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Abstract
Yield forecasting has been a central task in computational agriculture because of its impact on agricultural
management from the individual farmer to the government
level. With advances in remote sensing technology, computational processing power, and machine learning, the ability to forecast yield has improved substantially over the past
years. However, most previous work has been done leveraging low-resolution satellite imagery and forecasting yield
at the region, county, or occasionally farm-level. In this
work, we use high-resolution aerial imagery and output
from high-precision harvesters to predict in-field harvest
values for corn-raising farms in the US Midwest. By using
the harvester information, we are able to cast the problem of
yield-forecasting as a density estimation problem and predict a harvest rate, in bushels/acre, at every pixel in the field
image. This approach provides the farmer with a detailed
view of which areas of the farm may be performing poorly
so he can make the appropriate management decisions in
addition to providing an improved prediction of total yield.
We evaluate both traditional machine learning approaches
with hand-crafted features alongside deep learning methods. We demonstrate the superiority of our pixel-level approach based on an encoder-decoder framework which produces a 5.41% MAPE at the field-level.

1. Introduction
Although initially a slow adopter of machine learning
and computer vision, agriculture has become an important
domain for these approaches. Computer vision is now a key
element of agricultural systems to determine crop type [47],

count plants [16, 28], guide harvesting robots [22], identify
issues like crop stress and weeds [7, 10, 35, 39], and forecast yield [3, 23, 52]. Adoption and extension of these approaches is critical due to the challenges facing global agriculture: the world’s population is predicted to reach 9.7billion by 2050 [34], water supply is expected to fall 40% short
of global needs by 2030 [32], and climate change produces
significant challenges and uncertainty [11].
Crop yield forecasting is a central task in precision agriculture because of its impact on food security, economics,
and scientific development. Numerous stakeholders are impacted: farmers rely on accurate predictions to make informed management decisions and take appropriate actions
[17]; commercial suppliers seek to understand how new
seed varieties will perform in different areas [46]; governments and international organizations depend on early and
accurate forecasts to anticipate disruptions in food security
or import/exports [11].
In this work, we leverage an encoder-decoder framework
to perform in-field prediction at the pixel-level and demonstrate superior performance, 5.41% MAPE test performance
at the field level as seen in Figure 1. This approach not
only provides exceptional performance at the field-level, but
also enables the farmer to identify regions of his field which
are under-performing and may benefit from further inspection and treatment. To do this we collect high-resolution
(10cm/pixel) multi-spectral (RGB + NIR) imagery across
602 corn fields in the US-Midwest over 2 seasons (2020,
2021) and predict the final yield density at the pixel-level
from imagery collected at the mid-way point of the season. We first baseline these approaches against traditional
handcrafted approaches (which are still quite commonplace
in agricultural and remote sensing works), and a tile-level
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Figure 1. Our approach uses an encoder-decoder framework to directly predict the harvest density at the pixel-level from high-resolution
RGB+NIR imagery. We demonstrate that this approach is superior to other methods which make predictions at coarser scales such as the
tile-level.

CNN-based approach. Importantly, our dataset is unprecedented in size for field-level yield forecasting, our performance reaches SOTA-levels, and to the best of our knowledge, we are the first to demonstrate dense pixel-level yield
forecasting from remote sensing imagery.

2. Related Work
Many existing works on crop yield forecasting focus
on non-image based sources of information including soil,
weather, and seed-variety. These sources of information
may serve as inputs to mechanistic, i.e. simulation-based,
models which are based on decades of research from agronomy and crop science [12, 30, 42]. Unfortunately, these
methods often require complex data calibration to produce reasonable results and also suffer from huge computational overhead and lengthy run-times. Recently, many
have looked to machine learning to complement or replace
these approaches [48]. These include traditional machine
learning algorithms [2, 21, 37, 43] as well deep learning approaches [8, 9, 24, 36]. Importantly, stand-count estimation,
while a related task, is distinct from yield forecasting; to
accurately predict the yield of a corn field requires information about the number of plants (i.e. stand-count) and the
yield per plant. Recently, Khaki et al. [23] used a DNN to
predict performance of corn hybrids throughout the United
States from a dataset containing detailed hybrid information
including genetic markers as well as environmental data
such as weather [46]. Barbosa et al. [3] relied on machine
data such as planting, spraying, and harvesting information,
without any imagery data, to predict within-field yields.
As machine learning approaches have advanced rapidly
over recent years, so too has remote sensing technology. Increased sensor resolution and channels beyond RGB have
become more common thanks to improved satellites and
collection via UAV and manned aircraft. However, much
of the work done previously on yield forecasting from
imagery is based on low-resolution remotely sensed data

