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Chapter 14

Adding contextual information to object detection 
models: a wildflower monitoring case

Georgiana Manolache and Gerard Schouten

Abstract

Understanding biodiversity trends is essential for preservation policy planning, and 
advanced computer vision solutions now enable large-scale automated monitoring for 
many biodiversity use cases. Wildflower monitoring presents unique challenges, such as 
inter-class similarity and intra-class variation of species. Indeed, close visual similarities in 
shape and colour may exist between different species, while wildflowers within a species 
may have significant visual differences. Moreover, flowers follow a growth cycle – from bud 
to fruit with a blooming stage in between – and look distinctly different over the year, while 
different species flower at different times of the year. Having access to flowering phenology 
means that more accurate predictions can be made. We propose a novel multimodal wild-
flower model, levering both high-quality, expert-annotated wildflower images and flowering 
phenology estimates. Moreover, we benchmark several data fusion models using two groups 
of common wildflowers that have high inter-class similarity and show that this multimodal 
approach significantly outperforms image-only baselines. With this approach, we aim to 
encourage the development of standards for automated wildflower monitoring as a step 
towards bending the curve of biodiversity loss.

14.1	 Introduction

Habitat loss, pollution and climate change are the primary drivers of biodiversity 
loss, causing ecosystems to degrade, which in turn impacts human well-being 
(IPBES, 2019). We depend directly on other life forms: plants are a source of food 
and shelter for many animals, as well as unique sources of medicine, while trees 
provide building materials and act as carbon sinks. Flowering plants play a vital 
part in supporting ecosystems, attracting pollinators that in turn enable plants to 
develop seeds to produce offspring (Ollerton et al., 2011). Nearly half of the world’s 
known wildflowers are threatened with extinction according to a new study 
(Bachman et al., 2024). The UK alone is reported to have lost 97% of its weed-rich 
meadows since the 1930s (Fuller, 1987). Wildflowers are under threat and therefore 

biodiversity loss
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so are the pollinators they feed (Goulson et al., 2015), thus impacting directly the 
food that we eat (Van der Sluijs and Vaage, 2016). It is crucial to understand bio-
diversity trends for preservation policy planning. However, due to the amount of 
effort and expertise required for conventional field monitoring, there are still large 
gaps in our knowledge. Furthermore, ad-hoc data collection in open citizen science 
platforms often results in biased data because of species overrepresentation and 
underrepresentation (Schermer and Hogeweg, 2018).

In the last few years, deep learning – with a focus on computer vision  – has 
been playing an essential role in large-scale automated monitoring. Recent papers 
(Hicks et al., 2021; Mann et al., 2022; Schouten et al., 2024) explore how object 
detection may be purposed for automating in-situ wildflower monitoring by iden-
tifying and counting species in images. As it turns out, wildflower monitoring com-
bines a unique set of challenges for computer vision (Nguyen, 2016). As illustrated 
in Figure 14.1 these include: 1) viewpoint variations, 2) occlusion by other plants,  
3) clutter, 4) light variation, 5) object deformations, as flowers are easily damaged, 
6) intra-class variation, and 7) inter-class similarity. The latter two challenges are 
particularly hard for current models: some images of flowers in the same class may 
have significant visual differences, while at the same time visual similarities in 
shape and colour may exist between some species belonging to different classes 
(note that the wildflowers depicted in the last column of Figure 14.1 belong to 
three different species). This confusion makes it difficult even for humans to dis-
tinguish the species without deeper taxonomic expertise, and subsequently limits 

deep learning

Figure 14.1	 Challenges of flower identification ‘in the wild’: 1) viewpoint variations (Papaver 
rhoeas); 2) occlusion (Caltha palustris); 3) clutter (Achillea millefolium); 4) light 
variation (Leucanthemum vulgare); 5) deformations (Bellis perennis); 6) intra-class 
variation (Ficaria verna); 7) inter-class similarity (Bellis perennis, Leucanthemum 
vulgare, Matricaria chamomilla)
Photos are crops from Eindhoven Wildflower Dataset (Schouten 
et al., 2024)
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the performance of image-only wildflower monitoring models. Indeed, while the 
visual modality is rich and detailed, it lacks certain information available to human 
experts while doing fieldwork.

We therefore propose a multimodal approach that includes information 
on flowering phenology to help overcome the flower inter-class similarity and 
intra-class variation challenges for the Eindhoven Wildflower Dataset (EWD), an 
expert-annotated bird’s-eye view high-resolution image dataset (Schouten et al., 
2024). Flowering phenology refers to the study of the timing of seasonal events in 
flowering plants over their growth cycle. Our approach leverages the fact that the 
visual characteristics as well as the presence of wildflowers at a given point in time 
highly depends on their estimated flowering time. In this chapter, we present a 
novel and large multimodal wildflower dataset and benchmark several multimodal 
models to encourage machine-learning research that may help us monitor, under-
stand and ultimately preserve biodiversity.

More concretely, our contributions include:
	– A benchmark of several fusion models demonstrating that multimodal 

approaches significantly outperform image-only methods.
	– An open multimodal dataset for wildflower monitoring, uniquely combining 

high-quality annotated wildflower images from the Netherlands (Schouten 
et al., 2024) with flowering phenology measurements from a public database  
(NDFF, n.d.).

