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Measuring fruit mass and volume is a time-consuming and tedious task that can affect production planning. This
study developed a computer vision system to estimate the volume and mass of baobab fruits from single-view
images captured from inexpensive and readily available cameras such as those in smartphones. The baobab
fruits were collected from two study fields within the savanna ecological zone. Their images were captured, and
subsequently, they were detected and segmented with over 97 % accuracy. The segmented images were
binarized, and two-dimensional (2D) features such as the segmented area, centroid, bounding box, equivalent
diameter, and major diameter were extracted from them. The volumes of the fruits were estimated from the 2D
features using random forest, linear, polynomial, and radial support vector machine models. All the models
achieved high goodness of fit; however, the random forest model delivered the best performance, with an R?
value of 99.8 %. The relationship between mass and volume was a quadratic equation (mass = 38.23 + 0.25 x
volume + 4.49e—05 x volumez) and had an R? value of 92 %. Correlations were validated via plots and sta-
tistical tests, and credible intervals of point estimates were determined from the posterior distributions of their
samples. This highlights the potential of artificial intelligence methods to be applied in a less constrained
environmental setting for ecological research and agricultural management. Commercial companies producing
baobab powder and seed oil should apply these models for effective production planning. To enhance the model,
it would be beneficial to gain a better understanding of how climate gradients affect the morphological char-
acteristics of baobab fruits.

1. Introduction

Native multipurpose tree species within the savanna ecological zone
provide numerous ecosystem services [1]. The baobab is one such native
multipurpose species found in the savannas of West Africa.

The export value of baobab fruits has increased over the last decade
[2-4], and opportunities for African markets have expanded. Despite
their economic prospects, not all baobabs are in high demand. According
to Odoom [5], fruit size varies from large to small and is an indicator of
sweetness. Gurashi and Kordofani [6] associated the shape of the fruit
with its market value. Therefore, attributes such as size and shape can
affect consumer preference and market value, both of which influence

demand. This calls for the selection of suitable varieties for both mar-
keting and propagation. As a result, researchers have intensified studies
on the morphology of baobab fruit to gain insight into how it impacts
production, quality, and domestication potential [7-9]. Morphological
variability in baobab fruit shape in combination with the percentage of
pulp weight is a possible criterion for selecting high-yield fruits [1] and
Gurashi and Kordofani [6], confirmed this assertion. Despite the use-
fulness of these findings, measuring the length and width of the fruit and
their component weights using hand-operated tape and an electronic
scale was manual, laborious, and time-consuming. This problem persists
in most studies in industry [6,10,11].

The determination of suitable baobab fruits for domestication and
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production by analyzing their morphological characteristics requires
less labor-intensive methods for efficient and large-scale production.
Mass and volume are useful in planning for sorting, storage, packaging,
and transport [12,13]. They directly affect storage and transport costs,
which influence sales [14]. In agriculture, weight is often used as a
proxy for size because of its relative ease of measurement compared with
volume, but volume-based sorting is more efficient [15]. Compared with
mass, the volume of fruit is less affected by external factors such as
moisture content. Because of the complexity associated with measuring
the volume of irregular objects using geometry, fruit volume is
commonly measured by gas or water displacement. Both methods are
unsuitable for production because they are best conducted indoors and
are time-consuming. In addition, the water displacement method
(WDM) can have harmful effects on the quality of the fruit. It is therefore
not surprising that information on the volume of baobab fruit is scarce in
the literature. A more efficient and less laborious process that is easily
scalable and does not compromise fruit quality is needed to measure
morphological characteristics.

Object detection is a common and challenging task in computer
vision but can be implemented to characterize baobab fruits by their
mass and volume. The technique aims to locate instances of object
classes in a specific image by color and texture or otherwise [16]. Pre-
viously, image processing techniques and computer vision have been
effective at extracting the diameter, area, and perimeter of spherical
objects [12,17]. In fruit grading or sorting by color, texture, or
morphological features, computer vision and regression present an
intelligent alternative that can be achieved at scale in a cost-effective
and timely manner [18]. In addition to other methods, these methods
have been applied to determine the mass and volume of cherry tomatoes
in Nanjing, Jiangsu Province, China [14,19], and Thai apple ber,
scientifically known as Ziziphus mauritiana L., in Jodhpur, India [20].