with predictions at a regional level [8, 45], or from imagery embedded on ground-based robots [27, 50]. Early approaches [5,20] extracted hand-crafted features, often based
on agriculturally-relevant vegetative indices like NDVI.
With the success of deep learning approaches, more recent
approaches have begun to apply neural networks for yield
forecasting tasks. Leveraging a combination of deep Gaussian processes and long-short term memory, You et al. [52]
predicted soybean yield at the county-level in the United
States. While these analyses are important for anticipating issues surrounding food security, they are too coarse for
providing individual farmers with actionable insight into his
farm.
Within-field crop forecasting, specifically from remotely
sensed data, is largely absent from past efforts. Nevavuori
et al. [33] used imagery collected from UAVs combined
with a 6-layer CNN to predict crop yield of different types
across nine fields. While Barosa et al. [3] performed in-field
predictions, that work was based on application data (e.g.
planter and sprayer data) and did not use imagery. In both of
these works, the authors used within-field cross-validation
and other approaches to handle the very small number of
fields (7) in their dataset; as no fields were fully held-out in
the test set, it is unclear how such approaches would generalize to unseen fields as would be expected in real-world
scenarios.

3. Data
3.1. Image Acquisition
We collected imagery data using manned aircraft flown
over the Midwest US, primarily Illinois and Indiana, during
the 2020 and 2021 growing seasons (April through September). The region was flown 13 times over this period to
provide a longitudinal view of the crops’ health and progression; flights were conducted roughly every two weeks.
As the total area covered is quite expansive, covering over
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5million acres, data acquisition is a nearly continuous process with different fields covered on different days for any
given collection cycle. For this analysis, we focus on 603
fields, 402 in 2020 and 201 in 2021, in which corn was
grown during that season and planter and harvester data was
available (see Sec. 3.2).
Each image consisted of four channels: red, green, blue,
and near-infrared captured at 10cm/pixel resolution. Orthorectification [4] and mosaicking were applied to the raw
images to generate full-field imagery for analysis [13]. Notably, these full-field images are quite large, upwards of
1GB in size and 10k× 10k pixels in dimension. These images were also georeferenced to allow for subsequent alignment to equipment data.

3.2. Equipment Data
Modern planting (seeding) and harvesting equipment enables highly accurate tracking of seeding and harvesting
rates. This equipment records the instantaneous velocity of
the machine in addition to a seeding/harvesting rate at second to milliseconds intervals. These GPS guidance enabled
tractors claim a positional accuracy range of 40cm to under 2cm with a real-time kinematic (RTK) positioning system [1]. We do not make any distinction as to the make and
model of the equipment used on a given field, i.e., we do
not make any explicit corrections for the specific precision
of a given piece of equipment.
The final data output of these machines is a vector geodata file. The geodata file comprises one row (sample)
per timestamp that includes the target rate and the applied
rate, effectively providing a vector map of rates across the
field. Speed is derived from the positional and timestamp
data and is used to convert the raw output to a density in
seeds/acre for the planter file and bushels/acre for the harvester. The vector map from the planter and harvest files
were converted to a raster map by burning the applied rate
value onto an empty raster grid to produce a file raster image with 20cm/pixel resolution and blurring with 5×5 normalized box filter. Because these are geofiles, they can be
easily synced with the geo-referenced imagery collected in
Sec. 3.1.
A boundary mask is constructed for each field to indicate
which portion of the image is under active management, i.e.
where planting has occurred and the grower expects to harvest crop. “Unmanaged” areas such as grassed waterways,
houses, roads, etc. are excluded from analysis. This file is
determined from the non-null areas generated by the harvest
and planter files and is subsequently inspected for quality
assurance.
All equipment data belongs to the farmers and has been
used with permission: we have ensured the anonymity of
the grower is protected by ensuring no figures, images or
results disclose the identity of the grower.