The remainder of this paper is structured as follows. Section 14.2 discusses prior 
work in automated flower monitoring. Section 14.3 discusses some object detection 
and multimodality preliminaries, while section 14.4 defines, in formal language, the 
task of identifying and counting wildflowers using multimodal data. Section 14.5 
details how the dataset was created. Section 14.6 describes the methodology and 
section 14.7 presents the benchmarks and the results. Section 14.8 discusses current 
limitations and section 14.9 concludes.

14.2	 Flower recognition with computer vision

Wildflowers are intensely studied in biodiversity research since their clear visual 
characteristics, such as colour, shape and texture, enable large-scale monitoring 
(Tran et al., 2018). Earlier methods to automatically identify wildflowers involve 
explicit coding of morphological features (colour, texture, shape) using hand-
crafted image processing filters (Wäldchen and Mäder, 2015; Hong and Choi, 2012), 
but since the introduction of Convolutional Neural Network (CNN) architectures 
(He et al., 2016; Krizhevsky et al., 2012; Simonyan and Zisserman, 2014; Szegedy  
et al., 2016), wildflower identification has mostly transitioned to deep learning. 
However, training a CNN with sufficient generalization capabilities to solve this 
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task requires a large, labelled dataset with significant intra-class diversity. The 
PlantCLEF challenge (Krishna et al., 2020) targets the identification of plants 
(including flowers) with computer vision methods, holding over two million images 
of about 80,000 species. Another large-scale citizen science database for flower 
identification is iNaturalist (iNaturalist, n.d.), comprising over 65 million images 
of about 140,000 species. In these settings, however, usually a close-up of a sin-
gle flower (or inflorescence) located at the centre of the image has been captured, 
rather than a wider image of a natural scene containing many wildflowers at the 
same time.

Recently, wildflower monitoring use cases have been introduced that deploy 
object detection to identify multiple flowers in an image, using bounding boxes 
(BBs) to annotate the images. Remote sensing data has also been used for a variety 
of downstream tasks such as detecting visiting pollinators on flowers (Tran et al., 
2018), detecting the blooming stages of a species (Ärje et al., 2019), and measuring 
flower phenology (Mann et al., 2022). However, in these studies, there are no vis-
ually similar species within the data.

Other studies use datasets with a larger variety of species which do have 
inter-class similarity: the Oxford102 (Nilsback and Zisserman, 2008) and Jenna30 
(Seeland et al., 2017) datasets comprise both single and multiple flower instances 
in an image, annotated to investigate flower detection and classification for 102 and 
30 species, respectively (Patel and Patel, 2020). Wildflower monitoring to estimate 
nectar sugar mass was done using images of 25 species in weed-rich grasslands in 
the UK (Hicks et al., 2021), and flower detection from different image perspectives 
(entire flower, frontal, and lateral view) have been done for 10 species (Abbas et al., 
2022). Although not publicly available, drone-based image acquisition datasets 
have been collected in mountainous areas for 25 species in Switzerland (Gallmann 
et al., 2022). In these studies, however, data and annotation quality varies wildly. 
For real-world images with many visually similar species, precisely labelled and 
annotated high-quality images are essential (Elphick, 2008; Farnsworth et al., 
2013). EWD offers a significantly larger collection of wildflower images compris-
ing 160 species from various habitats in the Netherlands, with guaranteed in-situ 
high-quality expert-annotated images based on well-established annotation guide-
lines (Schouten et al., 2024).

14.3	 Object detection and multimodality preliminaries

Over the course of just a few years, deep learning has gained immense popular-
ity. We briefly review the field of object detection within deep learning and its 
state-of-the-art model Faster R-CNN (Faster Region-based Convolutional Network) 
before discussing multimodal learning related work.

using bounding 
boxes (BBs)
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14.3.1	 Object detection
Object detection is often confused with image recognition, the fundamental com-
puter vision task. Figure 14.2 shows an example of the distinction between image 
recognition and object detection. Image recognition assigns one label to an entire 
image. A picture of a flower receives the label ‘flower’; a picture of three flowers also 
receives the label ‘flower’. Object detection, on the other hand, draws a BB around 
each object and labels each individual box. The model predicts where each object is 
and what label should be applied. In that way, object detection provides more infor-
mation about an image than whole-image labelling, i.e. through its unique ability 
to locate objects within an image. Identifying the right object is still a classification 
task, localizing an object can be expressed as a regression task. A common approach 
to predicting a BB around an object is to predict the coordinates of the object’s cen-
tre (i.e. horizontal and vertical coordinates within the image) and height and width  
of the BB box; thus, four continuous numbers.

The major drawback of object detection, however, is the cost of annotating. To 
annotate objects’ BBs and labels for each image in a dataset is still the hardest and 
most time-consuming part of object detection. However, if the labels and BBs have 
been obtained for every object in an image, then an object detection model can 
be trained. Notable object detection models include Faster R-CNN (Ren, 2016), 
YOLO (You Only Look Once) (Redmon, 2016), or SSD (Single Shot Detector) 
(Liu et al., 2016). Note that object detection is essential for many real-world tasks 
such as diagnosis (recognizing deficiencies), monitoring (counting objects in an 
image) and navigation (recognizing various objects in a scene and acting upon that  
information).

