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Image processing techniques can support quality checks for
agricultural produce. Noting the relevance to the Nigerian
context, this paper details the development of a computer vision
system for automatic screening of produce. The development
included four phases, namely: model development, training,
graphical user interface (GUI) creation, and module testing.
Model development involved a convolution process with capacity
to extract useful features from the image of an agricultural
produce. Training enabled the created model to learn crucial
image structures based on fine-tuned mask parameters that
support the classification of similar images efficiently. The GUI
enables non-technical users to train new models, as well as carry
out single and multiple classifications. The testing phase enables
the evaluation of the system. Images are tested using a pre-trained
model as well as without a pre-trained model. The model backed
by the pre-trained model performed better than that not
associated with a pre-trained model. Importantly, whereas the
application of deep neural networks has been explored, a useful
contribution here is the introduction of a user friendly GUI to
underpin its employment.
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1. INTRODUCTION
The agricultural small and medium enterprise (SME) sector in Nigeria possesses unrealized potential
(Sertoğlu et al., 2017). One way to contribute to the realization of this potential, is to have standard
organizations within the sector commit to establishing structures, to ensure thorough quality checks of
produce outputs (Vibhute and Bodhe, 2012).
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Recently, concern has been expressed by the international community about the quality of Nigeria’s exported
agricultural produce, which as it is believed is as a result of indifference to quality checks (Famurewa, 2016).
Such quality checks aid in eliminating the possible export of bad product. Granted, the temptation may have
existed in the past to evade intense quality checks for produce outputs for a number of convincing reasons
(Raji and Alamutu, 2005), these reasons however may currently be considered baseless due to the advent of
more technologically driven solutions to agricultural produce quality checks (Vaysse et al., 2005; Kodagali
and Balaji, 2012; Adhitya et al., 2020).
One option in particular, which is the focus of this study is image processing of agricultural output, enabled
by artificial intelligence (AI) (Adhitya et al., 2020). More recently, the availability of A.I has enabled the
development of systems capable of mimicking the human visual sensory organ, to more consistently and
efficiently perform agricultural produce grading functions (Kodagali and Balaji, 2012). Many advanced
countries have embraced this technological progression (Gunasekaran, 1996). This is however not the case
in Nigeria (Raji and Alamutu, 2005; Wossen et al., 2019). Specifically, within the Nigerian context, the
proposition of AI-enabled image processing of agricultural produce quality checks is limited to research. For
instance, Peter and Abdulkadir (2018), proposed an image processing and neural networks application for
determining the readiness of maize. Whereas such studies are considered welcome developments, it is still
bothersome that these innovative solutions are not being adopted at scale by institutions and bodies that
require them. Retrospectively, there is a need for more studies aimed at illustrating how AI-enabled image
processing techniques can be adopted by non-technically savvy users in the agricultural sector in Nigeria.
The non-existence of such studies is a noted research gap that this study hopes to address. Noting this
background, the objective of this study is to develop a graphical user interface (GUI) image classification
system for automatic screening of agricultural produce. Pointedly, a four stage process of the development
of a simplified computer vision system for automatic screening of agricultural produce is described. With
this system, it is intended that it will allow non-technical users to carry out training and image classification
of agricultural yields enabled through deep neural network.

2. METHODOLOGY
The development of a deep neural network for automatic screening of agricultural produce is categorized
into four sections. These include the model development phase, training, graphical user interface creation,
and testing module phase. In respective order, these phases are discussed thus:

2.1. Model Development
This section discusses the two deep neural networks (DNN) used for the classification of agricultural
produce. A neural network is classified deep if it has more than one hidden layer. If it has one hidden layer,
then it is classified as an artificial neural network (ANN). The first DNN is seen in Figure 1 with 13 hidden
layers while that of Figure 2 has 3 layers. Each layer has its function. At the core of the model is the
convolution layer (Conv) (Smelyakov et al., 2019). This layer convolves a 3 by 3 mask with an input image
with the key objective of extracting features from images. This process enables the DNN to extract useful
features that enable it to carry out classification tasks optimally. Figure 1 details the first developed model.
This model has four crucial blocks. Each block on the left-hand side has the convolution layer, activation
layer, and pooling layer. First, colored images of size 128 by 128 are fed into the model as input. The images
then pass through a series of convolution, the activation and the pooling then follow. The activation layer
enables the model to adapt to the non-linearity of input images while the pooling layer shrinks the size of
the image, at the same time retaining critical image features (Kumar and Kumar, 2018). The dropout layer
helps to overcome over fitting (Sanjar et al, 2020). The final output is the classification layer. This layer
classifies the input image as either bad or good. One may also make use of a pre-trained model. Pre-trained
models are popular in DNN, as a way of transferring the knowledge gained from another model that had
undergone training on a very large dataset. The pretrained model VGG19 (Keras, 2021) has been utilized in
Figure 2 to form another variant of the DNN model.
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Figure 1: The deep neural network for image classification

Figure 2: The deep neural network using a pre-trained model for image classification