3.3. Dataset
The current analysis focuses on predicting the end-ofseason yield from imagery taken at or up to the middle of
the season. Forecasting at different times during the season is the focus of future work. The prediction flight p
was selected based on the Growing Degree Days (GDDs),
aka. Growing Degree Units (GDUs), of the field. GDDs
are used to estimate the growth and development of plants
as development will only occur if the temperature exceeds
some minimum development threshold, or base temperature
(TBASE) determined experimentally for each crop; for corn
TBASE is 50F [40]. The GDD value used in this work was
obtained from the DarkSky API [19] based on the location
of the field. For this work we select our prediction flight
p as the first flight during the Pollination phase which corresponds to a GDD between 1135 and 1660, roughly midJune through mid-July in these regions. Use of GDDs instead of flight date better normalizes the data to ensure prediction is made at roughly the same growth stage as fields
may be planted over a wide range of dates (often over multiple months), and the plants’ development is dictated by the
local climate and seasonal weather conditions.
Images were downsampled using cubic resampling to
produce images with 20cm/pixel resolution for analysis.
These images were windowed into tiles of size 512×512
pixels with a stride of 512. Tiles containing < 10% data,
were discarded. To ensure an even distribution of data in
the train-validation-test sets, we applied stratified logic to
the splitting as follows: fields for each season were grouped
into five bins [100,150,200,225,250,300,350] based on their
average yield per acre. Fields were then split by seasonbin combination so that all tiles of a given field-season belonged to a single split (train, valid, test). This generates
splits Train (2020): 18,859; Train (2021): 6,965; Valid
(2020): 3,794; Valid (2021): 1,401; Test (2020): 3,652; and
Test (2021): 1,463. For the majority of the experiments,
splits for 2020 and 2021 were combined; Sec. 6.4 explores
the out-of-season effect where the model is trained only on
Train (2020) and performance is evaluated on Test (2021).

4. Hand-Crafted Models
As a baseline, we constructed a “tabular model”
which leverages handcrafted features using approaches
common to remote sensing and computational agriculture(Sec. 4.1) and traditional machine learning regression
algorithms(Sec. 4.2).

4.1. Agronomic Feature Generation
Although deep learning approaches have proven to be
tremendously successful in numerous domains, including
remote sensing and computational agriculture, those two
domains still feature a significant amount of work leverag-
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ing traditional computer vision, hand-crafted features, and
non-deep learning approaches [14,29,49]; this due in part to
their relatively strong performance on many tasks. Therefore, we compare approaches based on hand-crafted features to deep learning approaches. However, as the focus
of this work is not on developing a model based on optimal
hand-crafted features, we give a high-level overview of the
process here and include additional details in the Supplementary Material.
Briefly, we first calculate the normalized difference vegetation index (NDVI) and green normalized difference vegetation index (GNDVI) across the field [31]. Next, we apply image processing including erosion, blurring, threshold,
and connected components to identify anomalous regions
from these NDVI and GNDVI maps. The field is then represented as s = 4 non-mutually exclusive binary masks F s
corresponding to the presence of agronomic features (“AgFeature”) related to i) high stress, ii) low biomass, iii)low
vigor, and iv)low (relative) growth; these are based on agronomic relationships derived from crop science and written
in mutual collaboration with agronomists.

These feature maps are tiled in accordance with the associated imagery (512 × 512) to enable per-tile feature construction; we then compute the mean, median, and max over
each channel in Fs of that tile as features into the model.
Additionally, for each tile, we calculate features based
on the mean, standard deviation, mean absolute deviation, standard deviation, and [5th , 25th , 50th , 75th , 95th ]
percentiles of common agronomic indices (“Index Features”) such as NDVI, NDWI, SAVI, EVI, and GRNDVI;
additional description of these indices is given in the Supplemental Material. We also use the mean, standard deviation, and skew of the red, green, blue, and NIR histograms
of that tile. In certain experiments, we also directly used
the latitude/longitude of the field and the exact GDD value
of the prediction flight as features. Finally, from the planter
file we extract the mean, standard deviation, and skew of
the seeding rate distribution in that tile.

4.2. Models
We evaluate the performance of three common machine learning algorithms: Lasso, Random Forest (RF), and
LightGBM regression. We explore different combinations
of feature sources in Sec. 6.1 as well as the use of a featureselection step based on minimum-redundancy-maximumrelevance (mRMR) to identify uncorrelated variables. In
those models, all possible features are passed into the algorithm, and only the top subset are passed into the learning
algorithm for training [41].
Models were fit to minimize the mean squared error
(MSE) between the actual yield and predicted yield for that
tile. That is, given the harvest map for a given tile which
has a value in bushels(bu)/acre for each pixel, we define our
loss as
X
M SEtile =
Yij ◦ Mi,j − Ŷtotal
(2)
i,j

Figure 2. (A) The raw RGB+NIR is processed to generate different
agronomic indicators like NDVI shown in (B). From these indices
potentially problematic areas with different severity (red > cyan
> green) are identified through anomaly detection and thresholding(C). With the aid of agronomists, features are constructed to
identify areas of low growth (D), low vigor (E), high stress (F),
and low biomass (none present in current example).