14.3.2	 Faster R-CNN
Most of the current state-of-the-art object detection models are built on the ground-
work laid by the Faster R-CNN model. A Faster R-CNN model has several stages, as 
shown in Figure 14.3. An entire image and a set of object BBs with corresponding 

Figure 14.2	 Image recognition and object detection comparison. Image recognition (first and third) 
labels the entire image, while object detection (second and fourth) localizes objects in an 
image by drawing bounding boxes around them and then labels them accordingly. Photos 
are crops from EWD images (Schouten et al., 2024)
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labels is passed as input. First, the image passes through the backbone dense con-
volutional neural network (CNN). Digital images consist of a series of numbers, 
arranged in a 3-layered 2D array (one layer for ‘red’, one layer for ‘green’, and one 
layer for ‘blue’). This is how a computer perceives an image, and CNNs build on this 
idea. The idea is that, given an array of numbers, the network is able to use low-level 
features such as edges and curves to generate abstract high-level features in the 
later convolutional layers. After passing through several convolutional and pooling 
layers (that basically perform filter operations and downsample), a feature map is 
generated. The feature map is a spatially dense tensor that represents the learned 
features of the image.

Using the feature map and the image’s annotated bounding boxes, the Region 
Proposal Network (RPN) predicts whether there is an object or not and the bound-
ing box of those objects. Initially, RPN generates anchor points at regular intervals 
over the image, which will act as a prior to predict object proposals. Predefined 
anchor boxes of different sizes and aspect ratios are placed at the centre of each 
anchor point. The network refines these anchor boxes throughout training to better 
match actual object positions and sizes. A basic geometrical concept for evaluating 
how well an object detection model predicts BBs is the Intersection over Union 
(IoU). This concept measures the area overlap between the predicted BB and the 
annotated or target BB, divided by the area of their union. An IoU close to the maxi-
mum value of 1 is considered very good, whereas values close to 0 mean both bound-
ing boxes nearly do not intercept each other. For each anchor, the RPN predicts two 
set of parameters, namely the probability of the anchor containing an object (also 
known as an objectness score) and adjustments to the anchor boxes’ coordinates to 
match the actual object’s shape (four scores, one for each box corner).

The region proposals are of different sizes, so a technique called Region of 
Interest (ROI) pooling is used to resize them before passing them through the 
Faster R-CNN network. The network flattens the proposed region feature map 
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Figure 14.3	 Diagram of the Faster R-CNN architecture
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into a fully connected layer and learns to label categories using the cross-entropy 
loss and ground truth boxes using the least square errors (L2) regression loss. The 
cross-entropy loss (or log loss) measures the performance of a classification model 
whose output is a probability value between 0 and 1. The L2 regression loss mini-
mizes the error, which is the sum of all the squared differences between the true 
value and the predicted value.

14.3.3	 Evaluation metrics explained
Object detection models are therefore more complex since they combine both loca-
tion prediction and object classification. So, what happens if the model detects the 
correct class but at the wrong location? One approach is to define an IoU threshold. 
The object detection evaluation metrics need to know what a ‘correct detection’ 
and an ‘incorrect detection’ are. By setting an IoU threshold, the user can classify a 
detection as correct or incorrect. For example, we may consider that a prediction 
is correct only if the IoU is greater than a threshold of 0.5 and the predicted class 
is correct. The evaluation metrics can then be more or less restrictive as thresholds 
closer to 1 require almost perfect detections, whereas a threshold near 0 accepts 
even poor detections.

The standard metrics used in the object detection tasks are the mean average 
precision (mAP) and mean average recall (mAR). These metrics are derived from 
the confusion matrix by counting correct and wrong classifications, according 
to the chosen IoU threshold (see Figure 14.9 for an example). Each detected BB 
belongs to one of the four components of the confusion matrix and is classified per 
class observation:

	– True Positive (TP): a correct detection of the observed ground truth class.
	– False Positive (FP): an incorrect detection of another class or background.
	– False Negative (FN): an undetected bounding box of the observed ground truth 

class.
	– True Negative (TN): a correct detection of no class/background (no bounding 

box placed).
Precision measures the accuracy of positive predictions, i.e. TP/(TP+FP), while 
recall measures the ratio of positive predictions that are correctly detected by the 
classifier, i.e. TP/(TP+FN). Precision and recall values range from 0 (lowest value) 
to 1 (best value). Ideally, both precision and recall should be high. The trade-off 
between precision and recall can be visualized in a so-called Precision-Recall (PR) 
curve.

