial patterns at the field level.

The price stability classification, while achieving high accuracy, is based on labels derived from 
the same input features used for prediction, introducing potential circularity. Independent 
validation against IPC classifications or food security surveys would strengthen the evaluation.

Finally, the focus on sorghum and millet in the Lake Chad Basin limits generalizability to other 
crops and regions. Evaluation across diverse agricultural systems would be necessary before 
broader deployment.

7. Conclusions

This paper introduced the Tri-Stream Latent-Dynamic Transformer (TLDT), a novel deep 
learning architecture for joint pre-harvest yield forecasting and price stability prediction in data-
sparse, climate-vulnerable regions. Through purpose-designed components including Adaptive 
Positional Encoding for irregular satellite time series and Tri-Stream Cross-Attention for multi-
modal fusion, TLDT achieves state-of-the-art performance on a challenging dataset covering 
the Lake Chad Basin.

Our experimental results demonstrate that integrating economic context with satellite 
observations and climate data provides meaningful improvements over architectures that 
process data streams independently. TLDT achieves 2.9% lower RMSE than LSTM baselines 
for yield prediction while simultaneously attaining 93.2% accuracy on three-class price stability 
classification, representing a 6.8 percentage point improvement.

The Harvest-Expectation Index framework provides interpretable 90-day pre-harvest forecasts 
suitable for integration into existing early warning systems. By predicting both yield quantities 
and price stability conditions, TLDT addresses the full pathway from agricultural production to 
food security outcomes.

Future work should address current limitations including expansion to sub-national yield data, 
uncertainty quantification, and validation across diverse agricultural systems. Integration with 
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conflict monitoring and market information systems could further improve predictions in 
complex humanitarian contexts. The modular architecture of TLDT facilitates such extensions 
while maintaining the core tri-stream fusion approach.

The code and processed datasets from this study are available at [repository URL to be added] 
to support reproducibility and enable adaptation for other regions and applications.
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