We run these feature-map creation steps for each flight
image I1 : Ip up through the prediction flight p. Each AgFeature map is summed independently to generate a set of
s = 4 final Ag-Feature maps
Fs =

p
X

Fts

(1)

t=1

where an element of Fs is the number of times in the first
p-flights of the season in which the sth feature was present.

where Mij is the mask corresponding to the same area
whose elements are 1 if the area is managed and 0 otherwise, and Ŷtotal is the single value total yield predicted by
the model.
All models were constructed using sklearn. Optimal hyperparameter values for each were found using the ScikitOptimize package and are given in Supplementary Material.

5. CNN-Based Models for Tile and Pixel-Level
Prediction
5.1. Input Representation
Each 512 × 512 tile is a 4-channel image consisting of
the red, green, blue, and nir reflectance channels taken from
the prediction flight Ip . RGBN channels were scaled by dividing by 215 ; this brings the naturally int16 values into the
range 0-2, with the majority of the mass occurring in the
range 0-1 because of the sensor’s characteristics. We also
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explored the impact of using the Ag-Feature maps (Sec. 4.1)
as additional input channels. Note that while only the prediction flight image is used, the Ag-Feature maps include
some history about the field as they capture whether the
field has ever experienced that feature; as each channel is
the sum of occurrence through the pth flight, this amount is
divided by 10 to ensure the total was below 1. For one experiment we used the planter seeding rate map as an input;
all values were divided by 50,000 to bring the resulting values near 1. The impact of NDVI and other indices was also
explored; these by their nature are constrained to be in the
range [-1,1].

5.2. Tile-level CNN
We first directly compare a deep-learning based approach to the hand-crafted tabular models of Sec. 6.1 by
performing tile-level prediction. For each tile, we used only
the four-channel RGBN image as the input to the model,
and the total yield of the tile was predicted. We explored
the impact of different architectures including VGG16 [44],
ResNet-34,50 [15], RegnetY-040 [51], and Densenet-161
[18]. As done for the tabular models, we use MSE between
the actual yield and predicted yield for that tile as given in
Eq. (2).

domly. Horizontal and vertical flipping, transposition, and
random rotation were used as augmentation during training.
Adam optimization with a learning rate of 1e-4 and
weight decay of 1e-5 was used to minimize the loss. A
multi-step learning rate scheduler with a multiplicative factor of γ = 0.1 to reduce the learning rate between the 5th
and 15th epochs was used to control learning rate decay. The
loss was defined as the MSE between the actual yield rate
(i.e. bushels/acre) and predicted yield rate for each pixel in
the tile. Models were trained with a batch size of 16 for 100
epochs with early stopping terminating with a patience of
10 epochs.
All CNN-based models were constructed in PyTorch for
architecture construction and the Albumentations package
[6] for augmentation. Models were trained on a machine
with a single NVIDIA TitanRTX and Intel i9-9940X processor.

5.5. Metric Calculations
For the hand-crafted models of Sec. 6.1 and tile-level
CNN of Sec. 5.2, the output of the model is the total yield
of that tile. Field-level metrics are obtained by performing
an aggregate over all the tiles of the field according to
AverageF ieldV alue =

5.3. Pixel-level CNN
Given the natural high-resolution of both the input (i.e.
imagery) and target (i.e. harvester file), we next sought to
perform pixel-level prediction to forecast the harvest at each
point in the field directly. This approach recasts the problem of forecasting yield as a density-estimation task. That
is, given an image Xij , we predict the harvest density Yij
in units/pixel. We can then calculate the total yield over a
given region (e.g. tile, field, or other arbitrary region) as
X
T otalP redictedY ield =
Ŷij ◦ Mij
(3)
i,j

where Mij is the mask corresponding to the same area
whose elements are 1 if the area is managed and 0 otherwise.
We explored U-Net and FNP architectures with VGG16,
ResNet-34, ResNet-50, RegnetY-040, and DenseNet-161
encoders. The loss was defined as the MSE between the actual yield density (in bushels/pixel) and the predicted yield
density at each pixel in the tile.
X
M SEpixel =
k(Yij − Ŷij ) ◦ Mij k22
(4)
i,j

