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ABSTRACT
Detecting crop rows from video frames in real time is a fundamen-

tal challenge in the field of precision agriculture. Deep learning

based semantic segmentation method, namely U-net, although suc-

cessful in many tasks related to precision agriculture, performs

poorly for solving this task. The reasons include paucity of large

scale labeled datasets in this domain, diversity in crops, and the

diversity of appearance of the same crops at various stages of their

growth. In this work, we discuss the development of a practical

real-life crop row detection system in collaboration with an agri-

cultural sprayer company. Our proposed method takes the output

of semantic segmentation using U-net, and then apply a clustering

based probabilistic temporal calibration which can adapt to differ-

ent fields and crops without the need for retraining the network.

Experimental results validate that our method can be used for both

refining the results of the U-net to reduce errors and also for frame

interpolation of the input video stream.
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1 INTRODUCTION
For site-specific treatments in agriculture, such as, application of

herbicides, and fertilizers in the crop-fields, much of the works in

the various parts of the world are still done manually via tedious

and time consuming human labor. A consequence of this is greater

cost, inefficiency, and the inability of on-time treatment, resulting

in poor yield, and delay in the final harvest. For this reason, manual

labor is increasingly being replaced by precision and autonomous

agriculture technologies both in the developing and the developed

countries. A vital component of precision agriculture is agricultural

sprayers (also called crop sprayers), which are agricultural vehicles

that maneuver in between crop rows at various stages of the crop’s

growth to apply water, herbicides, and fertilizers. A much needed

feature in such agricultural vehicles is to detect the locations of

crop rows in its view, and provide a visual projection of the crop

rows on a dashboard for aiding the drivers in following a safe and

optimal route along the crop fields [13]. Such detection of crop

rows is also a first step for autonomous navigation of agricultural

vehicles in the crop fields. To achieve this successfully, the detection

and identification of crop rows from image/video data is the first

hurdle—a machine learning and computer vision task, which is the

focus of this paper.

Crop row identification in real-life scenario suffers frommultiple

challenges. For instance, outdoor agricultural environments are sus-

ceptible to a diverse range of lighting conditions which contribute

to poor quality of the images taken. Furthermore, if the camera is

on-board a moving vehicle, the turbulence caused by the motion of

the vehicle causes perturbations in the perspective of the camera—

another contributing factor to poor image quality. Besides this, high

weed density with spectral signature similar to the crop rows can

confuse the vision algorithms in their row detection task. Different

crops have different row widths; in addition, the growth stage of the

crops in the rows adds another degree of freedom to the shape and

size of the crop rows; this causes crop rows to have a variable dis-

tance between them resulting in inconsistent densities of crop row

pixels over different crop row images. Finally, imperfections and oc-

clusions are very common in real world scenarios, as such, ground

patches in between crop rows, artifacts in the form of objects that

occlude portions of the crop rows and, in general, a diverse range
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of pixel densities that are a result of different soil conditions—all

make accurate crop row identification a very difficult task.

In existing works, different computer vision based approaches

have been adopted as possible solutions in dealing with diverse

range of crop row images. The solutions were designed to cope with

a specific set of challenges that we discussed in previous paragraph.

For example, the Hough Transform[29] is a feature extraction algo-

rithm that maps the image from the pixel space to the parameter

space in order to determine geometric shape, such as, lines. Fitting

straight lines through crop rows could prove to be fruitful for cases

where the rows are perfectly straight and parallel but the solution

fails in the case of curved crop rows. Pixel accumulator based al-

gorithms [10] help in determining centroids of regions of a certain

color thereby being robust to different curvatures a crop row may

exhibit. But since the color of rows varies and their spectral signa-

tures can often be similar to those of inter-crop row weed clusters,

building a model robust and consistent enough for practical use

becomes a difficult task.

Some of the existing methods have demonstrated impressive

results on smaller datasets consisting of only one type of crop

and with little to low variation [5, 23, 25]; however, they lack the

ability to adapt to new crop fields that differ significantly from the

training set images. Existing methods also work on image data only,

ignoring temporal sequence of frames coming from the video feed,

which could provide additional information to aid in improving

continuous detection of rows. These are the key challenges for

bringing crop row detection based driver assistance tool on-board

with the agricultural vehicles.