Average precision (AP) shows the model’s performance by taking the area under 
the PR curve and computing the average precision at different recall values (i.e. 
0, 0.1, …,1) for a given IoU threshold. In multi-class object detection (i.e. there are 
more than two classes), the AP is computed for each class and then the mAP is 
computed. The mAR is computed similarly, except that for average recall (AR) we 
average recall values over several IoU thresholds (i.e. [0.5, 0.95] with a 0.05 step), 
then compute mAR in multi-class object detection.

mean average 
precision 
(mAP)

mean average 
recall (mAR)
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14.3.4	 Data fusion and multimodality
Current computer vision research that is beyond state of the art involves multi-
modal input data. Modalities can be divided into four main groups (Pawłowski 
et al., 2023):

	– Tabular data: observations are stored as rows and their features as columns.
	– Graphs: observations are vertices, and their features are in the form of edges 

between individual vertices.
	– Signals: observations are files of appropriate extension (images:.jpeg, audio:.wav, 

etc.) and their features are the numerical data provided within files.
	– Sequences: observations are in the form of characters/words/documents, where 

the type of character/word corresponds to features.
Data fusion strategies – combining several of these modalities  – can be cate-
gorised as early fusion and late fusion (Huang et al., 2020).1 The schemas of early 
and late fusion are depicted in Figure 14.4. Early fusion, also denoted as data-level 
or feature-level fusion, simply joins data or features into common feature space, 
usually by concatenation. Late fusion, or decision-level fusion, joins prediction 
results from unimodal models (such as probability logits or categorical outcomes 
in classification tasks) to achieve multimodal prediction. In this study, we focus on 
early feature-level fusion techniques as they usually surpass the unimodal coun-
terparts of late fusion and offer more flexibility in the AI-pipeline (Cui et al., 2023; 
Stahlschmidt et al., 2022).

1	 Huang et al. (2020) also discern intermediate fusion. This is in essence similar to early fusion, but 
instead of just joining original data features, it learns high-dimensional features (typically through 
a neural network) before joining them into the common feature space.

data fusion 
strategies

Figure 14.4	 Data fusion techniques: (left) early fusion, and (right) late fusion
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In this study, we only leverage from one non-image modality. The common prac-
tice is to perform simple operations of concatenation, element-wise summation 
or element-wise multiplication, with the last two operations requiring feature vec-
tors of different modalities to be converted into the same shape. It is difficult to 
compare the performance of different operation-based feature-level fusions, since 
different studies were done on different data with different settings. However, in 
general multimodal solutions significantly outperform solutions using a single 
modality, but it might yield inferior performance when learning complex interac-
tions of different modalities.

Most multimodality studies are done in the domain of medical image analysis. 
To give some examples: Holste et al. (2021) compare these operation-based meth-
ods joining medical imaging with non-image data medical records for breast cancer 
classification. They extend the ResNet50 (He et al., 2016) architecture with early 
fusion strategies. Their multimodal models outperform the unimodal model, with 
the early fusion strategy achieving superior performance. Chen et al. (2019) pro-
pose a multimodal architecture which is based on Faster R-CNN for cervical cancer 
classification. While they also fuse features from two types of medical images, they 
fuse non-image features extracted from clinical tests with learned image features by 
using one fully connected layer.

14.4	 Task definition

Figure 14.5 provides an overview of the learning task we aim to solve. First, the flow-
ering phenology is a graphical representation of the timing and duration of seasonal 
flowering for a species, with time (e.g. days, weeks, months) on the horizontal axis 
and a phenology estimate on the vertical axis (Haggerty and Mazer, 2008). Given 
a set of images, each with a creation date d, and a set of possible species s₁, …, sn 
that we aim to detect, we extract the flowering phenology estimates for that point 
in time: p ps

d
sn
d

₁ , ,… . We then aim to train a model m that, for each detected flower 

in the image, receives the (pre-trained) image features z₁,  …, zm and flowering 

Figure 14.5	 An overview of our multimodal object detection solution
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phenology estimates p ps
d

sn
d

₁ , ,…  as input, and predicts the vector y = (ys1, ..., ysn) of 

probabilities for each possible species.
We aim to use annotated images and flowering phenology estimates in conjunc-

tion to classify species; thus, our task can be considered a supervised multimodal 
object detection problem. We use a pre-trained object detection architecture for 
image feature extraction and localization and attempt early feature fusion by con-
catenating non-image data (i.e. tabular data p ps

d
sn
d

₁ , ,… ) within the Faster R-CNN 

architecture. Our goal during training is to reduce misclassifications of visually sim-
ilar species.

14.5	 Dataset

Our dataset is constructed using data from two open data resources: wildflower 
images from the Eindhoven Wildflower Dataset (EWD) (Schouten et al., 2024), an 
expert-annotated high-resolution image dataset, and flowering phenology esti-
mates from the Dutch National Database Flora and Fauna (NDFF, n.d.). Both data-
sets are from the Netherlands. To the best of our knowledge, it is the first multimodal 
dataset allowing fine-grained differentiation of a set of visually similar wildflowers 
using phenology. Similar approaches consider spatio-temporal location data (Mac 
Aodha et al., 2019; De Lutio et al., 2021). However, their temporal information is lim-
ited by the presence-only data, which inherently lacks information about species 
growth cycle.

14.5.1	 Image dataset
We fully leverage the image and annotation quality of EWD, which contains 
top-view flowering plant images with expert-annotated BBs around individual 
flowers. The images were collected in-situ from flower beds of approximately 1 m² 
taken (near-)vertically downwards at a height ranging from 1.5 to 1.9 m, in the region 
of Eindhoven, the Netherlands, over the years 2021 and 2022. Annotations are for-
matted in Pascal VOC (Visual Object Classes), containing BBs with their corre-
sponding species labels stored in a human readable XML format. There are over 
65,000 annotations for 160 species with a long-tailed species distribution.