Food products are classified into axis-symmetric and non-axis-
symmetric shapes [21]. Thus, a product can be regarded as an
axis-symmetric object if its cross-sections are circular while perpendic-
ular to its major axis [19] and include cherry tomatoes, eggs, water-
melons, lemons, limes, oranges, and tangerines. In contrast, axis
nonsymmetric fruits have different shapes that are affected by genetics
and the environment [12]. In Kordofan, Sudan, Gebauer and Luedeling
[1] identified four baobab fruit shapes: ventricose, crescent, globose,
and fusiform. Gurashi and Kordofani [6] expanded this classification by
identifying nine additional shapes in the Blue Nile and North Kordofan
States in Sudan: ellipsoid, high spheroid, ovate, obovate,
oblong-pointed, spheroid-emarginate, ellipsoid-pointed, clavate, and
rhomboid. Thus, the baobab fruit is an example of an axis nonsymmetric
fruit.

Various geometric models and numerical analysis methods have
been used to extract volumes from 3D reconstruction of fruits from
images obtained from different camera arrangements [15,19,22]. Under
the assumptions of axis-symmetric shapes, controlled fruit orientation,
uniform lighting, and a simple background, very high levels of accuracy
have been achieved using basic solids, solids of revolution, and conical
frustum to estimate the mass and volume of fruits [15,22]. Nyalala et al.
[19] used a 3D Kinect Infra-Red Sensor, which was invariant to visible
light conditions and had capabilities for depth estimation and ease of
image segmentation to construct depth images to estimate the volume
and mass of tomatoes. However, deviations from the assumption in a
production environment can introduce errors in the estimates of the
mass and volume of fruits. In addition, the assumptions of
axis-symmetric shapes, controlled fruit orientation, uniform lighting,
and simple background are difficult to achieve under real-world field
conditions. These assumptions can affect the accuracy of the resulting
models and their application in real-world situations. For example,
Fitriyah [12] reported poor to moderate accuracy when using single
frontal view images for non-axis-symmetric shapes.

This study seeks to address the limitations imposed by the assump-
tions of previous studies. It aims to develop a computer vision system to
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estimate the volume of non-axis symmetric baobab fruits from single-
view RGB images captured in a setting where fruit orientation, light-
ing, and background are not controlled. The specific objectives are (1) to
investigate the variation in fruit morphological characteristics across the
study areas, (2) to analyze the Mask Region-based Convolutional Neural
Network (Mask R-CNN) and adapt it for the effective segmentation of
baobab fruits, (3) to develop a 2D feature extraction algorithm, (4) to
develop a model to estimate volume, (5) to investigate the relationship
between mass and volume, and (6) to extend point estimates of mass and
volume to their distributions. The approach used to estimate the volume
of fruits provides insights that can be used to optimize sorting, trans-
portation planning, storage, and market pricing strategies to foster ef-
ficiency in production and transactions for sellers and buyers. Knowing
the relationship between mass and volume in production planning can
facilitate the estimation of storage space for fruits when their mass is
known.

2. Materials and methods
2.1. Study area

The study was conducted in the savanna ecological zone of Ghana
within the Nandom and Kasena-Nankana East municipalities. The
Nandom Municipal is located in the Upper West Region, between Lon-
gitudes 2°41' W and 2°54’ W and Latitudes 10°44’ N and 11°00" N. The
Kasena-Nankana East Municipal is located in the Upper East Region,
between Longitudes 1°10° W and 0°53' W and Latitudes 10°30' N and
11°01' N (Fig. 1). The monthly average temperatures ranged from 21 °C
to 32 °C. The municipalities experienced a dry season from November to
April and a rainy season from May to September/October [23].

2.2. Study species

Baobab (Adansonia digitata L.) plays a vital role, particularly in the
food, cosmetic, and pharmaceutical industries [7]. The baobab is a
massive deciduous fruit tree, up to 20-30 m high, with a lifespan of
several hundred years, and the trunk can be as broad as 3-7 m in
diameter [24]. According to Odoom, [5], the fruit has an acidic tar
flavor, surpasses spinach in calcium content, and sweet oranges in
vitamin C. It is a 35 cm long and 17 cm diameter ovoid capsule with a
woody envelope, black seeds, and chalky pulp when ripe [24].

2.3. Tree sampling and fruit collection

A total of 166 baobab fruits were collected from 43 randomly
selected trees in the savanna ecological zone of Ghana. Among these
fruits, 101 were from 26 trees in the Nandom Municipality (Nandom),
and the remaining 65 were from 17 trees in the Kasena Nankana East
Municipality (Navrongo). The harvesting techniques outlined by Odoom
[5] were used for fruit collection during the harvesting period in
February and March. Three to four fruits were collected from the
northeastern, southeastern, southwestern or northwestern quadrants of
the tree crown.