5.4. Training
Encoders were initialized using Imagenet weights for the
RGB channels. Weights in the first layer for the NIR channel and any additional input channels were initialized ran-

Σ(T ileV alue ∗ T ileArea)
(5)
Σ(T ileArea)

where the tile area corresponds only to those areas in the
tile which were planted (i.e. ignores intentionally unmanaged areas). Mean squared error (MSE), mean absolute error (MAE), and mean absolute percent error (MAPE) are
then calculated on these totals.
For the pixel models of Sec. 5.3, the output of the model
is in bushels/pixel where each pixel is 20cm2 in area. Converting to bushels/acre at either the tile or field-level is
achieved through simple dimensional analysis.

6. Experiments and Results
6.1. Tile-Level Regression
Both the Tabular and CNN-based models are used to perform tile-level regression. A sample result from the CNN
model with ResNet-34 architecture is shown in Figure 3.
The output of the model is total bushels for each tile; this is
converted to bushels/acre for easy comparison across methods according to Sec. 5.5. We see that in addition to capturing the area of extremely low predicted yield on the far left,
the model captures variations across the field.
For each model, MSE, MAE, and MAPE at the tile and
field levels and report results in Table 1. All models, both
the hand-crafted tabular models and CNN models, outperform the naive baseline by a significant margin. For all three
traditional-ML algorithms, the best model included all features (raw image channels, agronomic indices, agronomic
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vided equivalent input information (i.e. image only). However, the performance of the multi-source best hand-crafted
models suggest there is still significant opportunity for
incorporating this information into the CNN approaches,
which is the focus of future work.

6.2. Pixel-Level Regression

Figure 3. Sample result produced by the CNN-based tile-level
model. Note that the bushels/acre of a given tile is over the
“managed” area only; this is why the tiles containing the bright
green area at the center-right of the figure (which corresponds to a
grassed waterway), does not cause the prediction to be particularly
low in that area. In contrast, the effect of the stress near the upper
left of the image results in a below-average (purple) yield forecast
for that tile.

features, planter data, and lat/long) passed through the feature selection step. Additionally, we show results for the
best model versions using only features directly derivable
from imagery. Note the best models include the planter
data, which provides the number of seeds sewn in that tile,
and has a significant impact; this suggests incorporation of
this channel will be useful in future work. Results of additional experiments exploring the impact of different feature
combinations are included in the Supplementary Material.
Tile-Level: Test

Field-Level: Test

MSE

MAE

MAPE

MSE

MAE

MAPE

Naive Baseline

753.13

21.19

10.06

575.24

19.25

8.62

Lasso (best)
RF (best)
LGBM (best)
Lasso (image)
RF (image)
LGBM (image)
VGG16
ResNet-34
ResNet-50
RegnetY-040
Densenet-161

551.67
488.12
423.31
565.80
513.61
515.39
511.46
428.64
389.24
388.48
533.10

18.51
17.48
16.0
18.67
17.71
17.67
17.78
16.45
15.58
15.75
17.98

8.55
8.09
7.36
8.61
8.18
8.10
7.96
7.49
7.06
7.12
8.06

455.04
352.72
270.62
459.37
408.83
435.60
378.28
281.53
251.57
251.39
390.05

17.94
15.54
13.13
17.59
16.44
16.41
15.45
13.69
12.99
13.08
14.78

7.99
6.96
5.95
7.84
7.36
7.35
6.85
6.16
5.78
5.82
6.38

Table 1. Performance of Tile-Level Regression Models

All CNN-based tile-level models here use RGBN imagery only. Every CNN model out-performed every handcrafted model in Table 1 with the exception of the bestLGBM model which used features from multiple sources
(e.g. planter, lat/long) in addition to imagery. The best CNN
architecture, ResNet-50, produced results with 1% MAPE
better than the best LGBM image-only model. While
the hand-crafted features performed (perhaps surprisingly)
well, the CNN still achieves better performance when pro-