Since the EWD images are significantly large (6720 × 4480 pixels) and today’s 
most advanced Faster R-CNN architectures have a maximum input size that is sig-
nificantly lower (1,333 pixels on either axis) (Li et al., 2021), we slice the original 
images into 15 (5 ×  3) tiles. Tiles without object annotations are disregarded. We 
employ a cutting approach that is aware of the presence of annotations in the image 
and attempts to find the least damaging way to cut it. A helper function is employed 
to divide the input images into slices that approximate the target size. Figure 14.6 
shows an example of image sliced into 15 tiles with this heuristic approach. We 
train, validate and test models with image tiles in our experiments.
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14.5.2	 Flower phenology data
We collect flowering phenology data from NDFF (NDFF, n.d.). Flowering phenol-
ogy is a graphical representation of the timing and duration of blooming for a par-
ticular flowering plant over a specific period (Haggerty and Mazer, 2008). The data 
is modelled based on observations from the period 2000–2021. Observations are 
collected by volunteers and professionals and validated by experts. Only approved 
observations (over 2 million in total!) are included. Observation counts from each 
year are converted into a circular format and then averaged. The peak and median 
are then calculated from the averaged circular density data, as well as the day num-
bers on which 10%, 20%, 80% and 90% of the observations are made. A box plot is 
then generated from this data for each species. The flowering phenology is there-
fore determined on the basis of a percentile value (Van der Hak, 2022).

14.5.3	 Data alignment
The phenology data is aligned with the image data based on the exact time that 
the image was taken, as described in section 14.4. To analyse whether the phenol-
ogy data matches the wildflowers in the images, we selected two groups of com-
mon wildflowers; each group contains three species with high inter-class similarity. 
Figure 14.7 shows a sample of the selected species, while Table 14.1 describes the 
details of the two groups.

Figure 14.6	 An example of an EWD image sliced into tiles, taken from Schouten et al. (2024).  
The dashed lines show equally sized tiles. Note the difference in the number of cut 
wildflowers (Calty palustris in this case) between the two tiling schemes
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Table 14.1	 Selected flower species dataset description. Subspecies visually indistinguishable in the field 
are merged in the EWD dataset: Ranunculus acris and Ranunculus repens are labelled as 
Buttercup (aggregate), while Matricaria chamomilla and Matricaria maritima are labelled as 
Chamomile (aggregate)

Species Objects Images Image 
tiles

Dates

Buttercup (aggregate) 4192 190 1188 Apr 23,26,27; May 9,12, 
13,14,15,16,17,18,19,20,21, 
24,28,29,30; Jun 2,4,5, 
6,7,9,10,17,18,26;
Jul 9,26, Aug 18

Group 1 Caltha palustris 1201 50 432 Mar 23,24; Apr 3,4, 
6,9,10,14,15,23,26;  
May 9,12,21

Ficaria verna 817 31 208 Mar 16,23,24; Apr 2,14
Group 2 Bellis perennis

Chamomile (aggregate)
1429
2202

22
45

213
369

Mar 16; Apr 2,8; May 1,9, 
15,19,21,28; Jun 4;  
Aug 4,26
Apr 21; Jun 1,4,5,6;  
Jul 2,3,26,28; Aug 6,18

Leucanthemum vulgare 1424 48 327 May 10,11,14,16,28;  
Jun 1,5,7, 9,19; Aug 18;  
Sep 22

Figure 14.7	 Selected flower species grouped by visual similarity. Group 1: Buttercup (aggregate), 
Caltha palustris, Ficaria verna; Group 2: Bellis perennis, Chamomile (aggregate), 
Leucanthemum vulgare. Photos are crops randomly sampled from EWD
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Figure 14.8 shows an overview of the flowering phenology (top) and histograms 
of the distributions by day of the year (bottom) for each species in each group. 
All species are denoted by their botanical name. Species in Group 1 belong to the 
Ranunculaceae family with yellow flowers in blooming stage, while species in 
Group 2 belong to the Asteraceae family with flowerheads (white radial flowers and 
yellow disc flowers in the centre) in blooming stage. We can indeed observe dif-
ferent peaks for each species. The merged species labelled Buttercup (aggregate) 
have statistically similar flowering phenology estimates. Matricaria chamomilla 
and Matricaria maritima have different estimates, with the latter recurring all year 
round. We select the Matricaria chamomilla flowering phenology estimates for the 
merged species Chamomile (aggregate). Species objects are counted from 2021 and 
2022 images per day. More images of Buttercup (aggregate) and Chamomile (aggre-
gate) have been collected in a single day. The observations and flowering phenology 
peaks correlate in Group 1. In Group 2 there is more overlap for observations and 
flowering phenology peaks.

14.5.4	 Dataset splits
To avoid bias, we randomly selected images such that the total object amount 
matches that of the training-validation-test sets over all species. In object detec-
tion, a single image can contain observations of multiple objects as well as different 
types of objects, making it challenging to create a balanced dataset. If an image is 
selected because it contains a specific wildflower, it may also include other wild-
flowers incidentally. By providing the sample sizes for the training, validation and 
test sets, theoretically all permutations that achieve the exact desired numbers can 
be computed. However, this approach becomes exponentially time-consuming as 
the dataset grows larger. To address this issue, we use a trial-and-error approach, 
making numerous attempts and stopping early when a solution is found. With this 
approach, we randomly select images amounting to 550 objects for the training sets, 
100 objects for validation set, and 50 objects in test set for each selected species.