2.4. Measurement of fruit characteristics

Direct measurements of the volume and mass of the 166 fruits were
taken. Each fruit was labeled with the study area code and identification
number, which were maintained throughout the measurement process.
All the measurements were taken at room temperature. The baobab fruit
was weighed to a precision of one gram. It was coated with saran wrap
and submerged in water with a sinker rod of negligible volume, and
displaced water was collected and weighed. Using the density of water at
room temperature, the volume was calculated in cubic centimeters
(cm®). The major lengths and maximum circumferences of the fruits
were measured using a flexible tape with 0.10 cm precision.
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Fig. 1. Study area in Africa within the savanna ecological zone of Ghana.

2.4.1. The computer vision system

The conceptual framework of the proposed system takes an image of
the baobab fruit(s) as input. The fruits are detected and segmented
(instance segmentation) by a modified Mask R-CNN model to address
limitations caused by uncontrolled fruit orientation, shape, lighting, and
background. The output is binarized, and two-dimensional (2D) features
are extracted to estimate fruit volume or mass when the volume is
known. The distribution of the sample is subsequently determined to
extend the usefulness of the information from the point estimates for

Instance Segmentation
(Mask R-CNN)

Binarization and Feature
extraction

|

Quantification of
Volume/Mass

Distribution Modelling ——

Fig. 2. Conceptual framework of the proposed system.

production planning (Fig. 2).

2.4.2. Instance segmentation

An iPhone XS Max camera with a focal length of 4.25 mm and a
resolution of 3024 x 4032 was used to capture all the images. The
camera was placed at a fixed distance of 130 cm from the center of a
white background with dimensions of 93 cm x 123 cm. Using the
Nandom samples, images of different fruit counts were captured and
down-sampled to a resolution of 381 x 503 pixels. They were subse-
quently annotated using the visual image annotator (VIA) by the visual
geometry group (VGG) [25]. The annotations were converted to
coco-style [26] and split into training (80 %) and testing (20 %) datasets.
The datasets were used to fine-tune the Mask R-CNN for detection and
instance segmentation (Fig. 3). The ResNet-50 feature pyramid network
(FPN) was used as the model backbone, and the initial weights for
training were obtained from the Zoo model.

The accuracies of the models were evaluated using loss box regres-
sion, loss classification, loss mask, and mask accuracy. Loss box
regression measures the model’s ability to predict bounding boxes. Loss
classification assesses the accuracy of class assignment to detected ob-
jects, and a loss mask is used to measure the accuracy of the pixel pre-
dictions. Lower values of the loss metrics were preferred. The mask
accuracy represents the accuracy of the predicted segmentation mask,
and higher values indicate better accuracy.

2.4.3. Image processing and feature extraction

The fruits were grouped by study area, and without consideration of
their arrangement relative to each other, they were photographed in
groups of 1-25. The images were rotated 360° at 30° intervals and
flipped left-to-right and up-to-down. The new dataset was fed into the
trained Mask R-CNN model to detect and segment instances of the
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Fig. 3. Training and testing procedure for fruit detection and segmentation.

baobab fruit regions to output a predicted mask image with a unique
label assigned to each contiguous region. The predicted masks were
converted to binary images of fruits and background and relabeled. The
geometric and positional measures were extracted from the relabeled
binarized image using scikit-image to measure the region properties.
The properties measured included (1) the segmented area, (2) the co-
ordinates of the centroid, (3) the coordinates of the bounding box, (4)
the equivalent diameter, and (5) the major diameter. The unique labels
and extracted measurements of region properties were written to a
Comma Separated Value (CSV) file (Fig. 4).

Images with more than one fruit were used to assess the effectiveness
of the segmentation process.

2.5. Quantification of volume and mass

The features extracted from single images obtained from Nandom
were combined with their corresponding volumes from WDM to train
and test the models and, likewise, for records from Navrongo, which
were used to validate the results. The CSV data from Section 2.4.3 were
filtered for records obtained from single images. They were matched to
their corresponding volume measurements from the WDM separated by
the study area. The data from Nandom were split into training (70 %)
and testing (30 %) and applied to linear, polynomial, and radial

— Fruit detection —

implementations of support vector machines (SVMs) and random forest
to derive suitable prediction models. The records from Navrongo were
used to validate the models (Fig. 5). The results were evaluated using the
mean average error (MAE), root mean square error (RMSE), and R-
squared (RZ) values.