2.2. Training Phase
As with any supervised machine learning model, the training process is crucial. This is so because it helps
the model learn important image structures such as edges, curves, and contours. During the training process,
the mask parameters (see Figure 2) were adjusted such that they were capable of classifying similar images
efficiently. The sigmoid activation function (Xing and Wu, 2020) was deployed at the output layer for
classification purposes. During the forward pass (when images are fed into the model's input), the output
generates classifications that are evaluated using binary cross-entropy (Ho and Wookey, 2020). The binary
cross-entropy then evaluates the model's performance on selected images and calculates the loss between the
expected outcome and the predicted. The Adams optimizer (Zhang, 2018) was then used to minimize this
loss via a backward propagation strategy (from the output layer back to the input layer). This process was
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continued until no further performance improvement. At this time, the training is concluded and the trained
model is saved as a “.h5 file”. This .h5 model can then be called to classify similar images never seen before.
This implies that for given agricultural produce samples, one would have to identify good and bad sample
images and then pass them to the model. An example is depicted in Figure 3 using carrots. 100 images were
used. 50 for bad images and 50 for good images. In addition, a total of 150 images of tomatoes were used,
75 for each class.

(a)
(b)
Figure 3: Sample training images (a) good carrot image (b) bad carrot image

Here the collection of good and bad sample images are gathered and passed onto a developed DNN model.
This research makes use of two DNN models – one that is built on acquired training images and another
built with a pre-trained model alongside acquired training images. Developing a model using a pre-trained
model can be described as taking advantage of a transfer learning approach. This means one has transferred
the trained parameters of hundreds of masks onto an existing model. Pre-trained models are useful
particularly when training with fewer images. This training process goes through series of loops, and for
every loop, the output error is evaluated and mask weights are adjusted to minimize this error during the
next loop (training process).

2.3. Development of the Graphical User Interface
The proposed software has three GUI requirements. They are the ability to train models, the ability to do
single image classification and multiple image classification. The Tkinter framework, a plugin for Python
programming was used for interface development. The GUI and its backend development went through three
phases. In the first phase, the buttons, text boxes, text areas were created. The development of backend
codes using Python happened in the second phase. The backend code implements user actions, such as
clicking a button to start a training process, image selection button, and classifications buttons. This stage
also establishes the connection between the GUI actions and the code behind them. Extensive testing was
carried out in the third phase. The phase ensures that user actions are properly wired to their respective
Python implementations. This is to ensure it meets the stated requirements.

2.4. Graphical User Interface
The GUI provides the opportunity for non-technical users to train a new model, and to also carry out single
and multiple classifications. The GUI hides the technicalities away from users. The GUI has three sections
(Figure 4). The training phase, single image classification, and multiple image classification. In the first
section of the GUI, the user points to the folders housing bad and good sample images (75 images for each
class is used in the case of tomato). After that, the name of the yet-to-be-trained model is specified. Here the
name “tomato20-09-21” is entered. Next, the user clicks on the “Start Training” button. Once the training is
completed, the model “tomato20-09-21.h5” is ready for the classification of tomatoes. For the single image
classification section, the user selects the model, an image to classify is also selected and then the “Classify
Image” button is clicked. Examples of the resultant outputs are shown in Figure 5. The proposed system can
be found in (Agric produce classification, 2021).
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Figure 4: Developed GUI

(a)
(b)
Figure 5: (a) ‘Bad’ image classification (b) ‘Good’ image classification

2.5. Testing Module Phase
The proposed system is evaluated on two datasets- tomato and carrot. These datasets were acquired from
Google, where each had 20 images (Agric produce classification, 2021). Two classification models were
developed for each dataset. One model was derived from the pre-trained model (Figure 2) and another
without the pre-trained (Figure 1). The classification accuracy (A) metric used for the evaluation of the
models is shown in Equation 1.
Classification accuracy =

* 100

(1)

Specifically, this phase describes the test carried out on the two datasets (tomato and the carrot). Succinctly
put, the user would upload the .h5 model (two .h5 models for tomato and carrot without pre-trained model
and two .h5 models for tomato and carrot with pre-trained model) and then select the path to the images (last
section of the GUI). After that, the classification pops up. For the multiple classifications, one would point
the system to the folder housing images to be tested.
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3. RESULTS AND DISCUSSION
The final classification results pop up eventually as depicted in Figure 6. Table 1 shows the outputs of two
kinds of DNN models for image classification. As may be noticed, the model backed with a pre-trained
model performs better. Importantly, the knowledge transferred from a pre-trained model has improved its
performance. The system with a pre-trained model would be ideal in the agricultural space where only few
training images can be generated for training purposes.

(a)
(b)
Figure 6: Carrot dataset (a) Output of developed software with a pre-trained
model, all images are classified correctly (b) Output of developed software
without pre-trained model, three images are misclassified

Dataset
Carrot
Tomato

Table 1: Classification outputs of proposed software
Classification accuracy (%)
Software with a pre-trained model
Software without a pre-trained model
100
85
85
85

4. CONCLUSION
This research develops a GUI-based image classification system for agricultural produce. It enables nontechnical users to also carry out training single and multiple image classification effortlessly. With the
illustration employed here two kinds of deep neural networks (DNN) models are applied. One with a pretrained model and the other without. The results demonstrate that when there are fewer training images, the
model supported by a pre-trained model significantly outperforms the one that is not. This shows that when
fewer images are available for training, the systems backed with pre-trained models may perform better. It
may be suggested therefore, that when fewer images from agricultural produce are collected, the proposed
system would still perform optimally. This proposed system would also strengthen the quality control
process in ensuring products meet an acceptable quality level before consumption or being exported.
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