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Deep learning (DL) being popularly used in computer vision applications is still in its early stage in
chemometric domain for spectral image processing. Often the challenge is that there are too few samples
from analytical laboratory experiments to preform DL. In this study, we present a novel combination of
DL and chemometrics to process spectral images even with as few as < 100 spectral images. We divided
the image processing part such as object detection and recognition as the DL task and prediction of
chemical property as the chemometric task based on latent space modelling. For image processing tasks
of object detection and recognition, transfer learning was performed on the pretrained YOLOv4 object
detection network weights to adapt the model to work well on spectral images captured in laboratory
settings. Once the object is identiﬁed with DL, a background query is performed for the pre-built chemometric models to select the model for predicting the properties for speciﬁc object. The obtained results showed good potential of using DL and chemometric approaches in conjunction to reap the best of
both scientiﬁc domains. This approach is of high interest to whoever involved in spectral imaging and
dealing with object detection and physicochemical properties prediction of the samples with chemometric approaches.
© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

* Corresponding author.
E-mail addresses: puneet.mishra@wur.nl, shiva.mishra2@gmail.com (P. Mishra).

Thanks to the recent advances in electronic and computer
technology, optical-based systems have gone through rapid developments easing the automated decision systems applied in
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different ﬁelds including agriculture and health care. The optical
sensing technology is superior to other conventional manual approaches in terms of time, accuracy and labour cost [1]. Hence, the
use of optical sensing techniques (e.g., computer vision, spectral
imaging and other imaging and spectroscopy technology) for the
non-destructive inspection of fruits and vegetables has substantially increased over the past decade [2]. Currently, some global
manufacturers have developed fruit sorting and grading machines
based on the parameters of colour, weight and size. Nonetheless,
such applications are quite basic, which are no longer suitable
confronting most complex conditions in real life.
Computer vision, as one of the most popular and versatile optical sensing techniques, enables the provision of superior spatial
information to measure plenty of quality-related attributes [3]. By
extracting certain features that are crucial for a given aim, computer vision enables the computer to understand and interpret the
contents of the input image. This capability can be integrated into
automatic systems for fruit sorting, grading, quality evaluation, and
classiﬁcation [4]. Nevertheless, it is challenging for computer vision
systems to address quality aspects of fruits that are represented by
small contrasts in the images (e.g., early decays and invisible defects) [1]. It is even impossible for the computer vision to assess
internal quality and chemistry attributes that are undetectable in
the visible range [5]. For this reason, spectral imaging technique has
appeared as a better tool for real-time assessment of food and
agricultural products. By combining conventional imaging and
spectroscopy techniques into one system, spectral imaging supplies
both spatial and spectral information from the target, easing the
simultaneous measurement of multiple external (e.g., size, shape
and colour) and chemical characteristics (e.g., water, fat, sugar
content) of individual food items [6]. Spectral information can be
used to ﬁnd the analyte of interest depending on its spectral
signature, and the imaging technique can transform the detected
information into distribution maps for spatial visualization. Spectral imaging data (x, y, l), also known as hypercube, is threedimensional (3-D) with two spatial dimensions (of x rows and y
columns) and one spectral dimension (of l wavelengths) [7]. Due to
its data structure, spectral analysis is inherently related to multivariate data analysis (chemometrics). Chemometrics applied to
spectral imaging data have various purposes including the reduction of dimensionality, evaluation of data variance, classiﬁcation or
quantiﬁcation of observations in a pixel-wise and/or object-wise
manner [8e10]. Often, a series of chemometric methods is combined to appropriately extract meaningful features from spectral
images and build quantitative models for prediction. Nevertheless,
the application of chemometrics on spectral imaging data is typically performed without consideration of spatial information, i.e.,
the spectral data is recognized not as an image but as an unordered
listing of spectral vectors where the spatial coordinates can be
shufﬂed arbitrarily without affecting analysis result [8,9,11].
Visible and near-infrared (Vis-NIR) spectral imaging is widely
explored for fresh fruit analysis to predict common chemical traits
such as dry matter (DM), soluble solids content (SSC), and sometimes physical traits such as ﬁrmness [7]. Many works demonstrating the potential of spectral imaging in laboratory scenarios
can be found in recent review articles [7]. In laboratory scenarios,
the traditional approach for fresh fruit analysis using spectral imaging involves steps such as spectral image acquisition, segmentation of fresh fruit based on normalised difference vegetation
index (NDVI) as NDVI values are higher for fresh material compared
to non-living objects, followed by the application of the pre-trained
chemometric calibrations [12e15]. However, in the domain of outof-lab fresh fruit world, one of the main challenges in terms of using
the spectral imaging in practicality is the availability of fruit samples in bulk, for example, in European Pool System (EPS) trays or for