In this work, we present our ongoing effort to build a practical

crop row detection system to be deployed in agricultural sprayers.

We discuss the challenges that we have faced while using off-the-

shelf methodologies for solving this task and also discuss our so-

lutions to overcoming these challenges. Our overall solution is a

novel crop row detection method that augments the predictions

from a U-net based convolutional neural network model trained on

a handful of crop row images. The critical component of our system

is a clustering-based probabilistic temporal calibration, which can

adapt to different fields without the need for retraining the network.

This need is vital for industrial deployment of such an equipment

in order to reduce dependence on data collection throughout the

year. In terms of methodologies, our contribution is to augment a

supervised machine learning based method with clustering based

online pattern detection mechanism, so that the overall system can

be used for adaptation of a detection method in an unsupervised

manner.

We summarize our main contributions as follows:

(1) We design a robust system for fast detection of crop rows

from video frames.

(2) We design a mechanism for adapting the model to unseen

crop fields through a brief calibration phase.

(3) We introduce a method to extrapolate the model’s predic-

tions by taking into account past predictions thereby taking

advantage of the temporal aspect of the data.

The overall system diagram is illustrated in Figure 1. As can

be seen, continuous video data frame from an on-board camera is

streamed into a prediction system, which is calibrated initially for

a given crop field. The detection system detects slope, intercept,

and confidence value of central four crop rows in the angle of view

of the camera. The confidence value for each row represents how

confident the system is in its detection of that specific row. Using

these data, these rows are displayed on a dashboard screen for

assisting the driver.

2 RELATEDWORK
For dealing with variations in weed pressure, Zhang et al.[34] de-

signed a crop row detection algorithm to fit straight lines through

the rows. For fitting straight lines, several Hough Transform (HT)

based solutions were also proposed in [2, 4, 5, 19, 27]. A variation of

HT in the form of gradient-based Random Hough Transform (RHT)

was proposed by Basso et al.[6] as well as Ji and Qi[14]. Gee et

al.[11] proposed a double HT to improve on the Hough Transforms

performance in determining the right lines to fit. Inspired by these

ideas, Olsen[22] and Romeo[25] developed algorithms that consid-

ered accumulating green pixels in the image under the assumption

that these are the locations most likely to contain crop rows. Au-

thors of [32] have shown that a green pixel accumulation based

method works well at solving the curved crop row detection prob-

lem. Sogaard and Olsen[31], Fontaine and Crow [9], Sainz-Costa et

al.[28], Burgos-Artizzu et al[7] and Jiang et al.[15] all worked with

determining gravity centers of horizontal strips to fit lines using

either least squares or HT.

In terms of working with pattern recognition methods, Vidovic

et al. [32] used template matching with optimization to solve the

curved crop row problem. Machine learning solutions to tackle

the detection problem was investigated in [24] where they com-

pared the performances of various supervised, unsupervised and

semi-supervised machine learning algorithms for solving crop row

detection task.

Hough Transform based methods only consider edge informa-

tion when detecting lines. In order to compensate for this limitation,

Jiang et al. [16] used a sequence of preprocessing stages to extract

features that attempt to capture the global geometric pattern of the

crop rows. Zhao et al. [35] used a Convolutional Neural Network

(CNN) [17] based feature extractor along with a differential hough

transform module to translate high level CNN features from the

image space to the parameter space. A similar idea was proposed

by Bah et al. [3] where two neural networks were employed to

solve the subtasks of segmentation and line detection. Lin et al. [18]

considered the processes of detecting crop rows as a special case

of object detection using a Faster R-CNN architecture where the

bounding boxes can take on the form of 2D lines. All the existing

crop row detection works used homogeneous images for training

their model, so, more often, their performance suffers when the

test images are from different crops, or from the same crops but

at a substantially different growth stage. On the other hand, our

work, although uses U-net—a traditional method for semantic seg-

mentation, can adapt for varying crops and varying growth stages

through calibration, without requiring to retrain the model.

Several works have been proposed which consider other pre-

cision agriculture tasks, besides crop row detection. For example,

a real time semantic segmentation method using the features ex-

tracted from a CNN is used for discriminating between crop and
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Figure 1: Illustration of proposed method.

weed [21]. Zhao et al. [36] compares the performance of U-net [26]

against R-CNN [12] for the task of segmenting pomegranate tree

canopy.