Our pixel-level regression approach directly predicts the
harvest map from the input imagery. We used two common
encoder-decoder frameworks, U-net [38] and Feature Pyramid Network(FPN) [26] and explored a combination of architectures and backbones as described in Sec. 5.3. Results
are shown in Table 2 and residual analysis is provided in the
Supplementary Material.
Every pixel-level model (Table 2) outperforms every
hand-crafted image-only model (Table 1 Middle) except
for FPN VGG16. Furthermore, every pixel-level U-Net
CNN model except RegnetY-040 matches or outperforms
its tile-level counterpart (Table 1 Bottom). Pixel-level FPN
Densenet-161 significantly outperforms all other models.
Since the same information is being extracted by the same
encoder, this suggests that the dense loss signal afforded to
the model by predicting the pixel-level harvest file directly
as a density map has tremendous benefit.
Tile-Level: Test

Field-Level: Test

MSE

MAE

MAPE

MSE

MAE

MAPE

U-Net VGG16
U-Net ResNet-34
U-Net ResNet-50
U-Net RegnetY-040
U-Net DenseNet-161

504.82
395.24
365.36
394.96
379.54

17.46
15.61
15.19
15.72
15.42

7.82
7.03
6.88
7.11
6.98

392.38
274.49
296.47
256.30
255.23

15.96
13.26
13.42
13.12
12.88

7.06
5.91
5.98
5.89
5.78

FPN VGG16
FPN ResNet-34
FPN ResNet-50
FPN RegnetY-040
FPN DenseNet-161

525.50
371.26
395.23
421.49
347.01

17.74
15.18
15.68
16.38
14.77

7.83
6.84
7.06
6.62
6.59

436.88
269.58
264.34
261.72
234.97

12.24
13.33
12.92
13.04
12.29

7.09
5.91
5.73
5.80
5.41

Table 2. Performance of Pixel-Level Regression Models

Sample output of the U-Net architecture with DenseNet161 model is shown in Fig. 4. This figure highlights two
“good” samples at the top and two “bad” samples at the bottom. We see that even in the bad examples, the model does
a good job identifying struggling areas on the field. This
is not surprising as we saw that even the models based on
hand-crafted features derived from agronomic indices like
NDVI managed to identify these areas. However, this dense
pixel-level model does a significantly better job determining
the magnitude of the effect as seen by the overall tile and
field-level performance. Furthermore, we see that appearance of fields can vary dramatically with healthy “green”
crops covering many different shades due to lighting conditions as well as seed variety; the pixel-level model captures these variations without the significant burden of crafting detailed hand-crafted features to address these different
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Figure 4. Field image, actual harvest map, predicted harvest density, and residuals from two “good” fields (top two rows) and two “bad”
examples (bottom two rows).

sources of variability.

6.3. Impact of Alternate Input Representation
Including additional channels based on agronomic indices make the input representation overcomplete. Inclusion of outlier feature channels, however, provides additional information as they contains information about
whether that feature was present in previous flights through
the sum.
For this set of experiments, we focused on the U-Net
architecture with DenseNet-161 backbone. Any additional
features were simply added as additional input channels beyond the original RGBN. Results in Table 3 show the impact of these additional channels. The overcomplete representation with the addition of the NDWI and SAVI channels
did not improve performance; this suggests the network is
learning sufficiently expressive features that do not benefit
from explicit incorporation of hand-crafted features which
have been so prominent in remote sensing work.
In stark contrast to the results seen when adding the
planter file to the tabular model, inclusion of the planter
file here did not improve results. In this experiment, the

planter file was included only an additional input channel. However, incorporation into the network through latefusion techniques as in [3] may prove more effective; fusion
of additional channels is the focus of ongoing work.
Only the incorporation of the stress feature improved results; this is perhaps not surprising as it incorporates additional information from previous flights and exploratory
analysis demonstrated the highest correlation between the
stress feature and yield among the outlier features. Incorporating all outlier features (including stress), however, caused
the performance to degrade slightly. Nevertheless, the performance boost from the stress feature suggests that incorporation of earlier flights directly, could improve results
even further.