small fruits in punnet. Thus, this mean that unlike the spectral
imaging analysis performed in laboratory condition where each
fruit is clearly separated from each other, in practical scenarios the
fruits are touching each other making the task of automatic object
detection and model application a challenge. For example, if the
traditional approach to fresh material segmentation such as NDVI
threshold [16e18] is performed it will never allow the detection
and segmentation of individual fruit as all touching fruit pixels will
appear as a giant single fruit. Hence, for that purpose, there is
currently need of advanced object detection approaches which can
detect individual fruit in the spectral imaging even if they are
touching each other such that spectral models can be applied to the
pixels of detect fruit based on the fruit type.
Recently, DL techniques have revolutionized the way imaging
data are processed [19]. In particular, standard optical imagery (red,
green, blue (RGB) image) can directly beneﬁt from applying DL
algorithms for multiple tasks, such as object detection, semantic
segmentation, and classiﬁcation. Object detection entails both
ﬁnding an object belonging to a speciﬁed class and localizing it in
an image or video. For this reason, object detection is useful in
counting objects in a scene and track their precise locations. There
are two strategies used for object detection: i.e., region proposalbased two-stage method and regression-based one-stage method
[20]. Region-based convolution neural network (ReCNN), which is
a typical two-stage method, requires a considerable amount of time
to perform object detection, therefore, it is considered as unsuitable
for real-time implementations [21]. On the other hand, You only
look once (YOLO) is a representative model of the one-stage detector. The main idea was to use the whole image as the input of the
network and directly return to the position of the bounding box and
the class to which the bounding box belongs in the output layer
[22]. YOLO trades a bit of accuracy for large improvements in speed,
which enables the users to realize real-time object detection.
Compared to original YOLO, Redmon proposed a new joint training
method in YOLOv2 [23] that allows the user to train object detectors on both detection [24] and classiﬁcation data [24]. YOLOv3
was later proposed to improve the processing speed by developing
the feature extraction backbone network Darknet53 [25]. Recently
[21], proposed YOLOv4 to further balance the relationship between
detection accuracy and processing speed. This recent version
signiﬁcantly enlarged the receptive ﬁeld via the added CSPDarknet53 CNN (Convolutional Neural Network) and used path aggregation network (PANet) as the method of parameter aggregation
for multiscale feature fusion, instead of the FPN used in YOLOv3. An
improved detection accuracy was achieved when YOLOv4 was
implemented on the COCO dataset [24] because of a processing
speed of 30 frames per second. It was believed that YOLOv4 is an
ultramodern detector which is faster and more correct than other
available detectors [21].
For the fresh fruit case presented in this study, a solution to
detect and ﬁnd each and individual fruit in spectral images is to use
the advanced DL approaches for object detection such as YOLO.
However, the DL models to work properly requires a lot of training
data set and to generate a lot of spectral image data sets can be time
consuming and memory intensive [26e28]. Furthermore, training a
DL model from scratch on spectral images maybe not be efﬁcient as
spectral images are of enormous size and can easily consume the
whole random-access memory of the computing system to allow
the model training. However, transfer learning [26e29] is a solution
in the domain of DL for the cases when there are not enough data
sets. It refers to the process of transferring the knowledge bought
from one task to a different but related task [29]. Since transfer
learning works by reusing a pre-trained model as the starting point
for another problem, it alleviates the need for a huge amount of
training data and reduces the training time [26]. In the domain of
2
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spectral data modelling, recently the concept of transfer learning
was presented [26e28]. In the presented case of spectral imaging of
fruit, a solution for detecting and ﬁnding individual fruit object
could be to ﬁne tune the pre-existing object detection DL models
with a small set of RGB images regenerated from the spectral imaging data and later, chemometric models can be applied to predict
the fruit property.
Brieﬂy, this work aims to propose a novel pipeline for spectral
imaging data analysis which integrates DL with chemometrics to
fulﬁl a complicated task, i.e., ﬁrst recognizing fruit types and
localizing individual fruits, followed by the prediction of fruit
property (SSC and DM) for each detected fruit. We ﬁne-tuned a
pretrained YOLO V4 model and implement transfer learning on RGB
images of the fruit dataset (which has hundreds of images) to
perform the detection of 6 fruit types. This procedure generates a
bounding box for each detected fruit where the object of interest is
supposed to reside within the box. The use of bounding box enables
us to localize individual fruits and ﬁnd the types of fruit in the
image. After gleaning the knowledge of fruit type, a pre-built partial
least square (PLS) can be selected and applied on the region of interest (ROI) as deﬁned by the user. Note that although DL model can
also be trained to preform predictive tasks, however, in the domain
of chemometrics often the samples and ground truth are incredibly
low to train an efﬁcient and generalised DL model, hence, for predictive modelling we stick to the PLS modelling as it is fast
approach to model fruit properties with spectral sensing. The
devised workﬂow combing DL and chemometrics is expected to
overcome the inherent deﬁciency of each method, i.e., DL applied
directly to spectral imaging data is computationally expensive and
burdensome and requires large training set, while chemometrics is
unable to address spatial features therefore incapable of handling
some tasks such as object detection and recognition. In this sense,
the proposed approach is beneﬁcial in terms of reducing the
memory storage, improving the efﬁciency and supplying correct
results, leading to the suitability of real-time applications as a
crucial step toward fully automated system.

