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Summary
An estimation of on-farm yield before harvest is important to help farmers make 
decisions about additional input use, time to harvest, and options for end uses of the 
harvestable product. However, obtaining a rapid assessment of on-farm yield can be 
challenging, especially for a sorghum (Sorghum bicolor L.) crop due to the complexity 
of counting the total number of grains in a panicle at field-scale. One alternative to 
reduce labor is to develop a rapid assessment method employing computer vision 
algorithms. Computer vision has already been utilized to account for the number of 
grains within a panicle, yet it has only been tested under controlled conditions. The 
objective of this study was to estimate the number of grains in a sorghum panicle using 
imagery data captured from a smartphone device at field-scale. During the pre-harvest 
season, sorghum panicles of several commercial hybrids were photographed in the 
field. Later, the plants corresponding to those panicles were harvested to determine the 
final number of grains, to develop a benchmarking dataset. Using Python language and 
the OpenCV library, each image was filtered, blurred, and contours were applied to 
estimate the number of grains in each sorghum panicle. The absolute mean difference 
obtained using the algorithm output for the observed and the estimated number of 
grains was 570 (root mean square percentage error = 53%).

Introduction
Production estimations are valuable information for farmers (Fountas et al., 2015). 
For sorghum, an attempt to estimate grain numbers using a traditional and imagery 
approach has been done but not transferred at field-scale (Ciampitti et al., 2014; 2015). 
One alternative to estimate production relies on the usage of computer vision algo-
rithms (Wan and Goudos, 2020) to generate meaningful information from images and 
videos (Davies, 2005). The usage of computer vision is already established in several 
knowledge areas such as medicine (Dey et al., 2021), industry (Kakani et al., 2020), 
and agriculture (Mogili and Deepak, 2018). In agriculture, computer vision is mostly 
used to determine diseases (Liu et al., 2016), quality (Olgun et al., 2016), phenology 
(Naik et al., 2017), nutritional status (Romualdo et al., 2014), and production estimates 
(Ramos et al., 2017). Komyshev et al. (2017) evaluated the use of imagery documenting 
the estimation of sorghum grain number under controlled conditions. However, to 
assist farmers in their estimates of crop production, the process of counting grains must 
migrate from a laboratory environment to field applications (Fernandez-Gallego et al., 
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2018). Following this rationale, the aim of this study was to estimate the number of 
grains from a sorghum panicle using images collected with a smartphone at field-scale.

Procedures
Image Capture and Measurements
A total of 100 sorghum plants from different hybrids (five plants per hybrid) were 
selected during the pre-harvest (October 2022), KS, U.S. Two pictures of each plant 
were collected without removing the panicle from the plant. The pictures centralized a 
single panicle in the image, with the presence of other plants in the background. After 
the images were taken, the sorghum panicles were harvested, and grains were counted 
manually. A generic smartphone was used with a camera of 64 MP and set on auto-
matic mode of image capture. In all images, the sunlight was in the same direction as the 
camera.

Image Processing and Models Generation
All the images were cropped centering the sorghum panicle in a 9:16 ratio frame 
rectangle. Later, the images were separated into two groups: white and red sorghum 
panicles (160 red sorghum and 40 white sorghum). Using Python (Van Rossum and 
Drake, 2009) and OpenCV library (Bradski, 2000), color filter, blur, and contouring 
processes were adjusted for each sorghum group. This adjustment was done consid-
ering the absolute mean difference between the observed and the estimated number 
of grains. As an example of the process, Figure 1A shows an untreated image taken at 
field-scale. Figure 1B shows the same image after the filter and blurring processes have 
been applied. In Figure 1C, the contours were applied to the image after the filter and 
blurring processes. Finally, the grain number per panicle was estimated by counting the 
number of contours. 

Results
Figure 2 shows a scatter plot associating the observed and the algorithm estimation for 
sorghum grain number. The root mean square percentage error (RMSPE) was 53% and 
the difference between the observed and estimated number of grains in a panicle head 
was 570. This difference represents ~24% of the total number of grains in an average 
panicle. 

Conclusions
The algorithm produced in this study represents the first attempt to estimate the grain 
number from sorghum panicles using images captured from a smartphone device at 
field-scale. An adequate estimation of sorghum grain number was achieved (relative 
high values of RMSPE). Future works should focus on developing an artificial intelli-
gence model to recognize one panicle per image; and embed the whole algorithm into a 
mobile app. 
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Figure 1. (A) Image of sorghum panicle captured in field, (B) image after color filtering 
and blurring process, and (C) image after contours applied.

Figure 2. Scatter plot of Estimated vs. Observed using the estimation obtained from the 
algorithm.