14.6	 Methodology

14.6.1	 Models
14.6.1.1	 Baselines
In line with the existing literature on flower monitoring (Gallmann et al., 2022; 
Hicks et al., 2021; Schouten et al., 2024), we propose using the Faster R-CNN object 
detection model as our main image-only baseline. We compare this with other 
state-of-the-art object detection models such as SSD and YOLOv8. Furthermore, 
we test the vision capabilities of the state-of-the-art Multimodal Large Language 
Model (MLLM) with vision (GPT-4v) (OpenAI, n.d.) and LLaVA-1.5 (Liu et al., 2023), 
which we do not fine-tune. We also investigate the classification performance from 

Faster R-CNN 
object detection 
model

Multimodal Large 
Language Model 
(MLLM)



222 Manolache and Schouten

just the phenology features with XGBoost classifier (Chen and Guestrin, 2016), as 
well as from just image classification, using ResNet-50 (He et al., 2016).

14.6.1.2	 Feature fusion
We proposed feature-level fusion combining features from images and flowering 
phenology into a single high-dimensional feature vector using concatenation (Cui, 
et al., 2023). To this end, we extended the Faster R-CNN architecture. Faster R-CNN 
works by first extracting feature vectors from a backbone CNN, after which the 
RPN (Region Proposal Network) generated region proposals in the image and a 
fixed-length feature vector for each region, which was in turn fed into successive 
fully connected layers, followed by two outputs: the species classification head 
and the BB location regression head. The classifier produced probability values 
of each proposed object belonging to n categories and one catch-all background 
category. The regressor head output four offsets (x, y, h, w) from the RPN more 
precisely, where (x, y) specified the values of the position of the left corner, and 
(h, w) the height and width of the window. The flowering phenology was passed 
into a 1-dimensional vector of length n in the classifier. The values of the flowering 
phenology feature vector were extracted from the flowering phenology graphs at 
a given image creation date and passed as input alongside the image. We concate-
nated feature vectors from each Faster R-CNN proposed region with the flowering 
phenology vector before feeding it to the classifier. During training, we computed 
the classification loss using cross-entropy. We used the image features from gener-
ated proposals for the BB regressor.

14.6.1.3	 Learned feature fusion model
We also proposed to simultaneously learn features from flowering phenology, then 
combined them with the image features. Although simple and effective, feature 
concatenation might not exploit the complex correlation between the heterogene-
ous modalities (Cui et al., 2023). We used the flower phenology 1-dimensional vec-
tor of length n categories to learn a vector of the same length as the image features, 
which we then combined. Thus, we processed the low-dimensional flowering phe-
nology features by fully connected layers to the same dimension of image features 
before fusion. To understand how different fusion operations impacted predictive 
performance, we experimented with three fusion operations: 1) concatenation,  
2) element-wise multiplication and 3) element-wise addition (Holste et al., 2021).

14.6.2	 Experimental setup
We trained separate models for each group for 30 epochs. We used five seeds for 
training-validation-test sets. Each experiment was run on training-validation-test 
sets from each seed and results reported the average. We only inferred the test set 
on the MLLMs. Training, validation and test sets followed the splitting described 
in Section 14.5. For the Faster R-CNN models the image features are learned with 
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ResNet-50 (He et al., 2016) with pre-trained weights, which performed best in wild-
flower detection studies (Patel and Patel, 2020; Schouten et al., 2024). We used the 
open-source PyTorch framework and the Faster-RCNN (Ren, 2016) and SSD (Liu 
et al., 2016) model, as provided in the TorchVision library. We used the Ultralytics 
framework for the YOLOv8 model. We leveraged the OpenAI API to utilize GPT-4v, 
the vision-enabled variant of the GPT-4 model and OllamaChat integrated with 
LLaVA v1.5, for the advanced image processing and analysis task. The Faster R-CNN 
classifier ResNet50 was fine-tuned for the image-only classification. Finally, for the 
phenology-only classification, we leveraged from the XGBoost library.

14.6.3	 Metrics
We measured object detection performance using COCO metrics (Lin et al., 2015), 
i.e. we reported the AP per class and the mAP over all classes at 0.50 and [0.50,0.95] 
interval with 0.05 step IoU threshold (see also Section 14.3.3). We also reported the 
coefficient matrix with confidence threshold over 0.75 and IoU threshold over 0.50. 
We reported the precision scores for the classification models after training. All 
scores were averaged over the five seeds. In addition, we used the non-parametric 
paired sample t-test to determine whether the different values across performance 
scores from each seed were statistically significant (at a significance level of 0.05) 
or occurred by chance.

14.7	 Results

Table 14.2 offers a holistic view of each model performance. We observe that fusion 
models outperform image-only models for both groups. This highlights the value 
of flowering phenology for our task. Precision increases significantly with addi-
tional features for the learned feature fusion with elementwise concatenation and 
addition variants (p < 0.1). The learned feature fusion method likely captures more 
nuanced relationships between learned features from both modalities and opti-
mizes the combination process, leading to improved performance compared to a 
simple concatenation approach. The variant using element-wise addition fusion 
had the best predictive performance, which could imply that the learned image 
and flowering phenology features were relevant and complementary.