Fig. 1. The All-In-One spectral imaging setup [30] for imaging different fruit types.

fruit types were further divided into training and test set as presented in Table 1. There are multiple fruit objects collected in the
same image and the number varies from image to image. Note that
for two fruit types i.e., apple and black grapes, reference DM and
SSC measurements were performed, respectively. DM for apple was
determined using an electronic balance XS10001 L (Mettler-Toledo
GmbH, Giessen, Germany) by recording the weight of the parts
before and after drying in a hot-air oven (FP 720, Binder GmbH,
Tuttlingen, Germany) at 80 C for 96 h. SSC of black grape juice was
determined using a handheld refractometer (HI 96801, Hanna Instruments Inc, Woonsocket, RI, USA).

2. Materials and method
2.1. Data sets
All 6 types of fresh fruit samples, i.e., apple, pear, kiwi, black
grapes, green grapes, and blueberry, were sourced from the local
supermarket (Albert Heijn, Ede, The Netherlands). During imaging,
bigger fruits (i.e., apple and pear) were placed in euro pool system
plastic fruit crates, while the small fruit such as berry and grapes
were placed on speciﬁcally designed small fruit holder trays. Kiwi
were imaged directly on the kiwi box commonly available in supermarket and has thin plastic layer and cavity to hold individual
kiwi fruit. Spectral images were recorded with the All-in-One
spectral imaging setup [30,31] as presented in Fig. 1. ASI setup
uses a visible and near-infrared spectral camera (Fx10, Specim,
Oulu, Finland) with illumination using two sets of halogen lights
(supplied by Specim, Oulu, Finland). The ASI setup is fully automated for image acquisition, and the acquisition controls such as
the speed of the translation stage, exposure time, number of
frames, etc. are pre-synchronised with the camera settings [30].
The ASI setup has an inbuilt white reference (Teﬂon) and the
camera has automatic shutter control to capture dark reference
which were used to automatically radiometrically correct the raw
images to output reﬂectance spectral data. The spectral camera
recorded data in the spectral range of 398e1000 nm with spectral
spectra interval of ~3 nm. In this study, to preform transfer learning
the RGB images were reconstructed using the spectral bands 671,
534, and 430 nm. The data set consisting of 132 RGB images of 6

2.2. Data analysis
2.2.1. Preparation of ground truth bounding boxes for deep learning
The images of fruits with bigger size (i.e., apple, pear and kiwi)
were collected with a complex background involving plastic storage crate or cardboard box. Meanwhile, these fruit objects were