2.5.1. Statistical analysis

A paired t test and the mean difference confidence interval approach
were used to compare the volumes determined by each model (support
vector machine and random forest) on the validation dataset with the
volumes from the water displacement method. The Bland and Altman
[27] approach was used to plot the agreement between the Baobab fruit
volume measured by the water displacement method and machine
learning quantifications. The statistical analyses were performed in R.

2.6. Modeling probability density functions

The bootstrap resampling technique was used with the distribution
fitting package in R to estimate the probability density function for the
sampling distribution of the means and standard deviations of fruit
mass, volume, and density. The Akaike information criterion (AIC) and
Bayesian information criterion (BIC) were used to select the best fit of
the normal, exponential, gamma, logistic, Cauchy, Weibull, and log-

—— > Binerization

l

Label & extract
Region
Properties

l

Fig. 4. Instance segmentation of an image of baobab fruits to produce a predicted mask image for two-dimensional feature extraction.
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Fig. 5. Training, testing, and validation process for volume quantification using machine learning.

normal probability density functions (PDFs). All the sampling distribu-
tions of the means were approximated to a normal distribution for
simplicity. The best-fit distributions were used to define the Bayesian
prior distribution for the mean (mu) and standard deviation (sigma).
The prior distributions were used as a proxy for expert or industry
knowledge of the population distribution of fruits. Arbitrary threshold
values were set and used as industry standards to classify fruit mass,
volume, or density as either small/low, medium, or large/high.

The process established the posterior distribution from point esti-
mates from the fruit quantification models. The distributions provided
insight into the confidence interval of point estimates and the proba-
bility of the sample belonging to a class (small/low, medium, or large/
high) using the RStan package [28,29] (Fig. 6). The density was esti-
mated as the ratio of mass to volume.

3. Results
3.1. Measurement of fruit characteristics

The samples exhibited a variety of shapes and measured character-
istics. The shapes observed were fusiform (36 %), crescent (12 %),
ventricose (45 %), and globose (8 %). The volume varied from 150 cm®
to 1820 cm®, and the weight varied from 60 g to 640 g. The maximum
length and circumference varied from 10 cm to 39 cm and from 18.4 cm
to 41 cm, respectively (Table 1).

Table 1

Summary statistics of measured fruit characteristics.
Statistic ~ Weight (g) ~ Volume Max. length Circumference

(cm®) (cm) (cm)

Min. 60 150 10.0 18.4
1st Qu. 150 423 19.0 24.0
Median 210 620 23.0 27.2
Mean 226 682 23.0 27.3
3rd Qu. 290 880 27.0 30.2
Max. 640 1820 39.0 41.0
Sd 0.109 0.339 5.811 4.535

In general, the data from Nandom presented greater variation than
did those from Navrongo. It completely overlapped the range of values
from Navrongo with variations in the frequency of occurrence. The
distributions of all the observed parameters were skewed (Fig. 7).

The summary statistics of the measurements and densities from the
study areas are shown in Table 2. The means of samples from the Nan-
dom Municipality and their standard deviations were mostly greater
than those from Navrongo. Despite the greater mean length observed in
the Nandom group, the standard deviation was lower than that in the
Navrongo group.

Fruit circumference and density from both study areas were nor-
mally distributed, and length measurements from Nandom were also

Distribution

Volume

Fitting

Bootstrap PDF «—;

(n=166)

!

Prior

distribution

Point Estimates

RStan BBd distribution

Posterior
End

Fig. 6. Volume estimation and distribution modeling from new images.
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Fig. 7. Distribution of morphological characteristics in samples collected from the Nandom (nan) and Navrongo (nav) study areas.

Table 2

Summary of the means and standard deviations of the measurements and densities from the study areas.

Study area Variable Weight (g) Volume (cm?) Length (cm) Circumference (cm) Density (g/cm®)
Nandom Mean 241.6 707.2 23.240 27.543 2.933

Std. dev 116.9 349.9 5.444 4.839 0.507
Navrongo Mean 202.2 643.8 22.555 26.843 3.181

sd 91.4 320.5 6.361 4.016 0.480

normally distributed. The mean circumference (p = 0.314) was not
significantly different between the study areas, but the mean density (p
= 0.002) was different.