3 METHODS
Our method for crop row detection uses a supervised learning

method, which given an image classifies a region of image pixels

into either of two classes, crop-row or background; such a task is

commonly known as semantic segmentation. We use a U-net based

neural network architecture for solving this task. After semantic

segmentation of the images, we use density based clustering of crop-

row pixels to detect clusters resembling crop rows. Then for each

such clusters, we fit a straight line to obtain slopes and intercept

values. Using the slope values, central four crop rows are identified

and returned. By using the distribution of slopes and intercept

values over a sequence of frames coming from video frame, domain

adaptation is performed.

3.1 Crop Row Benchmark Dataset
We use the open source Crop Row Benchmark Dataset[1], hereby

referred as CRBD to train our model. The dataset consists of 281

crop row images of maize, celery, potato, onion, sunflower and

soya bean crops taken with a Panasonic LUMIX DMC-F2 digital

camera in JPEG format during Spring 2014 in Slavonia, Croatia. The

images are also diverse in terms of crop row thickness, inter crop

row distances, curvature of the rows and the crop growth stage.

Besides raw images, the CRBD dataset also provides ground

truth segmentation masks in the form of data files that provide

coordinates of pixels that correspond to crop rows in the original

image. We can use the coordinates to generate binary segmentation

maps to annotate the location of crop row pixels. A sample from

the dataset alongside its ground truth segmentation map is shown

in Figure 2.

3.2 Crop Row Modeling and Assumptions
Based on the samples in the CRBD dataset and because of the fixed

position of the camera mounted on the vehicle, we assume that the

Figure 2: Sample crop row image with label

Figure 3: ROI for Crop row image

perspective of the crop row images to be fixed. Since the underlying

application is used for navigating, similar to [15, 23], we adapted

an ROI to reduce both the complexity of the algorithm and the

variability in the images. The ROI selection process assumes that

only the crop rows facing the vehicle on it’s path are relevant for

determining the right path to follow.

A central cropped window of size 128x256 pixels were chosen as

the region of interest or ROI for the crop fields as shown in Figure 3.

Moreover, since inter crop row distances vary so does the number

of rows within the ROI. The rows of interest were chosen to be the

central 4 rows that pass through the ROI.
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Figure 4: U-net Architecture for segmenting crop rows. The
decoder consists of a downsampling path made up of four
blocks (green) and the encoder consists of an upsampling
path made up of four blocks (blue). Skip connections are
added between corresponding encoder-decoder blocks to
pass on features learned by the encoder to the decoder.

In order to approximate the change in directions of the rows,

instead of directly detecting the exact pixel positions of the rows,

we model our task to detect the first derivative of the curvatures

that run along the shape of each of the rows. This simplifies the

curved shape of the rows into a piece-wise linear form. This process

abstracts away the low level semantic segmentation process into a

model for detecting straight lines denoting the change of direction

of the crop rows.

3.3 Backbone: U-Net Architecture
Initially we train a deep neural network that follows a U-Net Archi-

tecture [26]. The U-net architecture differs from a simple encoder-

decoder system by its introduction of skip connections between

the encoder layers and corresponding decoder layers. If there are a

total of n layers in the network then the U-net adds a connection

between the ith and (n − i)th layer. These connections provide

information of corresponding stages of encodings to the decoding

blocks thus helping to improve the decoder’s ability to output a

final segmentation map with finer features.

Since the size of our labeled dataset is extremely small, we took

caution with the network’s complexity. To reduce the effect of over-

fitting as much as possible, we restricted the size of the network

by using a total of 4 encoder blocks and 4 decoder blocks. The

network architecture along with the composition of layers within

the encoder and decoder blocks is shown in Figure 4. The general-

ization ability of the model is primarily attributed to the sparsity of

parameters followed by the downstream adaptation module.