Table 1
Summary of images in training and test set. Please note that each images contain
many individual fruit samples as can noted in following parts.
Fruit

Training

Test

Apple
Kiwi
Green Grape
Black Grape
Blueberry
Pear

12
9
9
8
21
29

6
5
4
4
11
14

3
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plotted to assess the performance of model on detecting individual
fruits. Precision is deﬁned as the number of true positives divided
by to the total number of positive predictions, while recall is the
ratio of the number of true positives to the total number of actual
(relevant) objects. The model is considered a good predictive model
if the precision stays high as the recall increases. This work also
compares the average precision (AP) which is the precision averages across all recall values between 0 and 1 at various Intersection
over Union (IoU) ratio thresholds. By interpolating across all points,
AP can be interpreted as the area under the curve of the precisionrecall curve. In addition, the IoU ratio is also obtained for the
assessment of model performance. It calculates intersection over
the union of the bounding box for the ground truth and the predicted bounding box. An IoU of 1 indicates that predicted and the
ground-truth bounding boxes perfectly overlap.

tightly packed together with fruit edges touching each other. Under
this circumstance, the ground truth bounding box for each object
was manually labelled by selecting a rectangle enclosing the object
of interest. The creation of ground truth bounding boxes for the
smaller fruit types (i.e., green grape, black grape, blueberry) follows
a semi-automated pipeline because they were imaged on top of a
fruit holder tray and each object was separable from the others. For
each image, a region of interest (ROI) was manually selected to
include the region having only the fruit samples. K-means clustering was then applied to segment the fruit samples from the
holder tray, which generates a binary image where fruit objects are
represented with 1 while the background denoted 0. Based on the
binary image, the ground truth bounding boxes can be achieved
using MATLAB built-in function region props.

2.2.2. Transfer learning for object detection and recognition
This work implemented a pretrained YOLOv4 object detection
network combined with transfer learning for a fruit detection task.
It is conducted in the MATLAB computing environment (release
R2021a, The MathWorks, Inc., Natick, MA, USA) using the opensource scripts downloaded from: https://github.com/matlabdeep-learning/pretrained-yolo-v4. Data augmentation can add
more variety to the training data without actually having to increase the number of labelled training samples, therefore it is used
in this work to improve network accuracy. In speciﬁc, we applied
the following augmentations to the input data: (1) random horizontal ﬂip; (2) random scaling; and (3) colour jitter augmentation
in HSV space. The network architecture is mainly comprised of
backbone, neck and detection head. In speciﬁc, YOLOv4 applies the
CSP-Darknet53(Cross-Stage-Partial Darknet53) as the backbone,
which enables a larger receptive ﬁeld size (725  725) to view the
entire objects in the image and better understand the context
around those. The neck section uses spatial pyramid pooling blocks
which are inserted after the backbone. Additionally, PANet is
applied in the neck section for parameter aggregation from
different backbone levels for different detector levels. As a last step,
detection head processes the gathered features from the neck
section and predicts the bounding boxes, scores and classiﬁcation
labels. The pretrained model has the size of 229 MB admitting the
input image resolution of 608  608. In this work, transfer learning
enables us to adapt the pretrained YOLO v4 network to our dataset
for detecting 6 fruit types, that is, apple, kiwi, green grape, black
grape, blueberry and pear. Around 67% of each fruit type are
randomly selected to form the training set, while the remaining
ones serve as the test set, as the number of RGB images shown in
Table 1 and the number of objects of individual fruit types summarized in Table 2. Pre-trained YOLOv4 weights are used, and the
learning rate, batch size, and number of epochs are set to 0.0001, 4
and 90, respectively. The number of classes is 6, which is the
category of fruits.
The developed model is evaluated using multiple metrics
computed from the test set. Firstly, the precision-recall curve is