Weight, volume, and length in the Navrongo group were not nor-
mally distributed. The medians of weight, volume, and length from
Nandom were 230.0 g, 710.0 cm® and 23.60 cm, respectively. Their
interquartile range (IQR) values were also 0.16, 0.49, and 8.00,
respectively. In Navrongo, the corresponding values were 170.0 g, 580.0
cm?, and 22.00 cm, with IQRs of 0.12, 0.42, and 10.00, respectively. The
differences between the medians of volume (p = 0.265) and length (p =
0.178) were not statistically significant. However, the between-weight
(p = 0.037) differences were significant. The differences observed can
be attributed to factors influenced by the climate gradient.

3.1.1. Fruit detection and image feature extraction

The training process went through 3000 iterations with loss box
regression, loss classification, and loss mask values of 0.061, 0.015, and
0.052, respectively. The losses (box regression, classification, and mask)
decreased as the model progressively learned and improved its perfor-
mance on the detection and segmentation tasks. The mask accuracy was
97.77 %, which also indicated that the model was proficient at accu-
rately segmenting the pixels of the baobab fruit.

The two-dimensional (2D) image characteristics extracted from the
segmented fruit regions exhibited substantial diversity. The pixel count
difference for the equivalent diameter (Eq. Diameter) was approxi-
mately 30 pixels compared with approximately 394,232 for the
bounding box area (Bb. Area). Parameters such as the major diameter
displayed a more concentrated distribution, whereas the others exhibi-
ted greater diversity, highlighting heterogeneity within the dataset
(Appendix, Table A1).

3.2. Quantification of volume from extracted image features

Overall, the best and most stable model during training was the
random forest model, with an RMSE, R?, and MAE of 15.80, 99.8 %, and
8.47, respectively. The accuracy metrics of svmLinear were the worst.
The other models displayed moderate values during training. A similar
pattern was observed during testing, where Random Forest was the best
performing model and svmLinear was the worst. In the testing dataset,
the svmRadial and svmPoly flipped performance positions when
compared to their training positions. Generally, there was a small
decrease in performance from training to testing (Appendix Table A2).

In the validation dataset, the svmPoly model was best and closely
matched by svmLinear in terms of the R? value. In addition, the
svmLinear model yielded the best RMSE and MAE values. On the other
hand, the RF model displayed a balanced combination of RMSE, R?, and
MAE values. The svmRadial model showed the worst performance in
terms of all the metrics (Appendix Table A3).

A plot of the estimated volumes of single fruits against those
observed by the water displacement method from the validation dataset
summarizes the performance of the models. The plotted points were
closely aligned to the 1:1 line, indicating accuracy in estimation except
for svmRadial, which deviated, and svmPoly, which appeared to
consistently underestimate the fruit volume (Fig. 8).

3.2.1. Statistical analysis

The mean difference between volume approximations from each of
the svmPoly, svmLinear, and random forest models and the water
displacement method (WDM) was not statistically significant (P > 0.05),
except for svmRadial (P = 0.01).

The Bland-Altman plots in Fig. 9 show that the differences in vol-
umes estimated by the model and those estimated by the WDM were
normally distributed. The 95 % of the volume differences are expected to
lie between the dotted lines (95 % limits of agreement). The volume



F.X. Dono et al. Smart Agricultural Technology 9 (2024) 100528

svmPoly svmLinear svmRadial Random.Forest
R2= 0.9716 R? = 0.9657 Rz = 0.7368 R?z= 0.9104
° L ] [
o °
£ 1200 1200 1200 & 1200
\L.)/ L X J
)
€
3
S
8 800 800 800 800
c
)
%]
o
(@)
®
400 400 400 a0 8

500 1000 1500 400 800 1200 1600 500 600 700 800 900 500 1000 1500
Predicted Volume (cm?)

Fig. 8. Regression of the observed (WDM) volume from Navrongo on the predicted volume from machine learning models.