Table 14.3 shows the AP scores per class for statistically different fusion mod-
els. Buttercup (aggregate) and Chamomile (aggregate) species have significantly 
higher AP scores in the learned feature fusion variants, which may indicate that 
there are significantly fewer missed detections and/or misclassifications. However, 
these scores describe the performance of object detection models based on  
both the accuracy of object localization and the ability to detect all instances of 
objects, and do not directly capture misclassifications. To better evaluate misclassi-
fication, Figure 14.9 shows the performance scores for each species in a confusion 
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Table 14.2	 Test results on Group 1 and Group 2 for all models averaged over five seeds. Best results 
are shown in bold

mAP

Model @.50IoU @[.50:.95]IoU

SSD 0.20 ± 0.04 0.09 ± 0.02
YOLOv8 0.70 ± 0.05 0.51 ± 0.03
Faster R-CNN 0.77 ± 0.07 0.59 ± 0.06

Group 1 Feature fusion w/Faster R-CNN 0.88 ± 0.04 0.67 ± 0.04
Learned feature fusion concatenation  
w/Faster R-CNN

0.89 ± 0.04 0.68 ± 0.04

Learned feature fusion multiplication  
w/Faster R-CNN

0.89 ± 0.04 0.68 ± 0.04

Learned feature fusion addition w/Faster 
R-CNN

0.90 ± 0.03 0.68 ± 0.04

SSD 0.24 ± 0.05 0.13 ± 0.04
YOLOv8 0.66 ± 0.11 0.48 ± 0.07
Faster R-CNN 0.67 ± 0.11 0.48 ± 0.07

Group 2 Feature fusion w/Faster R-CNN 0.69 ± 0.13 0.51 ± 0.10
Learned feature fusion concatenation  
w/Faster R-CNN

0.80 ± 0.07 0.58 ± 0.05

Learned feature fusion multiplication  
w/Faster R-CNN

0.74 ± 0.14 0.54 ± 0.08

Learned feature fusion addition w/Faster 
R-CNN

0.81 ± 0.08 0.68 ± 0.04

matrix averaged over five runs. We report baseline and elementwise addition 
learned feature fusion variant at confidence score over 0.75 and IoU threshold 
over 0.50. Interestingly, there are fewer missed detections in the fusion model at a 
0.75 confidence. This may indicate that more robust and generalizable features are 
learned with the addition of flowering phenology. There are also significantly fewer 
misclassifications in Group 1. There are slightly more misclassifications between 
Bellis perennis and Leucanthemum vulgare in the multimodal variant. This is pri-
marily caused by the training-validation-test splits which did not take into account 
image creation date distribution. There are more Bellis perennis image samples at 
the flowering phenology peak of Leucanthemum vulgare. In Group 1, data distri-
bution for each species matches flowering phenology peaks, hence the significant 
class differentiation. Thus, we suggest balancing training, validation and test set 
splits also on dates.
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Table 14.3	 Test results per species class for the image-only baseline and the best performing  
feature fusion models averaged over five seeds

mAP

Model @.50IoU @.75IoU @[.50:.95]IoU

Buttercup 
(aggregate)

Image-only
Learned feature fusion 
concatenation
Learned feature fusion 
addition

0.68 ± 0.09
0.84 ± 0.03 
0.83 ± 0.02

0.60 ± 0.09
0.78 ± 0.04
0.78 ± 0.03

0.50 ± 0.06
0.62 ± 0.02
0.62 ± 0.01

Caltha palustris Image-only
Learned feature fusion 
concatenation
Learned feature fusion 
addition

0.75 ± 0.05
0.92 ± 0.05
0.93 ± 0.03

0.68 ± 0.04
0.83 ± 0.09
0.82 ± 0.07

0.57 ± 0.03
0.68 ± 0.05
0.69 ± 0.05

Finca verna Image-only
Learned feature fusion 
concatenation
Learned feature fusion 
addition

0.88 ± 0.06
0.93 ± 0.03
0.93 ± 0.03

0.83 ± 0.10
0.86 ± 0.05
0.89 ± 0.06

0.70 ± 0.08
0.73 ± 0.05
0.73 ± 0.06

Bellis perennis Image-only
Learned feature fusion 
concatenation
Learned feature fusion 
addition

0.75 ± 0.08
0.84 ± 0.08
0.85 ± 0.06

0.62 ± 0.04
0.68 ± 0.06
0.72 ± 0.07

0.52 ± 0.03
0.58 ± 0.03
0.59 ± 0.03

Chamomile 
(aggregate)

Image-only
Learned feature fusion 
concatenation
Learned feature fusion 
addition

0.57 ± 0.13
0.77 ± 0.08
0.78 ± 0.11

0.46 ± 0.10
0.64 ± 0.08
0.65 ± 0.08

0.40 ± 0.09
0.55 ± 0.06
0.56 ± 0.06

Leucanthemum 
vulgare

Image-only
Learned feature fusion 
concatenation
Learned feature fusion 
addition