2.2.3. Chemometric modelling and model application in practise
In this study, we showed a novel combination of DL and chemometrics, where at ﬁrst the individual objects were detected and
recognized with DL and later the partial least-squares (PLS) based
chemometric models were used to predict the fruit property in the
centroid region of the fruit. Out of 6 fruit types, the PLS [32,33]
chemometric models were developed and conﬁrmed for two fruit
types i.e., apple and black grape, due to the availability of the
ground truth reference measurements. Prior to PLS calibration
modelling, the mean spectra of the fruit were extracted and
smoothened using the Savitzky-Golay [34] smoothening with
window size of 13 and 2nd order polynomial, and later to suppress
any additive and multiplicative effects using the standard normal
variates [35]. Same pre-processing operations were carried out
when PLS models were applied on the test image. The PLS model
calibration was performed using a 5-fold cross-validation to optimize the latent variables. The complete prediction pipeline
included image capture, localizing individual fruit, classifying
detection to fruit type, based on found class a query for chemometric model is performed and the selected PLS model is used to
predict the fruit property for centroid pixels. Note that centroid is
one of the outputs of the object detection apart from bounding box.
In this study, the effect of applying the PLS model on a single
centroid pixel and on mean spectra of small centroid area was also
explored. All analysis were carried out in MATLAB (release R2021a)
and computing system with Intel(R) Core (TM) i7-6700
CPU@3.40GHz processor.
3. Results and discussion
3.1. Challenges in detecting individual touching objects with
threshold-based segmentation
A common approach in the Vis-NIR spectral imaging of fresh
material for segmentation is the use of the NDVI based threshold.
The NDVI was estimated as NDVI ¼

I850 I670
I850 þI670

. This is as the fresh

Table 2
YOLOv4 model performance for detecting individual fruit types after transfer learning. For apple before and after transfer learning performance is presented as the primary
YOLOv4 was trained using the COCO dataset.
Fruit type

Use of transfer learning

Training (Number of Objects)

Test (Number of Objects)

Average Precision

Mean IoU

Apple

No
Yes
Yes
Yes
Yes
Yes
Yes

e
300
269
619
598
1680
435

152
152
132
312
332
1020
279

0.3859
0.9994
1.0000
0.9990
1.0000
1.0000
0.9602

0.4371
0.8711
0.8860
0.8881
0.8645
0.8668
0.7718

Kiwi
Green Grape
Black Grape
Blueberry
Pear

4
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3.2. Deep transfer learning for detection of individual objects with
YOLOv4

material achieve high NDVI values and the non-living objects
achieve low NDVI values where a suitable threshold allows a clear
segmentation of the fresh objects such as fruit. However, such an
approach is not optimal in several scenarios, ﬁrst scenario is when
the background achieves similar NDVI values like the fruit, and the
other scenario is when the objects are touching each other as in
that case it will be difﬁcult to detect individual fruit as the touching
fruit will appear as a single big fruit. To supply some insights,
example RGB and NDVI images for apple are shown in Fig. 2. In the
RGB images (Fig. 2A), it can be noted that apple fruit have wide
variation in outer color, most are red, but some are still green
indicating a high concentration of the chlorophyll in the outer peel.
In the RGB image (Fig. 2A), the fruit are close to each other, but it
cannot be clearly seen if fruit are touching each other. In the NDVI
image (Fig. 2B), it can be noted that several fruits are touching each
other at borders and sometimes as well at stems. The NDVI values
of several fruit are indistinguishable from the background and the
plastic EPS crates on which the fruit are lying. In Fig. 3, the segmentation results of setting NDVI threshold [0.1, 0.2, 0.3, 0.4, 0.5]
are presented. It can be noted that setting a low threshold (Fig. 3A)
allowed the inclusion of all fruit pixels but with plenty of background pixels. Increasing the threshold value (from Fig. 3AeE)
eased the incorporation of fewer background pixels at a cost of
fewer identiﬁed fruit pixels. As can be seen, there was no optimal
threshold value available that could perfectly segment all apple
objects from the complicated background. Furthermore, in this
segmentation mask, several fruits were identiﬁed as touching each
other, therefore, hindering the task of precise individual fruit
detection.