o
§ - o 2 7 o
o [ 8 -
= o+ £ o
£ < S
e o =
=
= ] 0O o lecomeeooooo o =P ]
=) 2
S oA ° oo o g_' - 00
= ©
E 5 ° 4 Go © 0 - ] ° 'GE’ Gboo % N % ° ° °
g =1 s e it T e e _E' — ‘"'U'-‘b-&'\‘r“'“'v;";'ag"e‘;-“g --------------
A ) c)%0 °e o o ° o 3 qbu 000 @™o oo o oo %o
o o o 8 o ©
O e | ~ ____f _________ o_ _________________________________
8 > ®
. T T T T T T T T T T T T T T
200 400 600 800 1000 1200 1400 200 400 600 800 1000 1200 1400
(a) Mean of symPoly & WDM (cm®) (b) Mean of symLinear & WDM (cm®)
o
& Fommmoommm— e °
% 4 o °a
o 8 -
2 ° % °
€ ° 8 @ of 2% o = 67
= § 1° 5 %°;boo :o o g © °
= Ve O My Sy N S SV £
[=] ° o = g | oo o
I 7 iR g8 7 |e s o ,°
© ° o4 = o o © 4
5 L% _____ o ____8_____ Q]
g 3 L] v 2 o o‘—‘e o o o
% o c‘°o o 00%0 o® 0 o °
- R @ o g g o o
« o o 4 3 o
o - - o o°
e o ’
o o
g - . e —,—,—,, e
. T T T T T T T T T T T T T
400 600 800 1000 1200 200 400 600 800 1000 1200 1400 1600
(c) Mean of svmRadial & WDM (cm*) (d) Mean of RF & WDM (cm?)

Fig. 9. Bland-Altman plot for the comparison of volumes estimated by machine learning models and the water displacement method (WDM); the outer lines indicate
the 95 % limits of agreement, and the centerline shows the average difference.

differences between the model quantifications and WDM can be seen in Fig. 9c shows that for small baobab fruits, the volume estimated by
Fig. 9a-d. The differences were normally distributed for svmLinear the svmRadial method was greater than that estimated by the WDM, and
(Fig. 9a), svmPoly (Fig. 9b), and random forest (Fig. 9d). vice versa. Thus, the model overestimates the volume of small fruits and



F.X. Dono et al.

understates large fruits. This may be because the relationship between
the extracted image features and the volume is nonlinear.

3.2.2. Important image features for volume determination

The area of the segmented fruit region and the equivalent diameter
were the dominant variables, contributing nearly 100 % of the variance
explained by the SVM models. All other features contributed less than 80
%. The major diameter contributed 68.25 %. Positional features were
mostly inconsequential or of very small importance.

In the random forest model, the major diameter was the most
important variable, contributing nearly 100 % of the variance explained.
The area of the segmented fruit region and the equivalent diameter were
not very useful variables, as they had less than 40 % explanatory power.

3.3. Single variable mass regression modeling

Fig. 10(a) shows a scatter plot of the observed mass against volume.
A quadratic relationship was observed between mass (g) and volume
(cm3), with an intercept of 38.23, a slope of 0.25, a coefficient of the
quadratic term of 4.49 x 107>, and an adjusted R? of 92 %. The predicted
mass was further regressed against the observed mass (Fig. 10(b)). The
values were randomly clustered along the 1:1 line with gradient 1 and
intercept 0.

3.4. Modeling probability density functions

The prior probability density functions (PDFs) of the sampling dis-
tribution of 1 million bootstrapped means of mass and volume were
gamma-distributed, but density was log-normally distributed. The dis-
tributions of the standard deviations were gamma, normal, and log-
normal for mass, volume, and density, respectively (Appendix,
Table A4).

The Rhat (R) values computed for all the models were unity, indi-
cating convergence of the Monte Carlo Markov chain sampling process.
The autocorrelation decreased with increasing lag to values close to zero
at a lag of approximately five for the samples. In addition, there was a
strong central tendency with randomly distributed aberrations that did
not depict any trend or distinctions between individual chains.

In Fig. 11, the posterior distributions are shown in red, and the in-
dustry distribution is shown in blue. The plot shows that the majority of
fruits collected from Nandom were collected from a population with an
average mass of 218.87 + 7.00 g and a standard deviation of 8.04 +
0.42 g. The posterior distribution of volume followed a distribution

8.23 + 0.25 * volume + 4.49e-05 * volume?
600

500 1000
Volume (cm3)

1500
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similar to that of the population. It had a mean value of 671.39 + 22.03
cm® and a standard deviation of 25.84 =+ 1.25 cm®. On the other hand,
the distribution of density further decreased compared with that
observed for mass and density. It had a mean value of 0.33 + 0.00 g/cm®
and a standard deviation of 0.004 + 0.00 g/cm3 (Fig. 11).

The probability below the lower threshold was the highest in the
density distribution and the lowest in the volume distribution. The sit-
uation reverses between the thresholds. Beyond the upper threshold, the
probabilities decreased from mass to volume to density (Table 3).