Let the ith encoder block of the U-net takes as input a tensor

with dimensions f × h × w , where f denotes the the number of

feature maps in the input, and h andw are the dimensions of the

image data. The encoder extracts features from this input through

convolution operations and successively, batch normalisation to

reduce covariate shift. They are followed by a ReLU layer for in-

corporating non-linearity. The input-output relation of an encoder

block can be shown by the following equation.

outputi = ReLU [BatchNorm2d{Conv2d(inputi )}] (1)

The resultant output expands the number of feature maps but

retains the spatial dimensions h andw . The max pooling operation

is used to increase the receptive field of a Convolutional Neural

Network and we pass the output of the ReLU activation through a

pooling layer which halves the spatial dimensions to h/2 andw/2
respectively.

encodinдi = MaxPool(outputi ) (2)

The jth decoding blocks perform a similar operation as shown in

(1) but is preceded by the transposed convolution. This reverts the

spatial dimensions of the input to its original size thus completing

one stage of the decoding operation.

decodinдj = TransposedConv(inputj ) (3)

outputj = ReLU [BatchNorm2d{Conv2d(decodinдi )}] (4)

For passing information about learned features between encoder

and decoder blocks, skip connections are used as can be seen in

Figure 4. The skip connections denote a concatenation operation

where the output of encoder block and the input to the decoder

block are concatenated along the first axis before being passed

through the decoder block.

If xi is the output of the i
th encoder block, yj is the input to the

jth decoder block and j = N − i where N is the total number of

decoder blocks, then a skip connection between these two blocks

exist to perform the following operation-

output = Concat(xi ,yj ) (5)

3.4 Data Pipeline
In this section we discuss the data pipeline of our system. Since the

dataset is small, in order for our network to learn the underlying

general geometric pattern of the rows as well as possible, we chose

a split prioritizing a larger portion for training. Moreover, to reduce

overfitting to the data, we used random augmentations to increase

both the size and variability of the dataset. The following are some

of the key steps used in the pipeline before training the network:

(1) Low level processing and ROI extraction

(2) Training and test set split

(3) Training set augmentation

3.4.1 Low Level processing. For low level processing, we normalize

the raw images to have pixel intensities with a fixed mean and stan-

dard deviation per color channel. This helps stabilize the training of

the network and convergence of the model. A Gaussian blur with

kernel size of 3 and σ = 1 is also used to reduce noise in the image.

The images from CRBD are each of size 320 × 240 pixels. As

shown in Figure 2, there are more than 10 crop rows in this image,

the majority of them are densely situated towards the edge and

horizon of the canvas, due to the vanishing point effect. Detection

of these rows are not important in real-life when using such a
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system in the agricultural vehicle navigation system. So, we extract

an ROI (region of interest) from each image of size 128 × 256 pixels

covering the central rows. Doing so helps discard irrelevant crop

rows near the edges. Also, after extracting the ROI we obtained

images with fairly equalized inter crop row distances as shown in

Figure 3.

3.4.2 Train and test set split. In order to test the performance of the

algorithm on unseen data, we randomly shuffle the dataset before

splitting it where 80% of the dataset is used to train the model and

the remaining 20% is held out for testing different algorithms for

quantitative comparison. During training, we use 20% of training

data instance as validation set for parameter tuning.

3.4.3 Training set augmentation. Overfitting [33] to training data

is one of the central challenges in deep learning. Especially for small

datasets such as CRBD, it is difficult for the network to generalize

to unseen data and much easier to memorize the entire dataset

instead. To mitigate this, we employed data augmentation methods

that result in a significant increase to the variability of data seen

by our model during training.

The augmentation methods were chosen so they would emulate

real world conditions of crop fields as closely as possible. Some

examples of these include solar flares and occlusions due to weed

or other objects. This helped the network improve its capability

to learn the continuity of each of the rows. We also made random

lighting changes to the overall image to emulate the various lighting

conditions our system could be exposed to during test time.

Finally to improve spatial variance of the underlying dataset,

images were randomly flipped both horizontally and vertically.

All of the augmentations were performed with the help of the

albumentations library [8] in Python. The augmented datasets pro-

duced samples similar to ones shown in Figure 5.

(a) Green block occlusions (b) Vertical flip with hue shift

(c) Saturation and brightness
shift

(d) Solar Flares

Figure 5: Some samples from the augmented dataset

3.5 Tuning Network Predictions
3.5.1 Refining the output. Although the network performed well

on the test set for CRBD, it performed poorly in the case of real

Figure 6: Sample input/output of the U-Net

world video frames. The network output segmentation map in-

cluded significant noise in its predictions that consist of both false

positives within the inter crop row spaces as well as false nega-

tives within the crop rows themselves. A sample prediction of the

network on a video frame is shown in Figure 6.