0.68 ± 0.13
0.80 ± 0.05
0.79 ± 0.06

0.61 ± 0.11
0.70 ± 0.08
0.69 ± 0.09

0.52 ± 0.10
0.61 ± 0.05
0.61 ± 0.06
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We also experimented with MLLMs, but we found lower performance for 
the task of object detection, as shown in Table 14.4. Recent inclusion of vision in 
MLLMs shows great potential indeed. However, the wildflower detection use case 
is still challenging for these models. While the largest MLLM, GPT-4v, can now 
identify and provide information about objects within images, it is still limited 
in object detection functionality. According to the OpenAI guide on GPT-4v, the 
model may give approximate counts for objects in images. After conducting some 
tests on GPT-4v, we found that the GPT-4v API and the GPT-4v web app version 
returned coordinates when given a direct prompt, but the coordinates were not 
correct. In both versions, just requesting counts worked better. However, when 
feeding the full resolution (6720 × 4480 pixels) EWD images, the model halluci-
nated. When feeding image tiles the counts were better approximated, but not for 
all images. We tested with the test datasets from each group. The current behaviour 
therefore shows that the model is capable of object detection but does not perform 
well. Recent approaches use the ‘classic’ computer vision model in tandem with 
GPT-4v as an object detection model. Thus, GPT-4v alone in its current state is not 
near object detection state of the art.

Open-source LLaVA is less efficient than GPT-4v as an object detection model. 
Similar to GPT-4v, when asked to generate the bounding box coordinates, the model 
seemed to hallucinate. Furthermore, the model is reluctant to give counts when 
flowers are cluttered and smaller. The model LLaVA also fails to correctly identify 
the visually similar species, which was expected as LlaVA is smaller than GPT-4v. 
However, unlike GPT-4v, the model can be fine-tuned. Ultimately, LLaVA is limited 
by hallucinations and weak in-depth reasoning common to many LMMs.

Table 14.4	 Test results on Group 1 and Group 2 for all classification models averaged over five 
seeds, hence average precision (AP)

Data Model AP

Group 1 Image
Image
Image
Phenology

GPT-4v*
LLaVA-1.5v*
ResNet50
XGBoost

0.68 ± 0.11 
0.27 ± 0.04
0.84 ± 0.02
1.00 ± 1.00

Group 2 Image
Image
Image
Phenology

GPT-4v*
LLaVA-1.5v* ResNet50
XGBoost

0.70 ± 0.19 
0.01 ± 0.01
0.86 ± 0.03
1.00 ± 1.00

* Models are not fine-tuned, only inferred on the test set.
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We also report the classification performance on the selected species. We used 
the same train-validation-test splits and trained two classifiers, using images 
only and phenology only. ResNet50 was trained on 30 epochs. We also inferred 
state-of-the-art MLLMs on the test set. We feed the box images, not the entire 
image, to the classifiers and MLLMs. The classifier using phenology always predicts 
the correct class. Training an image classifier is also more efficient with higher per-
formance scores. Object detection models are evaluated using metrics like mean 
mAP, which consider both classification accuracy and localization. These metrics 
are more stringent than those used for classification alone (such as accuracy or 
precision-recall), and as a result, they tend to reflect lower precision scores.

14.8	 Limitations

Firstly, flowering phenology estimates do not take into account recent rapid climate 
change trends, modelling an average of all observations over the last 21 years. In 
our study we use image data from 2021 and 2022. Generally, climate change will 
advance the timing of seasonal events for the majority of flowering plants, which is 
already well documented (Geissler et al., 2023). The flowering phenology estimates 
could perhaps be improved based on annual weather measurements for a better 
representation of the species encounter. Furthermore, reliable flowering phenol-
ogy estimates may not be publicly available for species worldwide. Nonetheless, 
monthly flower counts from citizen science platforms – like iNaturalist or the Dutch 
platform waarneming.nl – may be used to compute flowering phenology estimates 
similarly (Van der Hak, 2022). Subsequently, the image dataset has imbalanced 
sample dates. This is a limitation shared with other datasets, and a common issue 
in in-situ data collection.

Furthermore, the dataset may not include sufficient images with different back-
grounds, lighting conditions, and object poses. Data augmenting techniques such 
as random flipping, addition of noise, blur, contrast and brightness shifts can be 
leveraged to improve the robustness of the models (Rebuffi et al., 2021). Another 
limitation of our study might be the small training setup. However, training with 
more image data may not always improve model performance (Zhu et al., 2011). 
Nevertheless, the results of the multimodal models are still remarkable. Finally, the 
limited amount of annotated data currently available for object detection purposes 
related to wildflowers still proves to be a significant obstacle in current computer 
vision research.

14.9	 Conclusion

We propose a multimodal dataset and benchmark for wildflower monitoring using 
their flowering phenology estimates. The multimodal dataset includes high-quality 
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annotated wildflower images and flowering phenology estimates from the 
Netherlands. We detail the process of collecting and using the flowering phenology 
estimates. We also present results for the dataset on a range of data fusion vari-
ants. Extensive experiments have corroborated the effectiveness of our multimodal 
approach in reducing misclassification. We are planning a next version of the data-
set that will include flowering phenology that accounts for changes in climate over 
time. As this work is intended to directly impact wildflower monitoring, we hope 
such input will be valuable to researchers seeking to understand biodiversity and 
climate change, as well as policymakers interested in evaluating preservation prior-
ities across different areas of land.
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