As presented in the earlier section, traditional approaches to
spectral image processing are insufﬁcient in managing complex
tasks such as detection of individual objects in an imaged scene. On
the other hand, DL is highly capable of object detection tasks, hence
implemented in this study. Given that the aim is to propose an
innovative pipeline for integrating DL and chemometrics, the
comparison between different object detection algorithms, such as
ReCNN, YOLOv2, are beyond the scope of this work. However, we
feel obliged to point out that it is critically important to choose a
desirable object detection method depending on the accuracy and
processing speed in real-life cases. The performance of applying the
pre-trained YOLOv4 object detector before and after transfer
learning are shown in Table 2. Note that the initial YOLOv4 network
was pre-trained on COCO data set which represents some common
objects in the daily life and has image annotations in 80 categories,
with over 1.5 million object instances. Since apple was the only fruit
type included in the COCO data set as a fruit class, the effectiveness
of transfer learning can only be evaluated for apple. It can be
noticed that the performance of the original YOLOv4 object detector was poor achieving average precision and Mean IoU of
0.3859 and 0.4371, respectively. Transfer learning largely boosted
the predictive ability by increasing the average precision to 0.9994
and mean IoU to 0.8711. Transfer learning applied to the downloaded YOLOv4 model was deployed to detect and localize fruit
objects, as examples of detection results for individual fruit types in
the test set presented in the supplementary material. It was found
that the trained model was applicable for all fruit images (from

Fig. 2. An example (A) RGB reconstructed and (B) NDVI image from the Vis-NIR spectral image of apples.
5
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Fig. 3. NDVI based segmentation mask created with the threshold value of (A) 0.1, (B) 0.2, (C) 0.3, (D) 0.4, and (E) 0.5.

also presented in the Supplementary Material. As seen, deploying
our object detection model on an image containing multiple fruits
(e.g., 37 apples) requires the processing time less than 0.5 s, suggesting the potential for real-time applications.
Looking at the precision-recall curve (Fig. 4), it can be understood that the precision of all fruit types stays quite high (above 0.9)
at various thresholds, showing that the model indeed performed
well. Particularly, a strong prediction capability was seen for the
detection of kiwi, green grape, and black grape with a perfect
precision score of 1 at all thresholds. Furthermore, the confusion
matrix for detecting individual fruit types, computed using the IoU
threshold of 0.5, is provided in Table 3. From Table 3, for most of the
misclassiﬁcation cases, kiwi and pear fruits were misclassiﬁed as
apple, possibly due to the oval and circular shape and similar
greenness of the outer peel color. Also note that large fruits (i.e.,

Figs. S1 to S6) bought with different backgrounds. As showed in
Table 2, the average precision and the mean IoU after transfer
learning were high. It was noticed that the detection of pear fruit
was the most challenging, as shown by the lowest average precision
and mean IoU. Especially the mean IoU of pear was much lower
than those of others (0.7718 vs the value higher than 0.86) due to
many factors, among which are the shape and color attributes for
pear. Pear fruits (see Fig. S6) are elongate, being narrow at the stem
end and broader at the opposite end, therefore, the inclusion of
long stem in the ground truth bounding box will unavoidably
incorporate a substantial proportion of background region. Apart
from this, the green-brown freckled skin shows a closer visual
appearance to the background compared to other fruits. The
average processing time calculated from running 10 times of
applying the object detection model on individual fruit images is

Fig. 4. Precision-recall curve computed from the test set for each fruit type. (A) Apple, (B) kiwi, (C) green grapes, (D) black grapes, (E) blueberry, and (F) pears.
6
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Table 3
Confusion matrix to show the classiﬁcation performance of different fruits based on YOLOv4 object detection model.
Predicted class

Actual class

Apple
Kiwi
Green Grape
Black Grape
Blueberry
Pear
Background

Apple

Kiwi

Green Grape

Black Grape

Blueberry

Pear

Undetected

152
2
0
0
0
4
0

0
130
0
0
0
0
12

0
0
312
0
0
0
0

0
0
0
332
0
0
0

0
0
0
0
1019
0
0

0
0
0
0
0
269
0

0
0
0
0
1
6
0

segmentation approach. It can be noted that before the transfer
learning (Fig. 5A), the pretrained YOLOv4 model was only able to
detect 2 out of 35 apples with low probability ~0.55, while transfer
learning (Fig. 5B) enabled the model to correctly detect and localize
all 35 apples with the conﬁdence score higher than 0.98. Impressive
performance was further showed in the case of objects when their
edges touching each other, which was clearly visualized in NDVI
image of Fig. 2B (see Section 4.1). Indeed, this is an innovative and
profound application because such object detection analysis is
currently impossible with the traditional chemometric modelling
approaches which rely on pixel-based analysis.