We mitigate this issue to some extent by clustering the pixel

predictions for crop rows in the segmentation map using a Hierar-

chical Density Based clustering routine. We set a threshold of 50

pixels to filter out the clusters of false positives in the binary image

leaving us with clusters that are large enough to qualify as crop

rows. This process also has the added benefit of removing the rows

at the edges of the ROI which are smaller in size due to the view

perspective.

3.5.2 Choosing central rows. We choose the central four rows to be

relevant to our operation the most as they help to keep the vehicle

centered while also reducing the effect of camera’s viewpoint center

shifting within a reasonably small range. To find this, we initially

fit first order polynomials or straight lines through the clusters in

the segmentation map that are obtained after the refining stage.

Because of the consistency in length and slope of the rows from

the left to the right of the ROI, we assume that the central four rows

should have two properties that distinguish them from the others:

• The four longest along the vertical axis

• The four smallest slopes along the vertical axis

As such we find the central four rows by first sorting the lines

based on the length of the line segments and picking the largest

four. Finally, in order to know line corresponds to what position of

the four rows (left, left-center, right-center, right), we sort them by

their slopes along the vertical axis. This results in the leftmost row

having the smallest slop with a gradual increase up to the rightmost

row. Algorithm 1 demonstrates this process.

This post processing routine converts our output from a binary

segmentation map to four pairs ofmi , ci wheremi is the slope of

the ith row from the left and ci is the intercept.

3.6 Pre-Calibration and density estimation
The pre-calibration stage is what helps the model to adapt to an

unseen crop field. In this phase, we use a clustering based algorithm

to fit a distribution over each of the four predicted rows. This

process is only employed once for every crop field to adapt the

model to a new domain without the need for supervised training.

3.6.1 Rows of interest and largest clusters. We first run the model

on the first 250 frames of the video feed. The number 250 is a

tuneable hyperparameter and increasing or decreasing it would

result in higher or lower quality of adaptation respectively. After
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Algorithm 1: Rows-of-interest retrieval

Input: Binary segmentation mask ypred predicted by the

backbone U-Net architecture where pixel positions

corresponding to crop rows have a value of 1 and 0

elsewhere. sm , the minimum size for valid row

clusters

1 Use Hdbscan[20] to identify Nm clusters of positive values

in ypred with a minimum cluster size sm
2 for i ← 1 to Nm do
3 m, c ← get slope-intercept of best fit line through

cluster Ci
4 Nrows ←min(Nm, 4)
5 center_rows ← longest Nrows best fit lines through

clusters Ci s.t i ∈ {1, ...,Nrows }

6 sorted_rows ← sort center_rows by the slopesmi
7 end
8 return sorted_rows

running for the first 250 frames, we record the model’s output as

1000 (mi , ci ) pairs where i ∈ {1, 2, 3, 4}. These were then feature

scaled to eliminate the effect of magnitudes.

(a) Clustering for left row (b) Clustering for left-center
row

(c) Clustering for right-center
row

(d) Clustering for right row

Figure 7: Density based clustering of predicted row parame-
ters (feature scaled)

We make the assumption that among the 250 frames, for each of

the four rows at least over half of the predictions would be fairly

accurate. This does not imply that half of the frames would be good

predictions, but that each of the rows would have over half of their

predictions to be accurate representations of their position in the

frame.

Based on this, for each of the four rows the corresponding (m, c)
values were then clustered using density based clustering. This

gives us four different scatter plots each consisting of 250 points in

2D space corresponding to the 250 calibration frames. The plots are

shown in Figure 7. After clustering the points, we pick the largest

cluster as the one most likely to correspond to the correct predic-

tions for that specific row. We also chose density based clustering

here because for correct predictions, the variance within the (m, c)
pairs would be small compared to the incorrect predictions and

density based clustering captures that property. The parameters

were chosen to be ϵ = 0.35 andminsamples = 5.