6.4. Year-Over-Year Domain Shift
Results presented thus far have been trained and evaluated on data combined from 2020 and 2021. However,
in reality, such a model would never have access to harvest results from the next season. To understand this effect, we trained a U-Net with DenseNet-161 encoder only
on the 2020 train set and evaluated performance both on

2020

Tile-Level:Test
UNet DenseNet-161
RGBN
RGBN+NDWI+SAVI
RGBN+Planter
RGBN+Stress
RGBN+All Outliers

Field-Level:Test

MSE

MAE

MAPE

MSE

MAE

MAPE

379.54
389.64
381.76
356.21
394.99

15.42
15.50
15.30
14.90
15.68

6.98
7.04
6.93
6.72
7.11

255.23
263.61
268.61
234.89
267.32

12.88
13.09
13.32
12.06
13.42

5.78
5.89
5.98
5.40
6.04

Table 3. Impact of additional feature channels
Tile-Level
MSE
MAE MAPE
2020 Val
2020 Test
2021 Val
2021 Test

503.47
370.19
611.21
718.17

16.71
15.10
20.28
21.61

6.67
6.75
9.19
9.88

Field-Level
MSE
MAE MAPE
305.08
218.33
384.09
601.52

12.62
11.98
16.74
20.37

5.99
5.41
7.52
8.71

Table 4. Out-of-Domain Analysis

the in-domain (2020) validation and test sets, as well as the
out-of-domain (2021) validation and test sets. Results in
Sec. 6.4 show that while the in-domain 2020 results remain
strong (even though the training data is less), the out of domain 2021 test and validation performance decreases significantly. This is not surprising as there is known upward
annual data drift in corn harvest in the US [25]. Fortunately,
there are ways which this can be addressed that are explored
in the Discussion.

7. Discussion
This is the first work to explore yield-forecasting as a
density-estimation problem from remote sensing imagery
to enable in-field (i.e. pixel-level) yield prediction. Our
approach simultaneously produces improved results at the
field-level and also provides in-field predictions which
growers can use to identify struggling areas and make important management decisions.
Advances in remote sensing, computer vision, and smart
farming equipment are enabling remarkable opportunities
for precision agriculture. As these technologies continue
to improve, so too will our ability to forecast yield. While
the current work featured imagery collected from manned
aircraft, the approach is agnostic to data source. Highresolution satellite technology is rapidly improving in both
quality and coverage area and could easily be used an image source for this work; satellite in particular will become
important for extending the application of yield forecasting
globally, especially to developing countries which may benefit from it the most.
In the current work we explored yield forecasting only
from a single point in time. Future work will explore the
use spatiotemporal modeling to incorporate the field’s progression throughout the season leveraging all collected imagery. Use of additional imagery is expected to not only

produce improved predictions at mid-season, but also to enable sound predictions earlier in the season. Incorporation
of other modalities such as soil, topography, and weather
are also expected to boost performance. Influence of regional and annual trends will also be explored in future
work. Finally, extending this analysis to multiple crops is of
key interest and central to addressing issues around global
food security.
We saw the effect of out-of-season domain shift on the
model’s performance in Sec. 6.4. This is not surprising as
weather and seed selection are two of the most influential
factors on a field’s performance and these can vary dramatically year-over-year. However, recent work using remote sensing and decades of yield data at the county or regional level have demonstrated strong results in forecasting
regional trends very early into an unseen season. Fusion of
these low-resolution temporal models, with the very highresolution models explored here would likely improve outof-domain performance significantly. Direct incorporation
of constraints imposed by known agronomic principals is
also an interesting area of exploration which could enable
greater generalization.
A significant benefit of our approach is in fact its
straightforwardness and simplicity. While the success of
deep learning approaches is not a surprise to the computer vision community, it is important to reiterate here
because of the initially slow adoption of deep learning
within agriculture and remote sensing. Several of the handcrafted models performed surprisingly well; solid performance from these types of approaches is a key reason they
continue to be commonplace in remote sensing and computational agriculture. However, feature generation for the
handcrafted tabular model is a painstaking task which requires numerous steps involving image processing, statistics, and incorporation of agricultural domain knowledge;
parameters are largely picked based on expert evaluation
or knowledge from research in agronomy or crop science.
Exhaustively searching for the best combination of features
and image processing parameters is impossible and also
does not generalize to other tasks or scenarios. And while
individual steps of the processing can be articulated, certain
design choices or parameter values may appear arbitrary,
offering little to no clarity or actual interpretability to the
end consumer of the model’s output. Furthermore, small
changes to the sensors or image source may render the current set of parameter choices invalid and the ability to generalize to different crops or soil types is severely limited. In
contrast, the deep learning approaches produce significantly
improved results and provide a clear path forward to adaptation, generalization, and model improvement. We hope that
this and other work using deep learning for remote sensing
and precision agriculture continues to fuel adoption in these
domains.
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