apple, kiwi, and pear) were never classiﬁed as any small fruits, i.e.,
grape or blueberry, could be due to the size difference learned by
the model. For the detection of kiwi, 12 regions of background were
incorrectly classiﬁed and detected as kiwi. Each hole of plastic tray
on which the kiwi sit has the same shape as the kiwi fruit, therefore,
the empty hole was misclassiﬁed as kiwi in some cases, as shown in
Fig. S7 of supplementary material. Among 9 RGB images of kiwi
used in the training set, there was only one empty plastic tray hole
found on one image (Fig. S7) while the rest 8 images are all fully
packed. Nevertheless, the test set has one image which has 18
empty holes, leading to 12 misclassiﬁcation cases. It is expected
that misclassiﬁcation problem can be alleviated when more empty
holes are incorporated into the training set. Grapes were all classiﬁed as 100% correct. There was one blueberry out of the total 1020
objects undetected. The performance for pear fruit was less satisfying with 4 misclassiﬁed as apple and 6 undetected possibly due to
its shape and color properties as described in the earlier paragraph.
Note that although the misclassiﬁcation existed for some fruit,
however, it was minimal and should be eliminated by incorporating
more training data set during model training.
To visually show the performance of YOLOv4 object detector
before and after transfer learning, the prediction maps for the same
apple image are shown in Fig. 5. Notice that we used the same apple
image presented in Section 4.1 for the demonstration of traditional

3.3. Chemometric models, model query and real-time application
The earlier section presented the task of object detection by
applying the pretrained YOLOv4 model on RGB images. Undoubtedly, the successful object detection is the foundation of the second
task which was to query for the speciﬁc chemometric model
available for predicting fruit property in real-time. For that purpose,
two demonstration cases are presented i.e., black grapes SSC prediction and apple DM prediction (Fig. 6). The black grape SSC model
was calibrated with 9 latent variables (LVs) (optimized using crossvalidation) and achieved RMSEC and RMSEP of 0.47 and 0.56%,
respectively (Fig. 6E). It needs to be clariﬁed that the prediction

Fig. 5. The detection results (bounding boxes, labels and scores) of applying YOLOv4 object detector for apple (A) before and (B) after transfer learning. One object in (B) was
incorrectly detected as kiwi, indicated in the cyan color, this can be easily removed by setting the thresholding value higher than 0.65 to be acceptable for apple class. (For
interpretation of the references to colour in this ﬁgure legend, the reader is referred to the Web version of this article.)
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Fig. 6. Summary of the PLS models and their test on the fruit detected by YOLOv4. (A) Normalised black grapes spectra, (B) normalised apple spectra, (C) cross-validation plot for
SSC prediction in black grapes indicating 9 LVs to select, (D) cross-validation plot for DM prediction in apple indicating 7 LVs to select, (E) prediction plots for black grapes, and (F)
prediction plots for apple. In (EeF), calibration set is presented in red and the test set is presented in blue. (For interpretation of the references to colour in this ﬁgure legend, the
reader is referred to the Web version of this article.)

opened new possibilities for real-time applications by taking full
advantages of DL and chemometrics. Firstly, a large RGB image of an
extended scene was collected, based on which fruit objects can be
successfully detected and localized using YOLOv4 object detector
integrated with transfer learning approach. Within the detected
object, it was possible to ﬁnd the interested ROI (i.e., a centroid
region with different pixel sizes in our case) and collect the related
spectral image or spectroscopy (depending on the instrument
availability). Finally, a pre-built chemometric model was applied to
spectra of the ROI to compute the intrinsic attributes of the fruit, as
the outcome exempliﬁed in Figs. 7 and 8. Since the spectral image
was only for the deﬁned ROI with small area, the entire pipeline can
tremendously speed up to satisfy the need for real-time implementation. Furthermore, the entire process can be automated to
improve the efﬁciency, greatly beneﬁting the broad agriculture and
food sector.