Algorithm 2: Largest cluster selection

Input: X, list of 2D points; ϵ , maximum distance to nearest

neighbor for density based clustering;min_samples ,
minimum number of nearest neighbors for a core

point

1 Nx ← population of list X
2 C ← density based clustering of points xi ;∀xi ∈ X,

parameterized by ϵ andmin_samples
3 Nc ← number of clusters obtained

4 larдest_cluster ← ∅

5 for ci ∈ C do
6 if Population(ci ) > Population(larдest_cluster ) then
7 larдest_cluster ← ci
8 end
9 end

10 return larдest_cluster

3.6.2 Validating correct row predictions. We extracted the points

from the largest clusters for each row and then used K-means to

plot them in the same 2D space. The scatter plot is shown in Figure

8.

Figure 8: Kmeans clustering of row representations

As shown in the plot, the four clusters are well separated and are

very concentrated along each of the four means. This helps validate

our assumption that the largest clusters are good representations

for the correct row predictions.
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3.6.3 Density Estimation of row clusters. To find the closeness of

a new row prediction to a good prediction, we need to know its

likelihood of belonging to the corresponding cluster. We do this by

fitting an EM clustering over the parameter space of the four clus-

ters. This results in a continuous density function that gives a high

confidence if the prediction for a row is likely to have come from

the same distribution as the correct rows obtained during the cali-

bration stage. The entire calibration phase is shown in Algorithm

3.

By putting a threshold on the confidence value, we can con-

trol the tradeoff between temporal smoothness of a crop row’s

parameter values (slope and intercept) and the network’s predic-

tion accuracy for that row in the current frame. Poor confidence

value acts as a trigger that causes the U-Net to disengage from

the prediction system and in turn predict the row of interest not

as a pixel level classification but as an extrapolation of previous

high confidence predictions of the parameter values of the same

row. In a sense the calibration stage can be defined as a type of

self-supervision that provides our network with an estimate of its

performance for the current frame.

Algorithm 3: Calibration: Estimation of valid row

distribution

Input: Vs , video stream; Nf rames , Number of frames to use

for calibration;

1 Samples← dictionary mapping row indices to 2-D arrays of

shape (Nf rames × 2)

2 for i ← 1 to Nf rames do
3 fi ← retrieve current frame from Vs
4 predi ← get predicted segmentation map from U-Net

5 sorted_rows← retrieve 4 central rows from predi
6 for j ← 1 to 4 do
7 append parameters (m, c) of jth row to Samplesj
8 end
9 end

10 larдest_clusters ← empty list

11 for i ← 1 to 4 do
12 Ci ← get_largest_cluster(Samplesi )
13 append all elements (mi , ci ) in Ci to larдest_clusters

14 end
15 µem,Σem ← parameters from EM clustering of

larдest_clusters
16 return µem,Σem

3.6.4 Frame extrapolation and temporal corrections. The model

was tested using a camera that recorded videos on-board a moving

vehicle at 25fps. Since the slopes and intercepts of each of rows

change uniformly along subsequent frames, the derivative of these

can be regarded as constant. This facilitates the ability to extrapolate

a prediction based on previous predictions to a reasonable degree

of accuracy.

Since the change in slopes and intercepts of each row varies con-

sistently, the derivative can be approximated as constant through

a small number of subsequent frames. Therefore the change in

parameters can be assumed to be linear. As such, given frames fi−1
and frame fi with parameters (mi−1, ci−1) and (mi , ci ) respectively,
the parameters for the next frame fi+1 can be approximated as

shown in equation 6.

xi+1 = 2xi − xi−1;x j ∈ {mj , cj },∀j ∈ {i − 1, ...i + 1} (6)

We can control the temporal smoothness of our model’s predic-

tions at runtime by choosing when to extrapolate a prediction and

when to rely on the network’s current prediction for a row. This

choice is made by putting a threshold on the confidence value of a

prediction that can be obtained from previously estimated proba-

bility densities for each of the rows. For our tests, we found that by

rejecting predictions that produce confidence scores of under 30%

and replacing them with a rolling average of the previous 3 rows,

the model can be made robust to difficult frames that has shadows,

occlusions or other obstructions.

4 EXPERIMENTS AND RESULTS
The U-Net backbone was trained for 100 iterations in a traditional

semantic segmentation setting to minimize the cross-entropy loss

between the output and the ground truth segmentation map.