4. Discussion
4.1. Measurement of fruit characteristics

The fruit samples from Nandom exhibited greater variability in fruit
mass than those from Navrongo, but all values observed in Navrongo
were within the range observed in Nandom. Similar wide ranges were
observed for Mali and Malawi in western and southeastern Africa [9].
The average fruit mass in this study was slightly greater than that in Mali
and Malawi, but the range covered the intervals documented in earlier
studies [6,30]. The slight differences observed in the means across
studies did not suggest that the samples could be from different
populations.

Fruit size or volume is often represented by the maximum diameter
or fruit length [9]. On the African continent, the ranges of fruit length
and width are 7.5-54 cm and 7.5-20 cm, respectively [6]. The wide
difference between the minimum and maximum length and width is
consistent with the variability in volume in this study and provides a
basis for the wide application of the algorithms derived. However, these
algorithms cannot be applied universally since the samples may not be
representative of all the baobabs on the market.

4.2. Estimation of volume from extracted image features

In the study conducted by Omid et al. [31], computer vision and
image processing techniques were utilized to estimate fruit volume,
resulting in R? values of 96.2 % for lemons, 97.0 % for limes, 98.5 % for
oranges, and 95.9 % for tangerines. These R? values were indicators of
the goodness of fit for their volume estimation models. The results from
the random forest model in this study outperformed them, with an R?
value of 99.8 % in training. Contrary to the findings of Fitriyah [12], this
study demonstrates that it is possible to obtain good accuracy of volume
estimates using single-view images of fruits with non-axis-symmetric

600

5
o
o

Mass (grams)

200

200 400 600
(b) Estimated Mass (grams)

Fig. 10. (a). Regression of observed mass to volume, mass = 38.23 + 0.25 x volume + 4.49e—05 x volume?, R?= 92 % and (b) scatter plot of observed mass to

estimated mass around the 1:1 line.
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Fig. 11. Comparison of prior (red) and posterior (blue) population distributions of samples obtained from Nandom.

Table 3
Cumulative probability below, between, and above the threshold for mass,
volume, and density posterior distributions.

Probability Mass (g) Volume (cm®)  Density (g/cm®
Below min threshold 0.39 £ 0.26 0.13 £ 0.16 0.60 £ 0.28
Between max-min threshold 0.55 + 0.21 0.82 £ 0.15 0.39 + 0.26
Above max threshold 0.05 + 0.09 0.04 + 0.08 0.01 + 0.03

shapes. Nyalala et al. [19] reported that combining both 2D and 3D
image feature variables leads to better predictions of fruit volume than
using only 2D feature variables. However, 2D models have the advan-
tages of being simpler and requiring less time and computational
resources.

In this study, the volumes predicted by the svmRadial model
consistently either underestimated or overestimated the volume,
depending on the fruit size. Relying on them for decision-making could
result in financial losses, pricing errors, and inefficiencies in resource
allocation and supply chain operations.

4.2.1. Important image features for volume determination

Compared with positional features, 2D geometric features are useful
estimators of baobab fruit volume. The major diameter is the most useful
for the random forest and variants of the support vector machines. The
area of the segmented region and equivalent diameter are better alter-
natives to the major diameter when considering support vector machine
models alone.

Previous studies have focused on using 2-dimensional image features
such as the projection area, perimeter, eccentricity, major-axis length,
minor-axis length, radial distance, horizontal length of the bounding
box, and vertical length of the bounding box to estimate volume via
regression [12,19]. Despite the successes achieved, emphasis has mostly
been placed on axis-symmetric fruits. The equivalent diameter intro-
duced in this study and shown to be relevant in regression by support
vector machines provides an interesting basis for further study of the
volume of axis nonsymmetric fruits [19].

4.3. Single-variable mass regression model

In certain production, marketing, or research settings, mass may be a
preferred measurement. To convert directly measured volumes and es-
timates obtained from machine learning models to corresponding mass
values, a univariate relationship between mass and volume is
appropriate.

4.4. Modeling probability density functions

Fruit size distribution is important for sorting and grading fruits. In
the baobab fruit industry, fruit size is linked to sweetness, consumer
preferences, and market value [5,6]. The weight and proportion of pulp
are also taken into account when grading baobab fruits [32]. According
to a study by Venter and Witkowski [33], larger fruits contain more
seeds and pulp, and sorting by size can lead to more accurate pre-
dictions. In their study, they used fruit length and diameter as indicators
to categorize mature baobab fruits into small, medium, and large sizes.
However, this can be a complex approach, as it relies on a combination
of indicators.