samples were the fruit detected by the YOLOv4 DL model on the
test image. That is, the YOLOv4 object detector ﬁrst detect and
localize the fruit object using the bounding box which give rise to
the centroid region (17  17 pixels). The PLS model was then
applied to the mean spectra of each centroid region. In case of apple
as well, the model with 7 LVs achieved RMSEC and RMSEP of 0.83
and 0.90%, respectively for predicting DM (Fig. 6F).
Example prediction maps showing the performance of the
YOLOv4 object detection model to localize the detected object and
then assign the fruit property based on querying the background
chemometric model are shown in Figs. 7 and 8 for apples and black
grapes, respectively. It can be noted that the YOLOv4 found all
objects correctly and the chemometric predictions when compared
with the ground truth values reached 0.56% and 0.90% as RMSEP for
black grapes and apples, respectively. Given that the acquisition,
storing and processing of spectral images can be time-consuming
and computationally expensive, the results from our study has
8
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Fig. 8. Combined YOLOv4 object detection and PLS prediction maps for soluble solids
content prediction in black grapes. The bounding box produced by YOLOv4 is marked
in yellow rectangle, and the number shown in dark red is the predicted value generated by applying the PLS model to the mean spectrum of the centroid region indicted
in cyan colour. (For interpretation of the references to colour in this ﬁgure legend, the
reader is referred to the Web version of this article.)

Fig. 7. Combined YOLOv4 object detection and PLS prediction maps for dry matter
prediction in apples. The bounding box produced by YOLOv4 is marked in yellow
rectangle, and the number shown in white is the predicted value generated by
applying the PLS model to the mean spectrum of the centroid region indicted in cyan
colour. (For interpretation of the references to colour in this ﬁgure legend, the reader is
referred to the Web version of this article.)

imaging. Particularly for object detection we successfully ﬁnetuned a YOLOv4 object detection model pre-trained on COCO
data set, using as few as <100 spectral images of fresh fruit and the
model achieved up to 100% correct detection of objects in the
imaged spectral scene. There was some misclassiﬁcation between
apple, pear, and kiwi, but it is expected that it will be eliminated
when more images for each sample are incorporated in the training
of the model. Furthermore, due to the availability of the centroid
location of each individual fruit from the object detection, it was
possible to apply the traditional chemometric PLS models to the
centroid region of fruit to predict the fruit property. We also found
that while predicting the fruit property, applying the model on the
averaged spectra from the centroid region led to better estimation
of fruit property rather using only single centroid pixel spectra.
Unlike many studies which shows the competing comparison of DL
approaches with chemometrics approaches, we showed how DL
and chemometrics can be used complementarily. Although in the
current study, the real-time DL model application for fruit detection
was based on the snap-shot like images acquired by the spectral
cabinet. However, the methodology can also be extended to realtime inline applications where the user must initially wait for the
initial n (equal to the spatial size of the trained DL model) lines to be
acquired and later the model can be applied in real-time whenever
a new band is acquired. However, such real-time application was
out of scope of the present work and is a topic of exploration in
future research.

During the extraction of the fruit spectra after the fruit was
detected by the YOLOv4, the result of applying the chemometric
model to the fruit spectra showed variation with the change in
window size of the interested centroid region. For example, the
application of the model on the single centroid pixel of fruit achieved inferior performance than the model application on the mean
spectrum of a selected centroid region with varying window size
(Fig. 9). Particularly for apples, mean spectra estimated in a window
size of 7  7 pixels (equal to 3.4 mm  3.4 mm) around the centroid
achieved the lowest RMSEP, while for the black grapes the window
size of 17  17 (equal to 8.3 mm  8.3 mm) achieved the lowest
RMSEP. Averaging spectra of neighbouring pixels within the
selected centroid region can reduce the amount of random noise,
therefore, enhancing the spectra quality, leading to a better model
performance.
4. Conclusions
We presented a novel combination of DL and chemometrics for
object detection and spectral model deployment for processing
spectral images of fresh fruit. We found that transfer learning is a
very efﬁcient approach to use state of the art pre-trained DL models
available in the computer vision community to solve the challenges
related to spectral image processing in close-range spectral
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Fig. 9. The effect of window size for extracting mean fruit spectra for chemometric model application on the prediction error. (A) Apple, and (B) Grapes.
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