Experiments were performed on the Nvidia Jetson TX2. In Figure

9 we can see the differences in the distribution of the best fit line

parameters for each row upon the introduction of frame extrapola-

tion based on parameters obtained from the calibration phase. As

shown, the calibration phase pushes the distribution of the points

towards a concentrated region (annotated in orange)

(a) Left row (b) Left-center row

(c) Right-center row (d) Right row

Figure 9: Distribution of row predictions in parameter space

On the other hand, without going through the calibration phase

and solely relying on the raw predictions from the trained net-

work, we can see a large variance in the predictions for each of

the rows. By controlling the threshold on the learned confidence

metric, the weight on frame extrapolation can be controlled to tune
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this difference in variance. This in turn controls the trade-off be-

tween temporal smoothness and the U-Net’s current prediction

accuracy. A higher threshold on confidence would concentrate the

predictions towards the cluster means thereby enforcing a smoother

inter-frame transition of the predictions. A lower threshold would

reduce the effects of the previous frames and lean more towards

the network’s predictions for the current frame only.

Figure 10: Example of frame extrapolation to fix errors in
predicted rows. Here frames 1 and 2 are used to extrapolate
the third frame since confidence of prediction for the left
and right row did not cross the threshold in the case of the
original prediction.

Table 1: Changes in variance of parameters in subsequent
frames, averaged across central four crop rows

σ err

Without calibration With calibration Abs. difference

σnc σc |σnc − σc |

m 0.011 0.0026 0.0083

c 148.02 13.82 134.2

From Table 1 it is evident that our calibration phase had little

effect on reducing the variance in slopes of the rows. However, the

reduction in the case of the intercept is significant. This is caused by

the fact that the due to highly discontinuous segments predicted by

the U-Net and the selection process for the rows of interest being

dependent on the size of the clusters in the predicted segmentation

map, prediction for certain rows shifts to an adjacent row.

This also explains the small difference in the variance in slopes

as adjacent crop rows have slopes that are nearly identical. In

order to ensure that the algorithm can be employed for real-time

applications, we tested its performance on an Nvidia Jetson TX2.We

ran the inference on each frame of a stream fed by a cameramounted

on a vehicle. The neural network’s inference was performed on

the on-board GPU and the frame extrapolation based on calibrated

parameters were processed on the CPU. Table 2 shows the average

processing time per frame and the average FPS achieved for both

the calibration and inference phases.

5 DISCUSSION
Our proposed method provides a way to influence a neural net-

work’s predictions based on properties of its history of correct

Table 2: Processing time of algorithm on Nvidia Jetson TX2

Calibration Inference

250 frames 10000 frames

Avg time per frame 32ms 54ms

Avg FPS 31 17

predictions. This simultaneously preserves the affine properties

of the crop rows that are the same for all crop fields (multiple

straight/curved lines converging towards the horizon) and also

has the added flexibility of adapting to a new domain where the

underlying scene has a shift in distribution from the training set.

To evaluate the potential of the algorithm to be deployed on

edge devices for real time detection, the inference time was tested

on an Nvidia Jetson TX2.

6 FUTUREWORK
Future work in this area could use a more sophisticated method

for refining the CNN’s output. This can be done by conditioning

on a geometric property of the clusters that take into account

the sizes along different axes instead of just considering the size

as the population of a cluster. Moreover, discontinuities in the

segmentation map and as a result large number of clusters in the

output could be reduced by enforcing a topological constraint on

the CNN’s output as proposed by [30]. Finally, In the case of high

frame rates, the derivative of the parameters of each row can be

assumed to be constant. However, this assumption is not robust as

with decreasing frame rates, there are more dramatic shifts in the

row’s positions on in the scene. A sophisticated sequence model

could be used to learn the temporal nature of the crop rows for

that particular frame rate during the calibration phase to tackle this

challenge.

7 CONCLUSION
In this work, we introduced amethod to augment a neural network’s

inference capabilities in the case of scarcity of labeled training data.

Our study has shown that this method can serve as a mechanism

of self-supervision for the segmentation engine by applying confi-

dence scores to it’s own predictions based on its consistency with

the underlying distribution of valid predictions. Besides quanti-

tative and qualitative evidence on the accuracy of the result, we

investigated the processing speed for video frames on a low power

edge device.
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