This study presents a method that involves computing cumulative
probabilities based on the distribution of physical properties, such as
mass, volume, and density. By using observable physical properties, it
becomes easier to establish size thresholds and sort baobab fruits into
small, medium, and large sizes. The model is effective at sampling from
the posterior distribution.

Optimizing storage and transportation planning for the baobab fruit
industry requires knowledge of its physical properties and distribution.
By sorting fruits into different size categories based on observable
physical properties, sellers can offer standardized size categories to
buyers, providing transparency and consistency in product offerings.
Buyers can make informed decisions on the basis of their specific re-
quirements or preferences regarding fruit size. Using this model in
supply chain management processes can lead to overall optimization,
from storage to transportation to sales. A clear understanding of baobab
fruit sizes based on physical properties allows for streamlined opera-
tions, reduced costs, and improved customer satisfaction.

5. Conclusion and recommendations

This study provides insights into the morphological characteristics of
baobab fruits across the study area. The morphological characteristics of
baobab fruits from Nandom are greater than those from Navrongo,
indicating the impact of environmental factors on fruit morphology.

It has further established that computer vision combined with ma-
chine learning techniques, specifically random forest and support vector
machine algorithms, can efficiently quantify fruit volume from 2D image
characteristics such as the major diameter, area of the segmented fruit
region, and equivalent diameter. The equivalent diameter of the
segmented fruit region introduced in this study is a good predictor
variable of fruit volume in support vector machines. Computer vision
can detect baobab fruit from an image with 97.77 % accuracy, and the
random forest model can quantify the volume with an R? value of 99.8
%, suggesting that models built solely on 2D image features can be a
viable alternative for measuring fruit volume. Additionally, the study
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established a quadratic relationship between mass and volume, with an
R? of 92 %.

The point estimates from computer vision and machine learning
models can be extended by detecting the posterior distribution of the
samples under study to provide valuable insights that can optimize
sorting, transportation planning, storage, and market pricing strategies.

Commercial companies producing baobab powder and seed oil
should apply these models for effective production planning. To enhance
the model, further research is recommended to understand the effects of
climate gradients on baobab fruit morphology.

Overall, this study contributes to our understanding of baobab fruit
morphology and highlights the potential of artificial intelligence
methods and distribution modeling in ecological research and agricul-
tural management. The findings presented pave the way for future
studies aimed at improving fruit quantification and management plan-
ning in the agricultural sector.
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Summary statistics of the extracted image characteristics for mass determination.

Statistic Area (pixels)

Eq. diameter (pixels)

M;j. diameter (pixels) Bb. area (pixels)

Min. 47,853.00 45.04
1st Qu. 85,491.50 54.66
Median 119,453.00 61.10
Mean 120,299.22 60.39
3rd Qu. 149,223.75 65.81
Max. 229,970.00 76.01

353.70 63,099.00

539.37 124,088.75
637.89 177,727.00
641.62 181,674.66
749.59 226,137.50
1039.91 457,331.00

Table A2

Comparative performance of ML volume models on training and testing data—unveiling insights into RMSE, R-squared, and MAE metrics.

Model TRAINING TESTING
RMSE R-squared MAE RMSE R-squared MAE
Random Forest 15.796 0.998 8.465 50.819 0.980 22.988
svmRadial 56.396 0.973 37.894 70.961 0.961 46.967
svmPoly 59.657 0.970 41.152 69.157 0.962 43.366
svmLinear 65.770 0.964 45.311 72.456 0.958 47.666
Table A3

Comparative performance of ML volume models on single fruit image features from Navrongo data-
—unveiling insights into RMSE, R-squared, and MAE metrics.

Model RMSE R-squared MAE
svmPoly 95.24137 0.9716203 86.10354
svmLinear 60.18458 0.9657215 41.32424
Random Forest 108.80602 0.9103636 78.20715
svmRadial 251.34992 0.7367830 211.48176

10
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Table A4
Prior distribution of parameters used in the Stan.

Smart Agricultural Technology 9 (2024) 100528

Data Parameter PDF Approximation

Mass Mean Gamma (717.75, 3.17) Normal (266.15, 8.44)
Sd Gamma (268.10, 2.47) -

Volume Mean Gamma (676.25, 990.98) Normal (682.40, 26.24)
Sd Normal (337.66, 18.61) -

Density Mean Lognormal (—1.08, 0.01) Normal (0.340, 0.005)
Sd Lognormal (—2.79, 0.16) -
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